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Abstract

Precipitation provides one of the most fundamental resources to humankind: freshwater.
Extreme precipitation, however, can be a threat through floods and landslides. It is,
therefore, crucial to determine the change of precipitation in the past, present, and future,
as well as its dominant drivers and how it is represented in climate models. Global mean
precipitation is projected to increase, with extreme precipitation expected to increase
even more. This increase is due to both thermodynamic and dynamic contributions,
with the latter being the main source of uncertainty. We therefore explore past and
future precipitation changes from a process and weather perspective in four studies,
using observations, reanalyses, and a climate model.

In Paper I, we use precipitation observations from Norway to investigate the chang-
ing precipitation characteristics over the past century. We find that precipitation in
Norway increased by 19% between 1900-2019, almost half of which occurred between
1980-1999. We use a simple diagnostic model to separate the contribution from changes
in vertical velocity (dynamic contribution), temperature (thermodynamic contribution),
and relative humidity to the changes in precipitation. The model shows that changes
and variability in the contribution from vertical velocity determine the long-term trend
and the interannual variability. We hypothesize that the changes in vertical velocity are
linked to variations in storminess in the North Atlantic, which increased during the same
period.

To further pinpoint the synoptic weather features responsible for precipitation, we in-
troduced a novel method for attributing precipitation to weather features in Paper II.
We attribute precipitation to cyclones, fronts, moisture transport axes (MTA, Atmo-
spheric river-like features in the midlatitudes), and cold air outbreaks, as well as their
combinations. Using the ERA5 reanalysis, we present the first global climatology of the
contributions of these features to seasonal (DJF and JJA) and extreme precipitation.
Most of the precipitation in the midlatitudes relates to the combination of cyclones,
fronts, and MTAs (28%), while in polar regions, most precipitation occurs within the
cyclone-only category (27%). Extreme precipitation events in all extratropical regions
are predominantly associated with the combination of cyclones, fronts, and MTAs (46%).
Moreover, in the midlatitudes, this combination of weather features occurs almost four
times more often during extreme events.

In Paper III, we use the same method as in Paper II to link projected changes in precip-
itation to changes in weather features. We attribute precipitation to weather features in
10 ensemble members of the CESM2-LE between 1950-2100 and decompose the change
into changes in intensity and frequency, as well as the contributions from the different
weather features. To gain confidence in the future projections, we first evaluate how

Abstract

Precipitationprovidesoneofthemostfundamentalresourcestohumankind:freshwater.
Extremeprecipitation,however,canbeathreatthroughfloodsandlandslides.Itis,
therefore,crucialtodeterminethechangeofprecipitationinthepast,present,andfuture,
aswellasitsdominantdriversandhowitisrepresentedinclimatemodels.Globalmean
precipitationisprojectedtoincrease,withextremeprecipitationexpectedtoincrease
evenmore.Thisincreaseisduetoboththermodynamicanddynamiccontributions,
withthelatterbeingthemainsourceofuncertainty.Wethereforeexplorepastand
futureprecipitationchangesfromaprocessandweatherperspectiveinfourstudies,
usingobservations,reanalyses,andaclimatemodel.

InPaperI,weuseprecipitationobservationsfromNorwaytoinvestigatethechang-
ingprecipitationcharacteristicsoverthepastcentury.Wefindthatprecipitationin
Norwayincreasedby19%between1900-2019,almosthalfofwhichoccurredbetween
1980-1999.Weuseasimplediagnosticmodeltoseparatethecontributionfromchanges
inverticalvelocity(dynamiccontribution),temperature(thermodynamiccontribution),
andrelativehumiditytothechangesinprecipitation.Themodelshowsthatchanges
andvariabilityinthecontributionfromverticalvelocitydeterminethelong-termtrend
andtheinterannualvariability.Wehypothesizethatthechangesinverticalvelocityare
linkedtovariationsinstorminessintheNorthAtlantic,whichincreasedduringthesame
period.

Tofurtherpinpointthesynopticweatherfeaturesresponsibleforprecipitation,wein-
troducedanovelmethodforattributingprecipitationtoweatherfeaturesinPaperII.
Weattributeprecipitationtocyclones,fronts,moisturetransportaxes(MTA,Atmo-
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Mostoftheprecipitationinthemidlatitudesrelatestothecombinationofcyclones,
fronts,andMTAs(28%),whileinpolarregions,mostprecipitationoccurswithinthe
cyclone-onlycategory(27%).Extremeprecipitationeventsinallextratropicalregions
arepredominantlyassociatedwiththecombinationofcyclones,fronts,andMTAs(46%).
Moreover,inthemidlatitudes,thiscombinationofweatherfeaturesoccursalmostfour
timesmoreoftenduringextremeevents.

InPaperIII,weusethesamemethodasinPaperIItolinkprojectedchangesinprecip-
itationtochangesinweatherfeatures.Weattributeprecipitationtoweatherfeaturesin
10ensemblemembersoftheCESM2-LEbetween1950-2100anddecomposethechange
intochangesinintensityandfrequency,aswellasthecontributionsfromthedifferent
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CESM2-LE represents the current climate compared to ERA5. We find that CESM2-LE
represents the precipitation associated with the different weather features and their com-
binations well. Projections reveal that the weather features that contribute the most to
precipitation in the current climate also contribute the most to the changes in precipi-
tation. The total frequency of precipitation is largely decreasing, whereas the intensity
contributes positively to the precipitation change. Along the stormtracks, only about
half of the projected intensity increase is due to an increase in the precipitation associ-
ated with the weather features, whereas the remaining precipitation is due to a shift in
which weather features cause the precipitation.

In Paper IV, we shifted the focus from mean precipitation to precipitation extremes. As
extreme precipitation is expected to increase more than the global mean, we quantify
the changes in 6-hourly precipitation intensity for all the different weather features using
the same setup as in Paper III. In the extratropics, we find that precipitation associated
with fronts increases substantially more than non-frontal precipitation for the higher
percentiles. This suggests that not all weather features are equally effective in converting
the additional atmospheric moisture content to precipitation.

Collectively, our four studies help to connect observed and projected changes in pre-
cipitation to synoptic processes in the atmosphere. Our novel method of attributing
precipitation to weather features and explicitly considering their various combinations
allows for a more nuanced interpretation of the precipitation changes.
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InPaperIV,weshiftedthefocusfrommeanprecipitationtoprecipitationextremes.As
extremeprecipitationisexpectedtoincreasemorethantheglobalmean,wequantify
thechangesin6-hourlyprecipitationintensityforallthedifferentweatherfeaturesusing
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withfrontsincreasessubstantiallymorethannon-frontalprecipitationforthehigher
percentiles.Thissuggeststhatnotallweatherfeaturesareequallyeffectiveinconverting
theadditionalatmosphericmoisturecontenttoprecipitation.
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allowsforamorenuancedinterpretationoftheprecipitationchanges.
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cipitation to synoptic processes in the atmosphere. Our novel method of attributing
precipitation to weather features and explicitly considering their various combinations
allows for a more nuanced interpretation of the precipitation changes.
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Sammendrag

Nedbør er kilden til en av de viktigste ressursene for mennesker: ferskvann. På den an-
dre siden kan ekstremnedbør utgjøre en trussel i form av flom og skred. Det er derfor
avgjørende å fastslå hvordan nedbøren har forandret seg i fortid, nåtid og fremtid, de
viktigste drivkreftene bak, samt om klimamodeller simulerer nedbøren realistisk. Den
globale gjennomsnittsnedbøren er forventet å øke under klimaendringer, og ekstremned-
bør enda mer. Denne økningen skyldes bidrag både fra termodynamiske og dynamiske
bidrag, der sistnevnte er den største kilden til usikkerhet. I de fire artiklene undersøker
vi historiske og fremtidige nedbørendringer fra et prosess- og værperspektiv ved hjelp av
observasjoner, reanalyse og en klimamodell.

I artikkel I bruker vi nedbørsobservasjoner fra hele Norge til å undersøke endringer i
nedbør det siste århundret. Vi finner at nedbøren økte med 19% i perioden 1900-2019,
hvorav nesten halvparten av økningen kom mellom 1980 og 1999. Vi bruker en enkel
diagnostisk modell for å tallfeste bidragene fra endringer i vertikalhastighet (dynamisk
bidrag), temperatur (termodynamisk bidrag) og relativ fuktighet til den observerte ned-
børsendringen. Modellen viser at det er variasjoner i bidraget fra vertikalhastigheten
som bestemmer den langsiktige trenden, i tillegg til variasjonene fra år til år. Perioden
hvor nedbøren øker mest, sammenfaller hvor lavtrykksaktiviteten i Nord-Atlanteren var
høy, og vi formoder at disse henger sammen.

I artikkel II forsøker vi å finne nøyaktig hvilke værfenomener som bidrar til nedbøren. Vi
tilskriver nedbør til lavtrykk, fronter, fuktighetstransportakser (FTA, som likner på at-
mosfæriske elver på midlere breddegrader) og kaldluftsutbrudd, samt kombinasjonene av
disse. Ved hjelp av ERA5-reanalysen presenterer vi den første globale klimatologien for
værfenomenenes bidrag til sesong- (sommer og vinter) og ekstremnedbør. Mesteparten
av nedbøren på midlere breddegrader skyldes kombinasjonen av lavtrykk, fronter, og
FTA-er (28%), mens lavtrykk er viktigst i polare strøk (27%). Nesten halvparten av alle
ekstreme nedbørshendelser utenfor tropene skyldes kombinasjonen av lavtrykk, fronter
og FTA-er, og denne kombinasjonen forekommer fire ganger så ofte under ekstreme ned-
børshendelser på midlere breddegrader.

I artikkel III bruker vi samme metode som i artikkel II for å knytte klimaframskrivninger
av nedbør til endringer i værfenomener. Vi tilskriver nedbør til værfenomener i 10
ensemble-medlemmer i klimamodellen CESM2-LE mellom 1950 og 2100. For å få tillit til
klimaframskrivningene evaluerer vi først hvorvidt CESM2-LE representerer dagens klima
sammenlignet med ERA5. CESM2-LE representerer de unike egenskapene til de ulike
kombinasjonene av værfenomenene godt. Framskrivningene viser at de værfenomenene
som bidrar mest til nedbør i dagens klima, også bidrar mest til nedbørsendringene. Det
blir færre antall nedbørshendelser, men intensiteten av hendelsene øker. Langs lavtrykks-

Sammendrag

Nedbørerkildentilenavdeviktigsteressurseneformennesker:ferskvann.Pådenan-
dresidenkanekstremnedbørutgjøreentrusseliformavflomogskred.Deterderfor
avgjørendeåfastslåhvordannedbørenharforandretsegifortid,nåtidogfremtid,de
viktigstedrivkreftenebak,samtomklimamodellersimulerernedbørenrealistisk.Den
globalegjennomsnittsnedbørenerforventetåøkeunderklimaendringer,ogekstremned-
børendamer.Denneøkningenskyldesbidragbådefratermodynamiskeogdynamiske
bidrag,dersistnevnteerdenstørstekildentilusikkerhet.Idefireartikleneundersøker
vihistoriskeogfremtidigenedbørendringerfraetprosess-ogværperspektivvedhjelpav
observasjoner,reanalyseogenklimamodell.

IartikkelIbrukervinedbørsobservasjonerfraheleNorgetilåundersøkeendringeri
nedbørdetsisteårhundret.Vifinneratnedbørenøktemed19%iperioden1900-2019,
hvoravnestenhalvpartenavøkningenkommellom1980og1999.Vibrukerenenkel
diagnostiskmodellforåtallfestebidragenefraendringerivertikalhastighet(dynamisk
bidrag),temperatur(termodynamiskbidrag)ogrelativfuktighettildenobservertened-
børsendringen.Modellenviseratdetervariasjoneribidragetfravertikalhastigheten
sombestemmerdenlangsiktigetrenden,itilleggtilvariasjonenefraårtilår.Perioden
hvornedbørenøkermest,sammenfallerhvorlavtrykksaktiviteteniNord-Atlanterenvar
høy,ogviformoderatdissehengersammen.

IartikkelIIforsøkerviåfinnenøyaktighvilkeværfenomenersombidrartilnedbøren.Vi
tilskrivernedbørtillavtrykk,fronter,fuktighetstransportakser(FTA,somliknerpåat-
mosfæriskeelverpåmidlerebreddegrader)ogkaldluftsutbrudd,samtkombinasjoneneav
disse.VedhjelpavERA5-reanalysenpresenterervidenførsteglobaleklimatologienfor
værfenomenenesbidragtilsesong-(sommerogvinter)ogekstremnedbør.Mesteparten
avnedbørenpåmidlerebreddegraderskyldeskombinasjonenavlavtrykk,fronter,og
FTA-er(28%),menslavtrykkerviktigstipolarestrøk(27%).Nestenhalvpartenavalle
ekstremenedbørshendelserutenfortropeneskyldeskombinasjonenavlavtrykk,fronter
ogFTA-er,ogdennekombinasjonenforekommerfiregangersåofteunderekstremened-
børshendelserpåmidlerebreddegrader.

IartikkelIIIbrukervisammemetodesomiartikkelIIforåknytteklimaframskrivninger
avnedbørtilendringeriværfenomener.Vitilskrivernedbørtilværfenomeneri10
ensemble-medlemmeriklimamodellenCESM2-LEmellom1950og2100.Foråfåtillittil
klimaframskrivningeneevaluererviførsthvorvidtCESM2-LErepresentererdagensklima
sammenlignetmedERA5.CESM2-LErepresentererdeunikeegenskapenetildeulike
kombinasjoneneavværfenomenenegodt.Framskrivningeneviseratdeværfenomenene
sombidrarmesttilnedbøridagensklima,ogsåbidrarmesttilnedbørsendringene.Det
blirfærreantallnedbørshendelser,menintensitetenavhendelseneøker.Langslavtrykks-
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banene skyldes nesten halvparten av intensitetsforandringen at det blir flere hendelser
av typen kombinasjonen lavtrykk, fronter, og FTA-er, mens intensitetsforandringen i de
enkelte kombinasjonene bidrar med resten.

I artikkel IV retter vi fokus mot endringer i ekstremnedbør. Ettersom ekstremnedbør
forventes å øke mer enn global gjennomsnittsnedbør, tallfester vi hvorvidt de ulike vær-
fenomenene er assosiert med ulik endring i nedbørintensitet. Utenfor tropiske strøk
finner vi at nedbør langs fronter øker betydelig mer en annen nedbør for de høyeste
prosentilene. Dette tyder på at ikke alle værfenomenene greier å ta utbytte av det økte
fuktighetsinnholdet i atmosfæren og gjøre det om til nedbør.

Samlet sett bidrar våre fire studier til å knytte historiske og fremtidige nedbørsendringer
til synoptiske prosesser i atmosfæren. Vi presenterer en ny metode for å tilskrive nedbør
til værfenomener. Ved eksplisitt å betrakte ulike kombinasjoner av værfenomener, bidrar
vi til en mer nyansert tolkning av nedbørsendringene.
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baneneskyldesnestenhalvpartenavintensitetsforandringenatdetblirflerehendelser
avtypenkombinasjonenlavtrykk,fronter,ogFTA-er,mensintensitetsforandringenide
enkeltekombinasjonenebidrarmedresten.

IartikkelIVrettervifokusmotendringeriekstremnedbør.Ettersomekstremnedbør
forventesåøkemerennglobalgjennomsnittsnedbør,tallfestervihvorvidtdeulikevær-
fenomeneneerassosiertmedulikendringinedbørintensitet.Utenfortropiskestrøk
finnerviatnedbørlangsfronterøkerbetydeligmerenannennedbørfordehøyeste
prosentilene.Dettetyderpåatikkealleværfenomenenegreieråtautbytteavdetøkte
fuktighetsinnholdetiatmosfærenoggjøredetomtilnedbør.

Samletsettbidrarvårefirestudiertilåknyttehistoriskeogfremtidigenedbørsendringer
tilsynoptiskeprosesseriatmosfæren.Vipresentererennymetodeforåtilskrivenedbør
tilværfenomener.Vedeksplisittåbetrakteulikekombinasjoneravværfenomener,bidrar
vitilenmernyanserttolkningavnedbørsendringene.
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1 Introduction

1.1 The role of precipitation in the global water cycle

Every minute, approximately 1000 billion kg of water precipitate onto Earth (or 2 mm/-
day, Trenberth et al., 2003). Freshwater is one of the most basic resource on Earth and
most of the freshwater available to humans comes from runoff after precipitation events
(Boberg, 2005). Most of the evaporation that eventually leads to precipitation comes
from the ocean and thus precipitation provides a net flux of freshwater from the oceans
to the continents (Trenberth et al., 2003). Moreover, about 60% of the world’s staple
food is produced from rain-fed fields (Molden et al., 2011). As precipitation patterns
may change in a changing climate, this can have profound implications for food produc-
tion as well as on the world’s water towers, such as the Indus, which provides freshwater
for more than 235 million people (Immerzeel et al., 2020).

Not only the pattern but also the characteristics of how precipitation changes are of
utmost importance. Steady moderate rain soaks into the soil and benefits plants, whereas
the same amount in a short amount of time can lead to flooding and landslides (Trenberth
et al., 2003). Precipitation is highly localized in time and space. In fact, it precipitates
only around 8% of the time over land outside the tropics (Trenberth and Zhang, 2018)
and between 40◦S to 40◦N half of the total annual precipitation falls within the 12 most
intensely precipitating days (Pendergrass and Knutti, 2018).

Given the importance of precipitation and the possible impacts of precipitation changes,
it is essential to assess its variability, its dominant drivers, and how it may change in the
future as the climate changes. Precipitation has changed and will continue to change in
a warmer and moister climate (Douville et al., 2023, and references therein), but there is
still uncertainty associated with the change of mean precipitation patterns as a response
to climate change (i.e., Chou et al., 2013).

1.2 Physical basis of precipitation change

For precipitation to occur, air must reach saturation to form droplets. Lifting an air
parcel is the most effective way of cooling a parcel such that it reaches the level of
condensation (Hartmann, 2016). Despite the process of forming precipitation occurring
on a vast range of scales, from what happens within the individual clouds at a droplet
scale (O(10−6)m) to the mechanisms providing lift for air to rise (O(106) m), precipitation
requires two fundamental ingredients: lift and moisture. Changes in precipitation are
therefore closely dependent on changes in moisture (thermodynamic) and lift (dynamic).

The atmospheric temperature determines the upper limit of water vapour content
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most of the freshwater available to humans comes from runoff after precipitation events
(Boberg, 2005). Most of the evaporation that eventually leads to precipitation comes
from the ocean and thus precipitation provides a net flux of freshwater from the oceans
to the continents (Trenberth et al., 2003). Moreover, about 60% of the world’s staple
food is produced from rain-fed fields (Molden et al., 2011). As precipitation patterns
may change in a changing climate, this can have profound implications for food produc-
tion as well as on the world’s water towers, such as the Indus, which provides freshwater
for more than 235 million people (Immerzeel et al., 2020).

Not only the pattern but also the characteristics of how precipitation changes are of
utmost importance. Steady moderate rain soaks into the soil and benefits plants, whereas
the same amount in a short amount of time can lead to flooding and landslides (Trenberth
et al., 2003). Precipitation is highly localized in time and space. In fact, it precipitates
only around 8% of the time over land outside the tropics (Trenberth and Zhang, 2018)
and between 40◦S to 40◦N half of the total annual precipitation falls within the 12 most
intensely precipitating days (Pendergrass and Knutti, 2018).

Given the importance of precipitation and the possible impacts of precipitation changes,
it is essential to assess its variability, its dominant drivers, and how it may change in the
future as the climate changes. Precipitation has changed and will continue to change in
a warmer and moister climate (Douville et al., 2023, and references therein), but there is
still uncertainty associated with the change of mean precipitation patterns as a response
to climate change (i.e., Chou et al., 2013).

1.2 Physical basis of precipitation change

For precipitation to occur, air must reach saturation to form droplets. Lifting an air
parcel is the most effective way of cooling a parcel such that it reaches the level of
condensation (Hartmann, 2016). Despite the process of forming precipitation occurring
on a vast range of scales, from what happens within the individual clouds at a droplet
scale (O(10−6)m) to the mechanisms providing lift for air to rise (O(106) m), precipitation
requires two fundamental ingredients: lift and moisture. Changes in precipitation are
therefore closely dependent on changes in moisture (thermodynamic) and lift (dynamic).

The atmospheric temperature determines the upper limit of water vapour content
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through the Clausius-Clapeyron (CC) relationship (Clausius, 1850). Thus, as the tem-
perature of Earth increases, so does the atmospheric moisture content, given that the
relative humidity stays constant. In that case, water vapour saturation pressure increases
at roughly 7%/K (Trenberth et al., 2003). This is the same rate at which extreme pre-
cipitation is expected to increase, as extreme precipitation is constrained by low-level
convergence (Allen and Ingram, 2002; Pall et al., 2007; Trenberth et al., 2003). Changes
in the atmospheric water vapour content through the CC-rate are referred to as the ther-
modynamic contribution to precipitation change. This contribution is uniform in space
and climate models show little spread, implying that climate models are rather certain
about this change (Pfahl et al., 2017).

Even though the thermodynamic contribution is expected to dominate the response in
extreme precipitation in the extratropics (Emori and Brown, 2005; Lu et al., 2014; Pfahl
et al., 2017), the dynamic contribution can either augment or counteract the precipitation
change. In O’Gorman and Schneider (2009)’s framework, the dynamic contribution
changes the condensation rate. The vertical velocity can change through the frequency
or location of cyclones, their associated fronts, changes in atmospheric stability, and even
through changes in humidity: The increased latent heating associated with the increased
moisture content of the atmosphere can invigorate the vertical velocity - but heating a
layer aloft also increases the stability below the level of maximum heating, stabilizing the
atmosphere. Hence, there are large uncertainties associated with the net effect of these
processes, and thus the dynamic contribution towards precipitation change is uncertain
(Pfahl et al., 2017).

Unlike extreme precipitation, global mean precipitation does not increase at the same
rate as the water vapour content of the atmosphere. Mitchell et al. (1987) was the first
to point out that the global mean precipitation increases at a lower rate and ascribed
this to the constraint imposed by radiative cooling. Increasing CO2 in the atmosphere
increases the efficiency of cooling to space; and thus more latent heat can be released
in the atmosphere (Mitchell et al., 1987). The energy budget has to be in balance on
interannual timescales, consequently, there cannot be more latent heat in the atmosphere
than what can be radiated to space. Global mean precipitation is, therefore, expected
to increase between 1-3%/K (Held et al., 2006), a considerably smaller rate than the
increase in atmospheric moisture content.

The different rates of changes in mean and extreme precipitation imply that the heavy
and extreme precipitation must increase at the expense of the lighter-intensity precipita-
tion (Trenberth, 2011). Thus, a warming of the atmosphere leads to a reduced frequency
of precipitation and the somewhat puzzling effect of climate change on precipitation
yielding simultaneously more drought and flooding.

1.3 Observed precipitation changes

The global mean temperature has increased by approximately 1K since 1850. Thus,
changes in precipitation might already be visible in the observational record.

However, precipitation is difficult to measure. Not only is it very localized in space
and time (it only rains 5-10% of the time Trenberth and Zhang, 2018), but collecting
precipitation is also difficult, as windy conditions can lead to undercatch (i.e., droplets
blow over or around the precipitation gauge rather than into it (Wolff et al., 2015)) and
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extremeprecipitationintheextratropics(EmoriandBrown,2005;Luetal.,2014;Pfahl
etal.,2017),thedynamiccontributioncaneitheraugmentorcounteracttheprecipitation
change.InO’GormanandSchneider(2009)’sframework,thedynamiccontribution
changesthecondensationrate.Theverticalvelocitycanchangethroughthefrequency
orlocationofcyclones,theirassociatedfronts,changesinatmosphericstability,andeven
throughchangesinhumidity:Theincreasedlatentheatingassociatedwiththeincreased
moisturecontentoftheatmospherecaninvigoratetheverticalvelocity-butheatinga
layeraloftalsoincreasesthestabilitybelowthelevelofmaximumheating,stabilizingthe
atmosphere.Hence,therearelargeuncertaintiesassociatedwiththeneteffectofthese
processes,andthusthedynamiccontributiontowardsprecipitationchangeisuncertain
(Pfahletal.,2017).

Unlikeextremeprecipitation,globalmeanprecipitationdoesnotincreaseatthesame
rateasthewatervapourcontentoftheatmosphere.Mitchelletal.(1987)wasthefirst
topointoutthattheglobalmeanprecipitationincreasesatalowerrateandascribed
thistotheconstraintimposedbyradiativecooling.IncreasingCO2intheatmosphere
increasestheefficiencyofcoolingtospace;andthusmorelatentheatcanbereleased
intheatmosphere(Mitchelletal.,1987).Theenergybudgethastobeinbalanceon
interannualtimescales,consequently,therecannotbemorelatentheatintheatmosphere
thanwhatcanberadiatedtospace.Globalmeanprecipitationis,therefore,expected
toincreasebetween1-3%/K(Heldetal.,2006),aconsiderablysmallerratethanthe
increaseinatmosphericmoisturecontent.

Thedifferentratesofchangesinmeanandextremeprecipitationimplythattheheavy
andextremeprecipitationmustincreaseattheexpenseofthelighter-intensityprecipita-
tion(Trenberth,2011).Thus,awarmingoftheatmosphereleadstoareducedfrequency
ofprecipitationandthesomewhatpuzzlingeffectofclimatechangeonprecipitation
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changing the measuring system can lead to breakpoints in the time series (Hanssen-Bauer
and Førland, 1994). Before 1950, there were few weather stations globally and only over
land. Thus, determining long-term trends over larger regions, or even globally, is thus
virtually impossible (Westra et al., 2013).

Precipitation changes on a regional scale are often dominated by internal variability
(Knutson and Zeng, 2018). Long-term precipitation trends are mostly non-significant,
except for a few regions such as Scandinavia, parts of Russia and North America, the
La-Plata basin in South America, and North Australia (Douville et al., 2023).

Observations largely confirm the aforementioned notion that extremes increase more
than the mean. Karl and Knight (1998) found that precipitation increased between 10%
between 1910-1998 in the US and that heavy precipitation increased at the expense of
the lower percentiles. Whenever there are statistically significant regional changes, the
relative changes in extreme precipitation are of the same sign and are stronger than that
of the mean (Easterling et al., 2000). In other regions, the mean precipitation did not
change, but the extremes did (Easterling et al., 2000).

Seneviratne et al. (2023) summarized all the studies on changes in extreme precipitation
between 1950-2020 and found an increase in most regions with sufficient coverage since
the 1950s. Westra et al. (2013) examined changes in annual maximum daily precipitation
(Rx1day) and found a positive relationship between the global mean temperature and
the extreme precipitation. Although the average Rx1day intensity response largely fol-
lowed the 7%/K-response (∼CC-scale), they found large spatial dependency. The tropics
were the most sensitive, followed by the midlatitudes. The NH midlatitudes showed an
increase of 10% per degree warming, indicating that the thermodynamics may not be the
only contributor to the observed changes in extreme precipitation (Westra et al., 2013).

A quantification of the relative impact of thermodynamic and dynamic on changes in
the mean precipitation is, however, missing in the literature. We use precipitation ob-
servations from Norway, which has an unusually long and complete precipitation time
series due to Norway’s interest in hydropower. Precipitation in Norway increased by
18% between 1900-2014 (Hanssen-Bauer et al., 2017), but both the CMIP3 and the
CMIP6 models projected a considerably smaller trend than the observed one (van Haren
et al., 2013; Vicente-Serrano et al., 2021). Norway is located at the end of the North
Atlantic stormtrack and is thereby heavily influenced by synoptic-scale systems. In Pa-
per I, we quantify the contribution from changes in thermodynamics and dynamics to
precipitation changes between 1900-2019 in Norway. Additionally, we investigate the pre-
cipitation change in terms of frequency and intensity, as well as the changes in extreme
precipitation.

1.4 The importance of weather features for precipitation

Although decomposing the precipitation change into a thermodynamic and dynamic
component yields important insight into the precipitation changes, it neither provides a
link to the driving mechanisms, nor to the dominant features controlling the day-to-day
variability in precipitation.

Poleward of 30◦, low-pressure systems in the atmosphere transport the bulk of heat
and moisture to higher latitudes (Hartmann, 2016). The maximum precipitation in the
midlatitudes coincides with the major oceanic stormtracks (Figure 1.1). The stormtracks
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mark the climatological paths of cyclones – where cyclones are born, propagate and
dissipate (Chang et al., 2002). These cyclones tend to form in the western part of the
midlatitude ocean basins before moving east with the mean westerly upper-level winds.
Extratropical cyclones are areas of large-scale ascent and are associated with 80% of
the precipitation in the northern hemisphere midlatitudes (Hawcroft et al., 2012). These
cyclones either form on existing fronts or are accompanied by fronts during much of their
lifecycle (Schemm et al., 2018).

While precipitation in the Northern Hemisphere is strongest in the western margins
of the North Atlantic and the North Pacific, precipitation is strong at all longitudes
in the Southern Hemisphere, due to the lack of continents causing zonal asymmetries
(Hartmann, 2016).

The most intense precipitation in cyclones tends to occur along their fronts, which are
identified as regions of an enhanced temperature and moisture gradient (although other
parameters can also be used, see Thomas and Schultz (2019) for an overview). Fronts
are associated with vertical velocities, because of the sloping isentropes (lines of constant
potential temperature) as well as a thermally direct circulation (warm air rises and cool
air sinks) across the front, which leads to intense upward motion. Fronts contribute to
more than 40% of the midlatitude precipitation, but locally up to 80% in the stormtrack
region (Catto et al., 2012; Hénin et al., 2019). Additionally, the most intense precipitation
is associated with the co-occurrence of cyclones and fronts (Dowdy and Catto, 2017; Pfahl
and Wernli, 2012).

Low-level moisture convergence ahead of cold fronts leads to filaments of locally en-
hanced integrated water vapour transport, often referred to as atmospheric rivers (AR
Dacre et al., 2015). ARs account for more than 90% of the meridional transport of wa-
ter vapour despite covering less than 10% of the Earth’s circumference (Zhu and Newell,
1998). Heavy precipitation often ensues when the AR feeds the warm conveyor belt
of the extratropical cyclone or intersects with a mountain range (Gimeno et al., 2016).
Consequently, ARs have received a lot of attention for their relevance for extreme pre-
cipitation in California, Antarctica, the British Isles, Western Norway, and Australia
(Benedict et al., 2019; Gorodetskaya et al., 2014; Lavers and Villarini, 2013; Michel
et al., 2021; Ralph et al., 2006; Reid et al., 2022).

Lastly, ETCs tend to draw cold air from the continents over the relatively warmer water,
such as over the Gulf Stream in winter, leading to Cold Air Outbreaks (CAOs). CAOs
also occur when very cold air flows from the sea ice over the warmer water. Because the
air is so cold, these events are associated with intense air-sea heat fluxes (Papritz et al.,
2015), leading to atmospheric convection and subsequent precipitation, which maximizes
as the flow intersects with topography downstream (Papritz and Sodemann, 2018).

1.4.1 Case study example: Bergen November 2013

To illustrate the importance of weather features (extratropical cyclones, fronts, and ARs)
for precipitation, we present the synoptic situation on 15 November 2013, when it rained
56 mm in 6 hours at Florida, Bergen. A band of precipitation associated with a front
extends across the entire domain in the North Atlantic (Figure 1.2). The front is tied
to an extratropical cyclone in the middle of the domain close to Iceland. A band of
locally enhanced integrated water vapour transport is located on the warm side of the
front, resembling the structure of an AR. The yellow line marks the line of a well-defined
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2015),leadingtoatmosphericconvectionandsubsequentprecipitation,whichmaximizes
astheflowintersectswithtopographydownstream(PapritzandSodemann,2018).

1.4.1Casestudyexample:BergenNovember2013

Toillustratetheimportanceofweatherfeatures(extratropicalcyclones,fronts,andARs)
forprecipitation,wepresentthesynopticsituationon15November2013,whenitrained
56mmin6hoursatFlorida,Bergen.Abandofprecipitationassociatedwithafront
extendsacrosstheentiredomainintheNorthAtlantic(Figure1.2).Thefrontistied
toanextratropicalcycloneinthemiddleofthedomainclosetoIceland.Abandof
locallyenhancedintegratedwatervapourtransportislocatedonthewarmsideofthe
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1.4.1 Case study example: Bergen November 2013

To illustrate the importance of weather features (extratropical cyclones, fronts, and ARs)
for precipitation, we present the synoptic situation on 15 November 2013, when it rained
56 mm in 6 hours at Florida, Bergen. A band of precipitation associated with a front
extends across the entire domain in the North Atlantic (Figure 1.2). The front is tied
to an extratropical cyclone in the middle of the domain close to Iceland. A band of
locally enhanced integrated water vapour transport is located on the warm side of the
front, resembling the structure of an AR. The yellow line marks the line of a well-defined
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marktheclimatologicalpathsofcyclones–wherecyclonesareborn,propagateand
dissipate(Changetal.,2002).Thesecyclonestendtoforminthewesternpartofthe
midlatitudeoceanbasinsbeforemovingeastwiththemeanwesterlyupper-levelwinds.
Extratropicalcyclonesareareasoflarge-scaleascentandareassociatedwith80%of
theprecipitationinthenorthernhemispheremidlatitudes(Hawcroftetal.,2012).These
cycloneseitherformonexistingfrontsorareaccompaniedbyfrontsduringmuchoftheir
lifecycle(Schemmetal.,2018).

WhileprecipitationintheNorthernHemisphereisstrongestinthewesternmargins
oftheNorthAtlanticandtheNorthPacific,precipitationisstrongatalllongitudes
intheSouthernHemisphere,duetothelackofcontinentscausingzonalasymmetries
(Hartmann,2016).

Themostintenseprecipitationincyclonestendstooccuralongtheirfronts,whichare
identifiedasregionsofanenhancedtemperatureandmoisturegradient(althoughother
parameterscanalsobeused,seeThomasandSchultz(2019)foranoverview).Fronts
areassociatedwithverticalvelocities,becauseoftheslopingisentropes(linesofconstant
potentialtemperature)aswellasathermallydirectcirculation(warmairrisesandcool
airsinks)acrossthefront,whichleadstointenseupwardmotion.Frontscontributeto
morethan40%ofthemidlatitudeprecipitation,butlocallyupto80%inthestormtrack
region(Cattoetal.,2012;Héninetal.,2019).Additionally,themostintenseprecipitation
isassociatedwiththeco-occurrenceofcyclonesandfronts(DowdyandCatto,2017;Pfahl
andWernli,2012).

Low-levelmoistureconvergenceaheadofcoldfrontsleadstofilamentsoflocallyen-
hancedintegratedwatervapourtransport,oftenreferredtoasatmosphericrivers(AR
Dacreetal.,2015).ARsaccountformorethan90%ofthemeridionaltransportofwa-
tervapourdespitecoveringlessthan10%oftheEarth’scircumference(ZhuandNewell,
1998).HeavyprecipitationoftenensueswhentheARfeedsthewarmconveyorbelt
oftheextratropicalcycloneorintersectswithamountainrange(Gimenoetal.,2016).
Consequently,ARshavereceivedalotofattentionfortheirrelevanceforextremepre-
cipitationinCalifornia,Antarctica,theBritishIsles,WesternNorway,andAustralia
(Benedictetal.,2019;Gorodetskayaetal.,2014;LaversandVillarini,2013;Michel
etal.,2021;Ralphetal.,2006;Reidetal.,2022).

Lastly,ETCstendtodrawcoldairfromthecontinentsovertherelativelywarmerwater,
suchasovertheGulfStreaminwinter,leadingtoColdAirOutbreaks(CAOs).CAOs
alsooccurwhenverycoldairflowsfromtheseaiceoverthewarmerwater.Becausethe
airissocold,theseeventsareassociatedwithintenseair-seaheatfluxes(Papritzetal.,
2015),leadingtoatmosphericconvectionandsubsequentprecipitation,whichmaximizes
astheflowintersectswithtopographydownstream(PapritzandSodemann,2018).

1.4.1Casestudyexample:BergenNovember2013

Toillustratetheimportanceofweatherfeatures(extratropicalcyclones,fronts,andARs)
forprecipitation,wepresentthesynopticsituationon15November2013,whenitrained
56mmin6hoursatFlorida,Bergen.Abandofprecipitationassociatedwithafront
extendsacrosstheentiredomainintheNorthAtlantic(Figure1.2).Thefrontistied
toanextratropicalcycloneinthemiddleofthedomainclosetoIceland.Abandof
locallyenhancedintegratedwatervapourtransportislocatedonthewarmsideofthe
front,resemblingthestructureofanAR.Theyellowlinemarksthelineofawell-defined
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Figure 1.1: Annual mean accumulated precipitation based on ERA5.

maximum transport of water vapour, which we refer to as a moisture transport axes
(Spensberger et al., 2023, Preprint).

Thus, the two ingredients for heavy precipitation are present in Western Norway: lift,
generated by both the flow over topography and the front, and moisture, as indicated
by the presence of an atmospheric river and the moisture transport axis. The large-scale
flow is steered towards the topography of western Norway, both by the low-pressure
system between Norway and Svalbard and by the anticyclone close to Great Britain.
The dipole of low pressure to the north and high pressure to the south is typical for
heavy precipitation events in Norway (Azad and Sorteberg, 2017). In this case, the
angle of the wind, as well as the moisture transport axis, is orthogonal to the coastline
and topography, providing the best conditions for lift and intense precipitation.

1.4.2 Attributing precipitation to weather features

While it has been established that precipitation in extratropical regions primarily stems
from weather features, the intricate interactions between these features and their impli-
cations for precipitation characteristics remain unclear.

Fronts and ARs often accompany an ETC and the most extreme precipitation tends
to be associated with the co-occurrence of cyclones and fronts (Catto and Pfahl, 2013;
Dowdy and Catto, 2017). Despite the attention ARs have gained for their importance
in extreme precipitation events (Benedict et al., 2019; Lavers and Villarini, 2013; Michel
et al., 2021; Ralph et al., 2004, 2006; Reid et al., 2022), their relation to global mean
precipitation remains unclear.

Hitherto, the methods developed to attribute precipitation to weather features rely on
a radius of influence of the weather system (Catto et al., 2012; Hawcroft et al., 2012;
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maximumtransportofwatervapour,whichwerefertoasamoisturetransportaxes
(Spensbergeretal.,2023,Preprint).

Thus,thetwoingredientsforheavyprecipitationarepresentinWesternNorway:lift,
generatedbyboththeflowovertopographyandthefront,andmoisture,asindicated
bythepresenceofanatmosphericriverandthemoisturetransportaxis.Thelarge-scale
flowissteeredtowardsthetopographyofwesternNorway,bothbythelow-pressure
systembetweenNorwayandSvalbardandbytheanticycloneclosetoGreatBritain.
Thedipoleoflowpressuretothenorthandhighpressuretothesouthistypicalfor
heavyprecipitationeventsinNorway(AzadandSorteberg,2017).Inthiscase,the
angleofthewind,aswellasthemoisturetransportaxis,isorthogonaltothecoastline
andtopography,providingthebestconditionsforliftandintenseprecipitation.
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6 Introduction

Figure 1.2: Synoptic situation leading to the 71 mm measured in Bergen during 15 November
2013 21:00 UTC. a) Precipitation in shading, mean sea level pressure in contours. b) Integrated
water vapour transport in shading, yellow line marks the axis of maximum transport, a so-called
moisture transport axis. The black contour marks the 250kg/m2/s-contour, a typical threshold
used in atmospheric river-detection schemes. c) detected weather features, blue: fronts, yellow:
moisture transport axis, cerise: ETCs, and brown: cold air outbreaks. Shading in black is the
precipitation, as in a).

Hénin et al., 2019; Rüdisühli et al., 2020; Utsumi et al., 2017), rendering the method
sensitive to this subjectively chosen radius. In Paper II, we introduce a new method to
attribute precipitation to weather features globally, overcoming some of the challenges
and limitations of the existing methods.

In addition, we include moisture transport axes, which resemble atmospheric rivers in the
midlatitudes, as a weather feature in the attribution method in Paper II. We allow the
features to overlap and can thus determine how the interactions of the different weather
features shape the precipitation characteristics.

1.5 Projected Precipitation Changes

The global mean precipitation is projected to increase by 1.7±0.6 % K−1 (Rehfeld et al.,
2020). The relationship between global surface air temperature is known as the ap-
parent hydrological sensitivity. The apparent hydrological sensitivity is, as previously
mentioned, radiatively constrained, and is therefore quite certain (Pendergrass, 2013).
However, there are large spatial variability and uncertainty, and disagreement between
models on a regional scale (Chou et al., 2013).

Nonetheless, the large-scale pattern of precipitation change can be explained by the dry-
get-drier-wet-get-wetter pattern, at least over the oceans (Byrne and O’Gorman, 2015).
Global warming increases the water vapour content in the atmosphere, enhancing mois-
ture convergence in the already wet regions and divergence in the already dry regions.
Thus, the overall precipitation pattern in Figure 1.1 would be enhanced.

The already dry regions in the subtropics are projected to become even drier. The
decreasing trend in these precipitation regions is caused by an increase in the number of
dry days, which in most subtropical semi-arid regions is projected to increase markedly
(10-15%, Polade et al., 2014) due to an expansion of the Hadley Cell (Laua and Kim,
2015). Poleward of 40◦ and in the tropics, both the change in frequency and intensity
drive the future changes (Polade et al., 2014).
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modelsonaregionalscale(Chouetal.,2013).

Nonetheless,thelarge-scalepatternofprecipitationchangecanbeexplainedbythedry-
get-drier-wet-get-wetterpattern,atleastovertheoceans(ByrneandO’Gorman,2015).
Globalwarmingincreasesthewatervapourcontentintheatmosphere,enhancingmois-
tureconvergenceinthealreadywetregionsanddivergenceinthealreadydryregions.
Thus,theoverallprecipitationpatterninFigure1.1wouldbeenhanced.
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drydays,whichinmostsubtropicalsemi-aridregionsisprojectedtoincreasemarkedly
(10-15%,Poladeetal.,2014)duetoanexpansionoftheHadleyCell(LauaandKim,
2015).Polewardof40◦andinthetropics,boththechangeinfrequencyandintensity
drivethefuturechanges(Poladeetal.,2014).

6Introduction

Figure1.2:Synopticsituationleadingtothe71mmmeasuredinBergenduring15November
201321:00UTC.a)Precipitationinshading,meansealevelpressureincontours.b)Integrated
watervapourtransportinshading,yellowlinemarkstheaxisofmaximumtransport,aso-called
moisturetransportaxis.Theblackcontourmarksthe250kg/m2/s-contour,atypicalthreshold
usedinatmosphericriver-detectionschemes.c)detectedweatherfeatures,blue:fronts,yellow:
moisturetransportaxis,cerise:ETCs,andbrown:coldairoutbreaks.Shadinginblackisthe
precipitation,asina).

Héninetal.,2019;Rüdisühlietal.,2020;Utsumietal.,2017),renderingthemethod
sensitivetothissubjectivelychosenradius.InPaperII,weintroduceanewmethodto
attributeprecipitationtoweatherfeaturesglobally,overcomingsomeofthechallenges
andlimitationsoftheexistingmethods.

Inaddition,weincludemoisturetransportaxes,whichresembleatmosphericriversinthe
midlatitudes,asaweatherfeatureintheattributionmethodinPaperII.Weallowthe
featurestooverlapandcanthusdeterminehowtheinteractionsofthedifferentweather
featuresshapetheprecipitationcharacteristics.

1.5ProjectedPrecipitationChanges

Theglobalmeanprecipitationisprojectedtoincreaseby1.7±0.6%K−1(Rehfeldetal.,
2020).Therelationshipbetweenglobalsurfaceairtemperatureisknownastheap-
parenthydrologicalsensitivity.Theapparenthydrologicalsensitivityis,aspreviously
mentioned,radiativelyconstrained,andisthereforequitecertain(Pendergrass,2013).
However,therearelargespatialvariabilityanduncertainty,anddisagreementbetween
modelsonaregionalscale(Chouetal.,2013).

Nonetheless,thelarge-scalepatternofprecipitationchangecanbeexplainedbythedry-
get-drier-wet-get-wetterpattern,atleastovertheoceans(ByrneandO’Gorman,2015).
Globalwarmingincreasesthewatervapourcontentintheatmosphere,enhancingmois-
tureconvergenceinthealreadywetregionsanddivergenceinthealreadydryregions.
Thus,theoverallprecipitationpatterninFigure1.1wouldbeenhanced.

Thealreadydryregionsinthesubtropicsareprojectedtobecomeevendrier.The
decreasingtrendintheseprecipitationregionsiscausedbyanincreaseinthenumberof
drydays,whichinmostsubtropicalsemi-aridregionsisprojectedtoincreasemarkedly
(10-15%,Poladeetal.,2014)duetoanexpansionoftheHadleyCell(LauaandKim,
2015).Polewardof40◦andinthetropics,boththechangeinfrequencyandintensity
drivethefuturechanges(Poladeetal.,2014).

6 Introduction

Figure 1.2: Synoptic situation leading to the 71 mm measured in Bergen during 15 November
2013 21:00 UTC. a) Precipitation in shading, mean sea level pressure in contours. b) Integrated
water vapour transport in shading, yellow line marks the axis of maximum transport, a so-called
moisture transport axis. The black contour marks the 250kg/m2/s-contour, a typical threshold
used in atmospheric river-detection schemes. c) detected weather features, blue: fronts, yellow:
moisture transport axis, cerise: ETCs, and brown: cold air outbreaks. Shading in black is the
precipitation, as in a).

Hénin et al., 2019; Rüdisühli et al., 2020; Utsumi et al., 2017), rendering the method
sensitive to this subjectively chosen radius. In Paper II, we introduce a new method to
attribute precipitation to weather features globally, overcoming some of the challenges
and limitations of the existing methods.

In addition, we include moisture transport axes, which resemble atmospheric rivers in the
midlatitudes, as a weather feature in the attribution method in Paper II. We allow the
features to overlap and can thus determine how the interactions of the different weather
features shape the precipitation characteristics.

1.5 Projected Precipitation Changes

The global mean precipitation is projected to increase by 1.7±0.6 % K−1 (Rehfeld et al.,
2020). The relationship between global surface air temperature is known as the ap-
parent hydrological sensitivity. The apparent hydrological sensitivity is, as previously
mentioned, radiatively constrained, and is therefore quite certain (Pendergrass, 2013).
However, there are large spatial variability and uncertainty, and disagreement between
models on a regional scale (Chou et al., 2013).

Nonetheless, the large-scale pattern of precipitation change can be explained by the dry-
get-drier-wet-get-wetter pattern, at least over the oceans (Byrne and O’Gorman, 2015).
Global warming increases the water vapour content in the atmosphere, enhancing mois-
ture convergence in the already wet regions and divergence in the already dry regions.
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The already dry regions in the subtropics are projected to become even drier. The
decreasing trend in these precipitation regions is caused by an increase in the number of
dry days, which in most subtropical semi-arid regions is projected to increase markedly
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a thermodynamic and dynamic contributions. Lu et al. (2014) found that the scaling
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meridional structure of the change in daily precipitation. The importance of the dynamic
component in explaining the regional pattern of precipitation is consistent with Pfahl
et al. (2017). However, few studies have considered the impact of changing synoptic
scale systems on precipitation changes.

1.5.1 Projected changes to synoptic-scale systems

Extratropical cyclones

Because the Arctic warms more than the equator at the lower levels, known as Arctic
Amplification, the overall meridional baroclinicity reduces (Catto et al., 2019). The
number of extratropical cyclones (ETCs) is therefore projected to decrease in both DJF
and JJA in the SSP5-8.5 scenario in the NH by the end of the century (Priestley and
Catto, 2022).

As the moisture in the atmosphere increases, the latent heat release also increases. This
diabatic heating is thought to intensify ETCs through its effect on stratification, vertical
motion, and sea level pressure (Catto et al., 2019, and references therein). Despite this
possible intensification mechanism, studies have found little change in the strength of
ETCs, either as measured by the maximum wind, mean sea level pressure, or vorticity
(Bengtsson et al., 2009; Catto et al., 2011; Kodama et al., 2019; Yettella and Kay, 2017;
Zappa et al., 2013). However, precipitation associated with ETCs is projected to increase
(Bengtsson et al., 2009; Hawcroft et al., 2012; Yettella and Kay, 2017). Because the
changes in the dynamical strength of the cyclone are small, most of the studies ascribe
the increased ETC precipitation to changes in thermodynamic rather than dynamic
changes in the ETC (Hawcroft et al., 2018; Kodama et al., 2019; Yettella and Kay,
2017).

As the atmosphere warms in the upper levels, the stability increases, which inhibits
vertical velocity. Even though the background stability increases, the latent heating
can also enhance the vertical motion. Tamarin-Brodsky and Hadas (2019) found that
the decrease in stability from the latent heating within the most intense cyclones was
stronger than the overall increase in the background stability. Priestley and Catto (2022)
found that the upper-level divergence increased in cyclones, most likely associated with
an increase in the vertical velocity of the cyclone. The maximum increase in divergence
occurred in the warm sector of the cyclone, with a smaller decrease in the convergence
behind the cold front, associated with subsidence, indicating an increased asymmetry of
the vertical velocities in future cyclones (Priestley and Catto, 2022), consistent with the
findings of Tamarin-Brodsky and Hadas (2019). The asymmetry of the vertical motions
is expected to intensify in a warmer climate, which could locally enhance precipitation
beyond the CC-scaling (Tamarin-Brodsky and Hadas, 2019).

Fronts

Fronts are an important feature of extratropical cyclones, but their changes have been
considerably less studied than changes in ETCs. CMIP5 models project the number of
fronts over large parts of the NH to decrease (Catto et al., 2014), while frontal activity is
expected to increase over the Southern Ocean (Blázquez and Solman, 2018). However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,

1.5 Projected Precipitation Changes 7

Many studies have decomposed the changes in extreme precipitation into changes in
a thermodynamic and dynamic contributions. Lu et al. (2014) found that the scaling
for the different percentiles showed the importance of circulation change in shaping the
meridional structure of the change in daily precipitation. The importance of the dynamic
component in explaining the regional pattern of precipitation is consistent with Pfahl
et al. (2017). However, few studies have considered the impact of changing synoptic
scale systems on precipitation changes.

1.5.1 Projected changes to synoptic-scale systems

Extratropical cyclones

Because the Arctic warms more than the equator at the lower levels, known as Arctic
Amplification, the overall meridional baroclinicity reduces (Catto et al., 2019). The
number of extratropical cyclones (ETCs) is therefore projected to decrease in both DJF
and JJA in the SSP5-8.5 scenario in the NH by the end of the century (Priestley and
Catto, 2022).

As the moisture in the atmosphere increases, the latent heat release also increases. This
diabatic heating is thought to intensify ETCs through its effect on stratification, vertical
motion, and sea level pressure (Catto et al., 2019, and references therein). Despite this
possible intensification mechanism, studies have found little change in the strength of
ETCs, either as measured by the maximum wind, mean sea level pressure, or vorticity
(Bengtsson et al., 2009; Catto et al., 2011; Kodama et al., 2019; Yettella and Kay, 2017;
Zappa et al., 2013). However, precipitation associated with ETCs is projected to increase
(Bengtsson et al., 2009; Hawcroft et al., 2012; Yettella and Kay, 2017). Because the
changes in the dynamical strength of the cyclone are small, most of the studies ascribe
the increased ETC precipitation to changes in thermodynamic rather than dynamic
changes in the ETC (Hawcroft et al., 2018; Kodama et al., 2019; Yettella and Kay,
2017).

As the atmosphere warms in the upper levels, the stability increases, which inhibits
vertical velocity. Even though the background stability increases, the latent heating
can also enhance the vertical motion. Tamarin-Brodsky and Hadas (2019) found that
the decrease in stability from the latent heating within the most intense cyclones was
stronger than the overall increase in the background stability. Priestley and Catto (2022)
found that the upper-level divergence increased in cyclones, most likely associated with
an increase in the vertical velocity of the cyclone. The maximum increase in divergence
occurred in the warm sector of the cyclone, with a smaller decrease in the convergence
behind the cold front, associated with subsidence, indicating an increased asymmetry of
the vertical velocities in future cyclones (Priestley and Catto, 2022), consistent with the
findings of Tamarin-Brodsky and Hadas (2019). The asymmetry of the vertical motions
is expected to intensify in a warmer climate, which could locally enhance precipitation
beyond the CC-scaling (Tamarin-Brodsky and Hadas, 2019).

Fronts

Fronts are an important feature of extratropical cyclones, but their changes have been
considerably less studied than changes in ETCs. CMIP5 models project the number of
fronts over large parts of the NH to decrease (Catto et al., 2014), while frontal activity is
expected to increase over the Southern Ocean (Blázquez and Solman, 2018). However,

1.5 Projected Precipitation Changes 7

Many studies have decomposed the changes in extreme precipitation into changes in
a thermodynamic and dynamic contributions. Lu et al. (2014) found that the scaling
for the different percentiles showed the importance of circulation change in shaping the
meridional structure of the change in daily precipitation. The importance of the dynamic
component in explaining the regional pattern of precipitation is consistent with Pfahl
et al. (2017). However, few studies have considered the impact of changing synoptic
scale systems on precipitation changes.

1.5.1 Projected changes to synoptic-scale systems

Extratropical cyclones

Because the Arctic warms more than the equator at the lower levels, known as Arctic
Amplification, the overall meridional baroclinicity reduces (Catto et al., 2019). The
number of extratropical cyclones (ETCs) is therefore projected to decrease in both DJF
and JJA in the SSP5-8.5 scenario in the NH by the end of the century (Priestley and
Catto, 2022).

As the moisture in the atmosphere increases, the latent heat release also increases. This
diabatic heating is thought to intensify ETCs through its effect on stratification, vertical
motion, and sea level pressure (Catto et al., 2019, and references therein). Despite this
possible intensification mechanism, studies have found little change in the strength of
ETCs, either as measured by the maximum wind, mean sea level pressure, or vorticity
(Bengtsson et al., 2009; Catto et al., 2011; Kodama et al., 2019; Yettella and Kay, 2017;
Zappa et al., 2013). However, precipitation associated with ETCs is projected to increase
(Bengtsson et al., 2009; Hawcroft et al., 2012; Yettella and Kay, 2017). Because the
changes in the dynamical strength of the cyclone are small, most of the studies ascribe
the increased ETC precipitation to changes in thermodynamic rather than dynamic
changes in the ETC (Hawcroft et al., 2018; Kodama et al., 2019; Yettella and Kay,
2017).

As the atmosphere warms in the upper levels, the stability increases, which inhibits
vertical velocity. Even though the background stability increases, the latent heating
can also enhance the vertical motion. Tamarin-Brodsky and Hadas (2019) found that
the decrease in stability from the latent heating within the most intense cyclones was
stronger than the overall increase in the background stability. Priestley and Catto (2022)
found that the upper-level divergence increased in cyclones, most likely associated with
an increase in the vertical velocity of the cyclone. The maximum increase in divergence
occurred in the warm sector of the cyclone, with a smaller decrease in the convergence
behind the cold front, associated with subsidence, indicating an increased asymmetry of
the vertical velocities in future cyclones (Priestley and Catto, 2022), consistent with the
findings of Tamarin-Brodsky and Hadas (2019). The asymmetry of the vertical motions
is expected to intensify in a warmer climate, which could locally enhance precipitation
beyond the CC-scaling (Tamarin-Brodsky and Hadas, 2019).

Fronts

Fronts are an important feature of extratropical cyclones, but their changes have been
considerably less studied than changes in ETCs. CMIP5 models project the number of
fronts over large parts of the NH to decrease (Catto et al., 2014), while frontal activity is
expected to increase over the Southern Ocean (Blázquez and Solman, 2018). However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,

1.5ProjectedPrecipitationChanges7

Manystudieshavedecomposedthechangesinextremeprecipitationintochangesin
athermodynamicanddynamiccontributions.Luetal.(2014)foundthatthescaling
forthedifferentpercentilesshowedtheimportanceofcirculationchangeinshapingthe
meridionalstructureofthechangeindailyprecipitation.Theimportanceofthedynamic
componentinexplainingtheregionalpatternofprecipitationisconsistentwithPfahl
etal.(2017).However,fewstudieshaveconsideredtheimpactofchangingsynoptic
scalesystemsonprecipitationchanges.

1.5.1Projectedchangestosynoptic-scalesystems

Extratropicalcyclones

BecausetheArcticwarmsmorethantheequatoratthelowerlevels,knownasArctic
Amplification,theoverallmeridionalbaroclinicityreduces(Cattoetal.,2019).The
numberofextratropicalcyclones(ETCs)isthereforeprojectedtodecreaseinbothDJF
andJJAintheSSP5-8.5scenariointheNHbytheendofthecentury(Priestleyand
Catto,2022).

Asthemoistureintheatmosphereincreases,thelatentheatreleasealsoincreases.This
diabaticheatingisthoughttointensifyETCsthroughitseffectonstratification,vertical
motion,andsealevelpressure(Cattoetal.,2019,andreferencestherein).Despitethis
possibleintensificationmechanism,studieshavefoundlittlechangeinthestrengthof
ETCs,eitherasmeasuredbythemaximumwind,meansealevelpressure,orvorticity
(Bengtssonetal.,2009;Cattoetal.,2011;Kodamaetal.,2019;YettellaandKay,2017;
Zappaetal.,2013).However,precipitationassociatedwithETCsisprojectedtoincrease
(Bengtssonetal.,2009;Hawcroftetal.,2012;YettellaandKay,2017).Becausethe
changesinthedynamicalstrengthofthecyclonearesmall,mostofthestudiesascribe
theincreasedETCprecipitationtochangesinthermodynamicratherthandynamic
changesintheETC(Hawcroftetal.,2018;Kodamaetal.,2019;YettellaandKay,
2017).

Astheatmospherewarmsintheupperlevels,thestabilityincreases,whichinhibits
verticalvelocity.Eventhoughthebackgroundstabilityincreases,thelatentheating
canalsoenhancetheverticalmotion.Tamarin-BrodskyandHadas(2019)foundthat
thedecreaseinstabilityfromthelatentheatingwithinthemostintensecycloneswas
strongerthantheoverallincreaseinthebackgroundstability.PriestleyandCatto(2022)
foundthattheupper-leveldivergenceincreasedincyclones,mostlikelyassociatedwith
anincreaseintheverticalvelocityofthecyclone.Themaximumincreaseindivergence
occurredinthewarmsectorofthecyclone,withasmallerdecreaseintheconvergence
behindthecoldfront,associatedwithsubsidence,indicatinganincreasedasymmetryof
theverticalvelocitiesinfuturecyclones(PriestleyandCatto,2022),consistentwiththe
findingsofTamarin-BrodskyandHadas(2019).Theasymmetryoftheverticalmotions
isexpectedtointensifyinawarmerclimate,whichcouldlocallyenhanceprecipitation
beyondtheCC-scaling(Tamarin-BrodskyandHadas,2019).

Fronts

Frontsareanimportantfeatureofextratropicalcyclones,buttheirchangeshavebeen
considerablylessstudiedthanchangesinETCs.CMIP5modelsprojectthenumberof
frontsoverlargepartsoftheNHtodecrease(Cattoetal.,2014),whilefrontalactivityis
expectedtoincreaseovertheSouthernOcean(BlázquezandSolman,2018).However,



8 Introduction

the combination of decreased front frequency in the future together with an increased
amount of precipitation associated with ETCs implies an intensification of the front-
associated precipitation intensity, or a shift of the precipitation within the cyclones to a
more central part of the cyclone (Catto et al., 2019).

Intense fronts tend to precipitate more intensely than weak fronts (Schemm et al., 2017),
with frontal intensity measured as the strength of the equivalent potential gradient across
the front. A thermally direct circulation across the front acts to concomitantly strengthen
the frontal intensity and differential diabatic heating, which further strengthens the cross-
frontal circulation and the frontal intensity through a positive feedback loop (Eliassen,
1962). Observations suggest that the frontal intensity and precipitation have increased
since 1979, particularly over the North Atlantic and Europe, which has been attributed
to the moisture increase (Schemm et al., 2017).

Atmospheric Rivers

Atmospheric rivers are projected to increase in both frequency of occurrence as well as
in their areal extent (O’Brien et al., 2022). However, as ARs are often defined more
qualitatively rather than quantitatively, several different AR detection and tracking al-
gorithms (ARDTs) exist (see i.e., Lora et al., 2020; Rutz et al., 2019, for an overview).
Thus, evaluating changes in ARs yields highly uncertain results, as the spread across
different ARDTs in the AR frequency trend far surpasses the uncertainty across climate
models (Shields et al., 2023).

The uncertainty associated with the ARDTs also encompasses the projected changes in
the bulk precipitation characteristics associated with ARs (Shields et al., 2023). The
spread of values across the ARDTs under the RCP8.5 scenario falls within the historical
spread. Thus, the choice of ARDT largely determines the associated trend (Shields et al.,
2023).

Nonetheless, some studies have attributed the projected precipitation to changes in at-
mospheric rivers. For example, Gershunov et al. (2019); Rhoades et al. (2020) found that
the precipitation delivered by land-falling atmospheric rivers on the West Coast of the
United States is projected to increase with climate change. In addition, most of the fre-
quency of the heavy precipitation events could be linked to an increase in the frequency
of ARs, while the non-AR storms changed little (Gershunov et al., 2019).

1.5.2 Linking projected precipitation changes to weather features

To get a physical link between the projected changes in precipitation and the driving
mechanism, we attribute precipitation to weather features between 1950-2100 in a climate
model. Attributing precipitation to weather features in a climate model may, in addition,
provide a more physical understanding of the precipitation biases.

There are still large biases associated with the intensity and frequency of precipitation in
climate models, although the total precipitation is relatively well represented (Ahn et al.,
2023; Pendergrass, 2013; Stephens et al., 2010). These biases may limit the usefulness
of future projections (Trenberth et al., 2003). To have confidence in future projections
of precipitation in the midlatitudes, it is imperative that climate models adequately
simulate the current precipitation characteristics associated with the different features
(Hawcroft et al., 2018).
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Atmosphericriversareprojectedtoincreaseinbothfrequencyofoccurrenceaswellas
intheirarealextent(O’Brienetal.,2022).However,asARsareoftendefinedmore
qualitativelyratherthanquantitatively,severaldifferentARdetectionandtrackingal-
gorithms(ARDTs)exist(seei.e.,Loraetal.,2020;Rutzetal.,2019,foranoverview).
Thus,evaluatingchangesinARsyieldshighlyuncertainresults,asthespreadacross
differentARDTsintheARfrequencytrendfarsurpassestheuncertaintyacrossclimate
models(Shieldsetal.,2023).

TheuncertaintyassociatedwiththeARDTsalsoencompassestheprojectedchangesin
thebulkprecipitationcharacteristicsassociatedwithARs(Shieldsetal.,2023).The
spreadofvaluesacrosstheARDTsundertheRCP8.5scenariofallswithinthehistorical
spread.Thus,thechoiceofARDTlargelydeterminestheassociatedtrend(Shieldsetal.,
2023).

Nonetheless,somestudieshaveattributedtheprojectedprecipitationtochangesinat-
mosphericrivers.Forexample,Gershunovetal.(2019);Rhoadesetal.(2020)foundthat
theprecipitationdeliveredbyland-fallingatmosphericriversontheWestCoastofthe
UnitedStatesisprojectedtoincreasewithclimatechange.Inaddition,mostofthefre-
quencyoftheheavyprecipitationeventscouldbelinkedtoanincreaseinthefrequency
ofARs,whilethenon-ARstormschangedlittle(Gershunovetal.,2019).

1.5.2Linkingprojectedprecipitationchangestoweatherfeatures

Togetaphysicallinkbetweentheprojectedchangesinprecipitationandthedriving
mechanism,weattributeprecipitationtoweatherfeaturesbetween1950-2100inaclimate
model.Attributingprecipitationtoweatherfeaturesinaclimatemodelmay,inaddition,
provideamorephysicalunderstandingoftheprecipitationbiases.

Therearestilllargebiasesassociatedwiththeintensityandfrequencyofprecipitationin
climatemodels,althoughthetotalprecipitationisrelativelywellrepresented(Ahnetal.,
2023;Pendergrass,2013;Stephensetal.,2010).Thesebiasesmaylimittheusefulness
offutureprojections(Trenberthetal.,2003).Tohaveconfidenceinfutureprojections
ofprecipitationinthemidlatitudes,itisimperativethatclimatemodelsadequately
simulatethecurrentprecipitationcharacteristicsassociatedwiththedifferentfeatures
(Hawcroftetal.,2018).
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Catto et al. (2015) showed that the frontal frequency as well as the frontal precipitation
was quite well simulated in the CMIP5 models in the Southern Ocean; and Hawcroft
et al. (2018) showed that a high-resolution climate models did simulate the precipitation
associated with extratropical cyclones adequately. In Paper III, we add to these type of
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2 Data

2.1 Observations

Precipitation is difficult to measure because it is highly localized in both time and space.
In the first paper, we use observations of daily accumulated precipitation between 1900-
2019 from The Norwegian Meteorological Institute. The data set is quality-controlled
and has 200 stations all over Norway, of which 55 stations have measured since 1900. For
details on the additional quality control and homogeneity testing, we refer the reader to
Paper I.

2.2 Reanalysis

A reanalysis takes a state-of-the-art numerical weather prediction model and blends
short-term forecasts with observations. Assimilating the observations into the short-
term forecasts makes sure that the state of the atmosphere matches that of observations
well. In this thesis, we use three different reanalysis products: The European Centre for
Medium-Range Weather Forecast’s (ECMWF) 20th-century reanalysis (ERA-20C, Poli
et al., 2016), and ERA5 (Hersbach et al., 2020), as well as the National Ocean Atmo-
sphere Administration’s (NOAA) 20th-century reanalysis version 3 (20CRv3, Slivinski
et al., 2019).

Both ERA-20C and 20CRv3 are twentieth-century reanalyses, meaning that they pro-
vide data output all over Earth for all of the twentieth century. Because of a rather
limited observational network before 1950, and the satellite era (from 1979 and onward),
these reanalyses only assimilate surface pressure. ERA-20C assimilates marine winds
in addition. Because of their different assimilation techniques, ERA-20C is expected to
work better over areas with good observational coverage, while 20CRv3 may use the
sparse observations better and provide better estimates in the Southern Hemisphere or
in the high latitudes (Poli and National Center for Atmospheric Research Staff, 2022).
However, neither of these two reanalyses provide the best-state-atmosphere since 1979
and they may be associated with spurious trend associated with changes in the observing
system, and the manyfold increase of observations assimilated into the reanalysis.

ERA5, on the other hand, assimilates all observational products available and provides
the best estimate of the atmosphere after 1979. Although there are some precipitation
biases associated with the reanalysis, it represents the precipitation in the extratropics
well (Lavers et al., 2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).

2 Data

2.1 Observations

Precipitation is difficult to measure because it is highly localized in both time and space.
In the first paper, we use observations of daily accumulated precipitation between 1900-
2019 from The Norwegian Meteorological Institute. The data set is quality-controlled
and has 200 stations all over Norway, of which 55 stations have measured since 1900. For
details on the additional quality control and homogeneity testing, we refer the reader to
Paper I.

2.2 Reanalysis

A reanalysis takes a state-of-the-art numerical weather prediction model and blends
short-term forecasts with observations. Assimilating the observations into the short-
term forecasts makes sure that the state of the atmosphere matches that of observations
well. In this thesis, we use three different reanalysis products: The European Centre for
Medium-Range Weather Forecast’s (ECMWF) 20th-century reanalysis (ERA-20C, Poli
et al., 2016), and ERA5 (Hersbach et al., 2020), as well as the National Ocean Atmo-
sphere Administration’s (NOAA) 20th-century reanalysis version 3 (20CRv3, Slivinski
et al., 2019).

Both ERA-20C and 20CRv3 are twentieth-century reanalyses, meaning that they pro-
vide data output all over Earth for all of the twentieth century. Because of a rather
limited observational network before 1950, and the satellite era (from 1979 and onward),
these reanalyses only assimilate surface pressure. ERA-20C assimilates marine winds
in addition. Because of their different assimilation techniques, ERA-20C is expected to
work better over areas with good observational coverage, while 20CRv3 may use the
sparse observations better and provide better estimates in the Southern Hemisphere or
in the high latitudes (Poli and National Center for Atmospheric Research Staff, 2022).
However, neither of these two reanalyses provide the best-state-atmosphere since 1979
and they may be associated with spurious trend associated with changes in the observing
system, and the manyfold increase of observations assimilated into the reanalysis.

ERA5, on the other hand, assimilates all observational products available and provides
the best estimate of the atmosphere after 1979. Although there are some precipitation
biases associated with the reanalysis, it represents the precipitation in the extratropics
well (Lavers et al., 2022).

2 Data

2.1 Observations

Precipitation is difficult to measure because it is highly localized in both time and space.
In the first paper, we use observations of daily accumulated precipitation between 1900-
2019 from The Norwegian Meteorological Institute. The data set is quality-controlled
and has 200 stations all over Norway, of which 55 stations have measured since 1900. For
details on the additional quality control and homogeneity testing, we refer the reader to
Paper I.

2.2 Reanalysis

A reanalysis takes a state-of-the-art numerical weather prediction model and blends
short-term forecasts with observations. Assimilating the observations into the short-
term forecasts makes sure that the state of the atmosphere matches that of observations
well. In this thesis, we use three different reanalysis products: The European Centre for
Medium-Range Weather Forecast’s (ECMWF) 20th-century reanalysis (ERA-20C, Poli
et al., 2016), and ERA5 (Hersbach et al., 2020), as well as the National Ocean Atmo-
sphere Administration’s (NOAA) 20th-century reanalysis version 3 (20CRv3, Slivinski
et al., 2019).

Both ERA-20C and 20CRv3 are twentieth-century reanalyses, meaning that they pro-
vide data output all over Earth for all of the twentieth century. Because of a rather
limited observational network before 1950, and the satellite era (from 1979 and onward),
these reanalyses only assimilate surface pressure. ERA-20C assimilates marine winds
in addition. Because of their different assimilation techniques, ERA-20C is expected to
work better over areas with good observational coverage, while 20CRv3 may use the
sparse observations better and provide better estimates in the Southern Hemisphere or
in the high latitudes (Poli and National Center for Atmospheric Research Staff, 2022).
However, neither of these two reanalyses provide the best-state-atmosphere since 1979
and they may be associated with spurious trend associated with changes in the observing
system, and the manyfold increase of observations assimilated into the reanalysis.

ERA5, on the other hand, assimilates all observational products available and provides
the best estimate of the atmosphere after 1979. Although there are some precipitation
biases associated with the reanalysis, it represents the precipitation in the extratropics
well (Lavers et al., 2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).

2Data

2.1Observations

Precipitationisdifficulttomeasurebecauseitishighlylocalizedinbothtimeandspace.
Inthefirstpaper,weuseobservationsofdailyaccumulatedprecipitationbetween1900-
2019fromTheNorwegianMeteorologicalInstitute.Thedatasetisquality-controlled
andhas200stationsalloverNorway,ofwhich55stationshavemeasuredsince1900.For
detailsontheadditionalqualitycontrolandhomogeneitytesting,wereferthereaderto
PaperI.

2.2Reanalysis

Areanalysistakesastate-of-the-artnumericalweatherpredictionmodelandblends
short-termforecastswithobservations.Assimilatingtheobservationsintotheshort-
termforecastsmakessurethatthestateoftheatmospherematchesthatofobservations
well.Inthisthesis,weusethreedifferentreanalysisproducts:TheEuropeanCentrefor
Medium-RangeWeatherForecast’s(ECMWF)20th-centuryreanalysis(ERA-20C,Poli
etal.,2016),andERA5(Hersbachetal.,2020),aswellastheNationalOceanAtmo-
sphereAdministration’s(NOAA)20th-centuryreanalysisversion3(20CRv3,Slivinski
etal.,2019).

BothERA-20Cand20CRv3aretwentieth-centuryreanalyses,meaningthattheypro-
videdataoutputalloverEarthforallofthetwentiethcentury.Becauseofarather
limitedobservationalnetworkbefore1950,andthesatelliteera(from1979andonward),
thesereanalysesonlyassimilatesurfacepressure.ERA-20Cassimilatesmarinewinds
inaddition.Becauseoftheirdifferentassimilationtechniques,ERA-20Cisexpectedto
workbetteroverareaswithgoodobservationalcoverage,while20CRv3mayusethe
sparseobservationsbetterandprovidebetterestimatesintheSouthernHemisphereor
inthehighlatitudes(PoliandNationalCenterforAtmosphericResearchStaff,2022).
However,neitherofthesetworeanalysesprovidethebest-state-atmospheresince1979
andtheymaybeassociatedwithspurioustrendassociatedwithchangesintheobserving
system,andthemanyfoldincreaseofobservationsassimilatedintothereanalysis.

ERA5,ontheotherhand,assimilatesallobservationalproductsavailableandprovides
thebestestimateoftheatmosphereafter1979.Althoughtherearesomeprecipitation
biasesassociatedwiththereanalysis,itrepresentstheprecipitationintheextratropics
well(Laversetal.,2022).



12 Data

2.3 CESM2-LE

The Community Earth System Model version 2 (CESM2, Danabasoglu et al., 2020)
is part of the Coupled Model Intercomparison Project Phase 6 (CMIP6) and was de-
veloped at the National Center for Atmospheric Sciences (NCAR). In Paper III and
Paper IV, we use the output from 10 ensemble members from the CESM2 Large En-
semble (CESM2-LE, Rodgers et al., 2021), between 1950 and 2100. These members
are stored with high-frequency output and more atmospheric variables to facilitate re-
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CESM2-LE follows the historical and SSP3-7.0 forcing protocols as recommended by
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year temporal average to avoid the interannual variability due to the inclusion of new
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3 Summary of the papers

Paper I: Why has precipitation increased in the last 120 years in Norway?

We investigated precipitation changes in Norway using rain gauge measurements between
1900-2019. Observations show that both mean and extreme precipitation increased dur-
ing this period. The bulk of the increase occurred between 1980-1990, but continued to
increase, albeit at a slower rate, in the 2000s. We use a modified version of the precipita-
tion scaling developed by O’Gorman and Schneider (2009) to decompose the precipitation
change into contributions from changes in vertical velocity (dynamic), temperature (and
subsequent moisture, thermodynamic), and relative humidity. For this analysis, we used
output from two century reanalyses, 20CRv3 and ERA-20C. The reconstructed precipi-
tation based on vertical velocity, temperature, and relative humidity matches the annual
precipitation record in Norway well. Based on these findings, we argue that the changes
in the 1980s were dominated by changes in vertical velocity, whereas changes since the
2000s were mainly due to temperature changes. We hypothesize that the increased con-
tribution from vertical velocity in the 1980s is most likely caused by increased storminess
in the North Atlantic in the same period.

Paper II: Global attribution of precipitation to weather features

In Paper II, we identify fronts, cyclones, moisture transport axes, and cold air outbreaks
globally in ERA5. We then attribute precipitation to these weather features, as well
as their combinations at all latitudes, using a novel attribution method. This new
method proves to be more robust compared to previous methods in terms of sensitivity
to subjective choices of, for example, distance thresholds. We classify more than 70%
of the precipitation globally and present their average precipitation intensities for DJF
and JJA. Within the stormtrack regions, we find that most precipitation occurs when
extratropical cyclones, fronts, and moisture transport axes co-occur. Moreover, when
cyclones, moisture transport axes, and fronts co-occur, precipitation is most intense on
average and associated with the bulk of extreme precipitation events in the extratropics.

Paper III: Linking precipitation changes to weather features

In Paper III, we investigate whether climate models (here represented by CESM2-LE)
can be a tool to investigate future changes in precipitation from a weather perspective.
We use the same method as in Paper II and attribute precipitation to weather features
across 10 ensemble members in CESM2. We compare the occurrence and positions of
weather features, as well as the precipitation distribution associated with the different
weather features. Overall, we find CESM2 to adequately represent both the weather
features and the associated precipitation distribution in the current climate.
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14 Summary of the papers

We find that the decreasing precipitation trends were mainly caused by a decrease in
frequency, whereas the intensity mainly contributed positively to the change. The pre-
cipitation categories that contribute the most to precipitation in the current climate also
tend to have the largest change. Along the stormtracks, the co-occurrence of cyclones,
fronts, and moisture transport axes contribute the most to the change in total precip-
itation. As this is the most intensely precipitating category in the present climate, an
increased contribution could lead to an intensification of the total precipitation, without
the precipitation categories themselves becoming more intense. We find this effect to be
responsible for roughly half of the intensity increase in the stormtrack regions.

Paper IV: Fronts drive future changes in extreme precipitation

Different weather systems may respond differently to global warming, with the possibility
of changing their precipitation characteristics dramatically. In Paper IV, we investigate
the change in precipitation intensity associated with different weather features in 10 en-
semble members in CESM2-LE across the entire precipitation distribution. We find that
extreme precipitation associated with fronts increased substantially more than the non-
frontal precipitation. The frontal extreme precipitation increases close to, or exceeds the
Clausius-Clapeyron scaling, suggesting altered frontal circulation dynamics may enhance
future precipitation extremes.
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Clausius-Clapeyronscaling,suggestingalteredfrontalcirculationdynamicsmayenhance
futureprecipitationextremes.
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4 Conclusions and outlook

This thesis explores the relationship between the two most vital ingredients of precipita-
tion – lift and moisture – using observations, reanalyses, and a climate model. We used
observations and reanalyses in Paper I and decomposed the precipitation changes into
changes in vertical velocity, relative humidity, and temperature. In the other three pa-
pers, we used a weather feature framework to investigate the roles of weather features in
shaping the current pattern of precipitation as well as projected changes in precipitation.

In the introduction, we defined the following research questions:

What were the relative roles of the thermodynamic and dynamic contribution in
shaping the observed precipitation increase in Norway over the past 120 years?

In Paper I, we found that we were able to reconstruct the annual observed precipitation
between 1930-2010 using vertical velocity, relative humidity, and temperature. We found
that the dynamical component (changes in vertical velocity) was crucial for shaping the
long-term and interannual variability in precipitation in Norway. The importance of
the dynamic contribution and the shift occurring in the 1980s are potential reasons why
CMIP3 and CMIP6 models underestimated the observed precipitation trends (van Haren
et al., 2013; Vicente-Serrano et al., 2021). The precipitation increase and the changes in
vertical velocity increased simultaneously as increased storminess in the North Atlantic
(Chang et al., 2003), but we lacked the tools to explicitly link the vertical velocity and
the atmospheric circulation.

How do precipitation characteristics vary in association with different weather fea-
tures?

Seeking to directly and robustly link precipitation to weather features, we introduced a
novel and more robust attribution method in Paper II. We attributed precipitation to
cyclones, fronts, moisture transport axes, cold air outbreaks, and combinations thereof in
ERA5 between 1979-2020. Precipitation in the current climate is strongest when multiple
features co-occur (cyclones, fronts, and MTAs), a category which indicates both strong
dynamic forcing and an abundance of moisture. This category contributes most of the
precipitation along the stormtracks and occurs four times as often during extremes than
during wet events in the extratropics. On the other hand, precipitation attributed to
single weather features or without weather features present is associated with relatively
weaker precipitation.

Where most previous studies considered features in isolation (Catto et al., 2012; Hawcroft
et al., 2012; Hénin et al., 2019), or split the precipitation between overlapping features
evenly (Utsumi et al., 2017), we allow for combinations of features. Introducing multiple
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weather features and allowing them to overlap yields a more refined interpretation of the
precipitation characteristics and makes it possible to infer the relative contributions to
lift and moisture.

Are climate models able to represent the precipitation characteristics associated
with the different weather features and their combinations?

That weather features and associated precipitation are well represented in the current
climate is imperative to have confidence in future projections of precipitation (Hawcroft
et al., 2018). However, few studies have addressed how weather features and their as-
sociated precipitation characteristics are represented in climate models. In Paper III,
we showed that CESM2 adequately reproduces the precipitation characteristics associ-
ated with the different combinations of weather features. The precipitation intensity is
underestimated in all categories, pointing toward a systematic bias. In addition, the dif-
ferent categories contribute approximately equally to the total precipitation in CESM2
and ERA5, indicating that CESM2 does precipitate for the right reasons. Thus, the
state of precipitation in the latest generation of climate models may not be as "dreary"
Stephens et al. (2010) as thought.

Which weather features contribute most to the projected precipitation changes?

While several studies have investigated precipitation changes associated with ETCs, few
studies have considered multiple weather features, which is particularly important as
the most intense precipitation in an ETC tends to occur along the frontal zones. In
Paper III, we found that precipitation associated with the co-occurrence of cyclones,
moisture transport axes, and fronts is projected to contribute relatively more to future
extratropical precipitation. This increase is to a large extent driven by an increase in
frequency. Thus, although the number of cyclones is projected to decrease (Catto et al.,
2019, and references therein), cyclones that do occur are more likely to be accompanied
by fronts and moisture transport axes.

Precipitation associated with the co-occurrence of cyclones, moisture transport axes, and
fronts is the most intensely precipitating category. Hence, when this category contributes
more to the total precipitation, it could lead to a trend in the intensity of the total
precipitation. Thus, the projected increase in precipitation intensity could be the result of
the more intensely precipitating categories occurring more often rather than the different
categories becoming more intense. In Paper III, we quantified this effect and found the
combined category to contribute up to 50% of the total precipitation intensity increase
in the stormtracks.

How does the precipitation associated with the different weather features respond
to climate change?

The precipitation characteristics associated with the different weather features respond
distinctly to climate change. While some categories show an increase in their mean
intensity, other categories decrease. In Paper IV, we assessed changes in precipitation
beyond only considering changes in the mean precipitation and considered changes across
the entire precipitation distribution. Categories involving fronts increase at rates close
to the CC-rate for extreme precipitation, whereas the change in non-frontal precipitation
is similar for both extreme and mean precipitation. Thus, we argue that it is mainly
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climateisimperativetohaveconfidenceinfutureprojectionsofprecipitation(Hawcroft
etal.,2018).However,fewstudieshaveaddressedhowweatherfeaturesandtheiras-
sociatedprecipitationcharacteristicsarerepresentedinclimatemodels.InPaperIII,
weshowedthatCESM2adequatelyreproducestheprecipitationcharacteristicsassoci-
atedwiththedifferentcombinationsofweatherfeatures.Theprecipitationintensityis
underestimatedinallcategories,pointingtowardasystematicbias.Inaddition,thedif-
ferentcategoriescontributeapproximatelyequallytothetotalprecipitationinCESM2
andERA5,indicatingthatCESM2doesprecipitatefortherightreasons.Thus,the
stateofprecipitationinthelatestgenerationofclimatemodelsmaynotbeas"dreary"
Stephensetal.(2010)asthought.

Whichweatherfeaturescontributemosttotheprojectedprecipitationchanges?

WhileseveralstudieshaveinvestigatedprecipitationchangesassociatedwithETCs,few
studieshaveconsideredmultipleweatherfeatures,whichisparticularlyimportantas
themostintenseprecipitationinanETCtendstooccuralongthefrontalzones.In
PaperIII,wefoundthatprecipitationassociatedwiththeco-occurrenceofcyclones,
moisturetransportaxes,andfrontsisprojectedtocontributerelativelymoretofuture
extratropicalprecipitation.Thisincreaseistoalargeextentdrivenbyanincreasein
frequency.Thus,althoughthenumberofcyclonesisprojectedtodecrease(Cattoetal.,
2019,andreferencestherein),cyclonesthatdooccuraremorelikelytobeaccompanied
byfrontsandmoisturetransportaxes.

Precipitationassociatedwiththeco-occurrenceofcyclones,moisturetransportaxes,and
frontsisthemostintenselyprecipitatingcategory.Hence,whenthiscategorycontributes
moretothetotalprecipitation,itcouldleadtoatrendintheintensityofthetotal
precipitation.Thus,theprojectedincreaseinprecipitationintensitycouldbetheresultof
themoreintenselyprecipitatingcategoriesoccurringmoreoftenratherthanthedifferent
categoriesbecomingmoreintense.InPaperIII,wequantifiedthiseffectandfoundthe
combinedcategorytocontributeupto50%ofthetotalprecipitationintensityincrease
inthestormtracks.

Howdoestheprecipitationassociatedwiththedifferentweatherfeaturesrespond
toclimatechange?

Theprecipitationcharacteristicsassociatedwiththedifferentweatherfeaturesrespond
distinctlytoclimatechange.Whilesomecategoriesshowanincreaseintheirmean
intensity,othercategoriesdecrease.InPaperIV,weassessedchangesinprecipitation
beyondonlyconsideringchangesinthemeanprecipitationandconsideredchangesacross
theentireprecipitationdistribution.Categoriesinvolvingfrontsincreaseatratesclose
totheCC-rateforextremeprecipitation,whereasthechangeinnon-frontalprecipitation
issimilarforbothextremeandmeanprecipitation.Thus,wearguethatitismainly
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fronts that are associated with sufficiently strong dynamic forcing to take advantage of
the additional moisture in the atmosphere and convert it into precipitation.

Concluding remarks

Attributing precipitation to weather features provides a physical link between precipita-
tion and its governing mechanisms. This connection can further be exploited to connect
weather features, occurring on shorter time scales, to long-term climatic changes. Using
weather features to understand climate change facilitates a more nuanced understanding
of how specific atmospheric processes contribute to broader climate patterns.

In synthesis, this thesis highlights the subtle interplay of lift and moisture in shaping pre-
cipitation patterns and changes. Although the dynamic contribution to precipitation in
the extratropics is deemed small, we found it crucial both for the long-term precipitation
trend in Norway and in determining whether the features can exploit the increased at-
mospheric moisture content. The findings not only enhance our understanding of current
precipitation patterns, but also offer valuable insights into the potential implications of
a warmer and moister future climate for precipitation characteristics. However, perhaps
most importantly, we find that CESM2, despite some biases, represents the precipitation
characteristics surprisingly well, boosting our confidence in climate projections.

4.1 Outlook

Using concepts from synoptic meteorology to understand larger-scale patterns and
changes, enables several interesting avenues of research.

In Paper I, we concluded that the dynamic component was the primary driver for the
observed precipitation trend. Both ERA-20C and 20CRv3 represented the precipitation
and the atmospheric circulation well after 1930. Thus, it is a possibility to link precipi-
tation changes in Norway to changes in weather features. Combining this with historical
climate model output could help determine why none of the CMIP6 models were able to
reproduce the observed precipitation trends in Northern Europe (Vicente-Serrano et al.,
2021).

Although only briefly touched upon in Paper III, we believe there is unexplored potential
in investigating precipitation biases in climate models from a weather perspective. In
Paper III, we linked the frequency bias to a frequency bias of CAOs in the North Atlantic
and subsequently to the SST bias. In addition, the absence of a well-defined Great Plains
Low-Level Jet (also briefly touched upon in Paper III) may link to the dry and warm
bias over the Great Plains (Lin et al., 2017). Precipitation in this region tends to be
associated with mesoscale convective systems (MCS, Feng et al., 2019). In Paper II,
we found that most precipitation over the Great Plains in JJA was associated with
moisture transport axes and fronts, indicating the importance of synoptic-scale systems
in providing a favourable environment for convection. Errors in moisture transport
could point to errors beyond that of poorly parameterized convective systems in climate
models.

While the selection of weather features in Paper II makes for a good attribution in
the extratropics, it does not distinguish between different precipitation types in the
tropics. In the tropics, the main driver of precipitation are convective instability and
MCS, which we do not capture in our attribution. These convective instabilities further
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frontsthatareassociatedwithsufficientlystrongdynamicforcingtotakeadvantageof
theadditionalmoistureintheatmosphereandconvertitintoprecipitation.

Concludingremarks

Attributingprecipitationtoweatherfeaturesprovidesaphysicallinkbetweenprecipita-
tionanditsgoverningmechanisms.Thisconnectioncanfurtherbeexploitedtoconnect
weatherfeatures,occurringonshortertimescales,tolong-termclimaticchanges.Using
weatherfeaturestounderstandclimatechangefacilitatesamorenuancedunderstanding
ofhowspecificatmosphericprocessescontributetobroaderclimatepatterns.

Insynthesis,thisthesishighlightsthesubtleinterplayofliftandmoistureinshapingpre-
cipitationpatternsandchanges.Althoughthedynamiccontributiontoprecipitationin
theextratropicsisdeemedsmall,wefounditcrucialbothforthelong-termprecipitation
trendinNorwayandindeterminingwhetherthefeaturescanexploittheincreasedat-
mosphericmoisturecontent.Thefindingsnotonlyenhanceourunderstandingofcurrent
precipitationpatterns,butalsooffervaluableinsightsintothepotentialimplicationsof
awarmerandmoisterfutureclimateforprecipitationcharacteristics.However,perhaps
mostimportantly,wefindthatCESM2,despitesomebiases,representstheprecipitation
characteristicssurprisinglywell,boostingourconfidenceinclimateprojections.

4.1Outlook

Usingconceptsfromsynopticmeteorologytounderstandlarger-scalepatternsand
changes,enablesseveralinterestingavenuesofresearch.

InPaperI,weconcludedthatthedynamiccomponentwastheprimarydriverforthe
observedprecipitationtrend.BothERA-20Cand20CRv3representedtheprecipitation
andtheatmosphericcirculationwellafter1930.Thus,itisapossibilitytolinkprecipi-
tationchangesinNorwaytochangesinweatherfeatures.Combiningthiswithhistorical
climatemodeloutputcouldhelpdeterminewhynoneoftheCMIP6modelswereableto
reproducetheobservedprecipitationtrendsinNorthernEurope(Vicente-Serranoetal.,
2021).

AlthoughonlybrieflytoucheduponinPaperIII,webelievethereisunexploredpotential
ininvestigatingprecipitationbiasesinclimatemodelsfromaweatherperspective.In
PaperIII,welinkedthefrequencybiastoafrequencybiasofCAOsintheNorthAtlantic
andsubsequentlytotheSSTbias.Inaddition,theabsenceofawell-definedGreatPlains
Low-LevelJet(alsobrieflytoucheduponinPaperIII)maylinktothedryandwarm
biasovertheGreatPlains(Linetal.,2017).Precipitationinthisregiontendstobe
associatedwithmesoscaleconvectivesystems(MCS,Fengetal.,2019).InPaperII,
wefoundthatmostprecipitationovertheGreatPlainsinJJAwasassociatedwith
moisturetransportaxesandfronts,indicatingtheimportanceofsynoptic-scalesystems
inprovidingafavourableenvironmentforconvection.Errorsinmoisturetransport
couldpointtoerrorsbeyondthatofpoorlyparameterizedconvectivesystemsinclimate
models.

WhiletheselectionofweatherfeaturesinPaperIImakesforagoodattributionin
theextratropics,itdoesnotdistinguishbetweendifferentprecipitationtypesinthe
tropics.Inthetropics,themaindriverofprecipitationareconvectiveinstabilityand
MCS,whichwedonotcaptureinourattribution.Theseconvectiveinstabilitiesfurther
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interact with the large-scale environment, such as equatorially coupled convective waves
(Cheng et al., 2023), and lead to relatively enhanced precipitation in some locations.
Over continents in summer, MCSs interact with synoptic-scale features. Thus, including
MCSs would not only enhance the attribution in the tropics but also over land. Analyzing
the interaction between convection, either in the form of MCS or more locally forced
events, and synoptic-scale features is lacking in our analysis and provides a possible
future research avenue.

Lastly, the physical mechanism of why some precipitating categories precipitate more
intensely than others requires analysis beyond the scope of this thesis. Ultimately, un-
derstanding the interactions between features and how they relate to precipitation would
help interpret future changes in precipitation. Using metadata, such as the strength of
the features, could be one way of trying to separate the events further. Another possibil-
ity could be to adopt a Lagrangian approach to the features and consider their tempo-
ral evolution. Perhaps cyclones without fronts and moisture transport axes precipitate
weakly simply because they have started their cyclolysis.
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1. Introduction
Norway is located at the end of the North-Atlantic storm track and is thus warmer and wetter than the average 
climate at the same latitude, as cyclones transport heat and moisture poleward. Between 1900 and 2014, precip-
itation in Norway has increased by more than 18% (Hanssen-Bauer et al., 2017). Furthermore, Northern Europe 
is one of the few regions globally where there is high confidence that human influence has contributed to the 
observed changes in extreme precipitation (Seneviratne et  al.,  2021). Precipitation is expected to increase in 
Europe with continued warming (Seneviratne et al., 2021), and the relative change in extreme precipitation is 
expected to increase faster than the mean (Kharin et al., 2007; Myhre et al., 2019; Sillmann et al., 2013). Knowl-
edge is currently lacking on how precipitation extremes have changed in Norway, on the changes in precipitation 
characteristics, and a discussion of possible mechanisms behind the precipitation increase. To close this gap, 
we analyze an extensive station network with data from 1900 and provide an updated and consistent view of 
mean and extreme precipitation changes. Furthermore, we examine possible mechanisms behind the precipita-
tion vari ability and link it to thermodynamic and dynamic changes using a diagnostic model to decompose the 
observed changes into contributions form vertical velocity, temperature, and relative humidity.

Precipitation is expected to increase in a warmer climate because higher temperatures are related to increased 
precipitation through moisture availability. If the relative humidity is constant, the atmosphere's moisture content 
scales directly with the saturation vapor pressure, which increases with rising temperatures (Clausius, 1850). At 
our current temperature, this means an increase in atmospheric water vapor content of approximately 7% K −1 
(Trenberth et al., 2003). The thermodynamic contribution to extreme precipitation change is well understood and 
positive everywhere (Pfahl et al., 2017), and it can also be interpreted as the maximum amount the mean precipi-
tation can increase at a regional level if the relative humidity and upward vertical velocity are constant. However, 
this effect is insufficient to explain the observed precipitation increase in Norway; while the temperature in 
Norway has increased by 1 K, precipitation increased by 18% (Hanssen-Bauer et al., 2017).

Thus, we must consider the dynamic changes in addition to the thermodynamic changes. Atmospheric circulation 
and associated vertical velocities comprise the dynamic component. This component is one of the major sources 
of uncertainty in climate models (Shepherd, 2014), and even the sign of the dynamic contribution to precipita-
tion change differs between climate models in the same region (Pfahl et al., 2017; Seneviratne et al., 2021). The 
historical simulations of both CMIP6 and CMIP3 models produced considerably smaller trends in precipitation 

Abstract We use a data set with daily precipitation observations from 55 homogeneity-tested stations 
in Norway from 1900 to 2019 available from MET-Norway. These observations show that precipitation in 
Norway has increased by 19% since 1900. Notably, over half of the overall increase occurred within the 
decade of 1980–1990 and is happening across all precipitation rates. To examine possible mechanisms behind 
the precipitation increase, we use a diagnostic model to separate the effects of changes in vertical velocity, 
temperature and relative humidity. We use daily vertical velocity, near-surface temperature and relative 
humidity from two reanalysis products, ERA-20C and 20th Century Reanalysis. The model-based precipitation 
correlates significantly with the observed precipitation on an annual timescale (r > 0.9), as well as captures 
the trend in all reanalysis products. The diagnostic model indicates that the variability in vertical velocity 
chiefly determines the interannual variability and long-term trend. The trend in vertical velocities contributes to 
more than 80% of the total modeled trend in precipitation between 1900 and 2019. However, over the last two 
decades (1995–2015), changes in temperature and relative humidity are the main contributors to the modeled 
trend in precipitation.
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expected to increase faster than the mean (Kharin et al., 2007; Myhre et al., 2019; Sillmann et al., 2013). Knowl-
edge is currently lacking on how precipitation extremes have changed in Norway, on the changes in precipitation 
characteristics, and a discussion of possible mechanisms behind the precipitation increase. To close this gap, 
we analyze an extensive station network with data from 1900 and provide an updated and consistent view of 
mean and extreme precipitation changes. Furthermore, we examine possible mechanisms behind the precipita-
tion vari ability and link it to thermodynamic and dynamic changes using a diagnostic model to decompose the 
observed changes into contributions form vertical velocity, temperature, and relative humidity.

Precipitation is expected to increase in a warmer climate because higher temperatures are related to increased 
precipitation through moisture availability. If the relative humidity is constant, the atmosphere's moisture content 
scales directly with the saturation vapor pressure, which increases with rising temperatures (Clausius, 1850). At 
our current temperature, this means an increase in atmospheric water vapor content of approximately 7% K −1 
(Trenberth et al., 2003). The thermodynamic contribution to extreme precipitation change is well understood and 
positive everywhere (Pfahl et al., 2017), and it can also be interpreted as the maximum amount the mean precipi-
tation can increase at a regional level if the relative humidity and upward vertical velocity are constant. However, 
this effect is insufficient to explain the observed precipitation increase in Norway; while the temperature in 
Norway has increased by 1 K, precipitation increased by 18% (Hanssen-Bauer et al., 2017).

Thus, we must consider the dynamic changes in addition to the thermodynamic changes. Atmospheric circulation 
and associated vertical velocities comprise the dynamic component. This component is one of the major sources 
of uncertainty in climate models (Shepherd, 2014), and even the sign of the dynamic contribution to precipita-
tion change differs between climate models in the same region (Pfahl et al., 2017; Seneviratne et al., 2021). The 
historical simulations of both CMIP6 and CMIP3 models produced considerably smaller trends in precipitation 

Abstract We use a data set with daily precipitation observations from 55 homogeneity-tested stations 
in Norway from 1900 to 2019 available from MET-Norway. These observations show that precipitation in 
Norway has increased by 19% since 1900. Notably, over half of the overall increase occurred within the 
decade of 1980–1990 and is happening across all precipitation rates. To examine possible mechanisms behind 
the precipitation increase, we use a diagnostic model to separate the effects of changes in vertical velocity, 
temperature and relative humidity. We use daily vertical velocity, near-surface temperature and relative 
humidity from two reanalysis products, ERA-20C and 20th Century Reanalysis. The model-based precipitation 
correlates significantly with the observed precipitation on an annual timescale (r > 0.9), as well as captures 
the trend in all reanalysis products. The diagnostic model indicates that the variability in vertical velocity 
chiefly determines the interannual variability and long-term trend. The trend in vertical velocities contributes to 
more than 80% of the total modeled trend in precipitation between 1900 and 2019. However, over the last two 
decades (1995–2015), changes in temperature and relative humidity are the main contributors to the modeled 
trend in precipitation.
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in Northern Europe than observed in the last century (van Haren et  al.,  2013; Vicente-Serrano et  al.,  2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg,  2017; Benedict et  al.,  2019; Heikkilä & Sorteberg,  2012; Michel et  al.,  2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer,  2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et  al.,  2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et  al.,  2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et  al.,  2013; Vicente-Serrano et  al.,  2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg,  2017; Benedict et  al.,  2019; Heikkilä & Sorteberg,  2012; Michel et  al.,  2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer,  2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et  al.,  2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et  al.,  2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et  al.,  2013; Vicente-Serrano et  al.,  2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg,  2017; Benedict et  al.,  2019; Heikkilä & Sorteberg,  2012; Michel et  al.,  2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer,  2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et  al.,  2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et  al.,  2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 

 2
16
98
99
6,
 2
02
2,
 1
5,
 D
ow
nl
oa
de
d 
fr
om
 h
ttp
s:
//a
gu
pu
bs
.o
nl
in
el
ib
ra
ry
.w
ile
y.
co
m
/d
oi
/1
0.
10
29
/2
02
1J
D
03
62
34
 b
y 
U
N
IV
E
R
SI
T
Y
 O
F 
B
E
R
G
E
N
, W
ile
y 
O
nl
in
e 
L
ib
ra
ry
 o
n 
[2
0/
12
/2
02
3]
. S
ee
 th
e 
T
er
m
s 
an
d 
C
on
di
tio
ns
 (
ht
tp
s:
//o
nl
in
el
ib
ra
ry
.w
ile
y.
co
m
/te
rm
s-
an
d-
co
nd
iti
on
s)
 o
n 
W
ile
y 
O
nl
in
e 
L
ib
ra
ry
 f
or
 r
ul
es
 o
f 
us
e;
 O
A
 a
rt
ic
le
s 
ar
e 
go
ve
rn
ed
 b
y 
th
e 
ap
pl
ic
ab
le
 C
re
at
iv
e 
C
om
m
on
s 
L
ic
en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

2 of 18

in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

2 of 18

in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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in Northern Europe than observed in the last century (van Haren et al., 2013; Vicente-Serrano et al., 2021). 
However, some pf the CMIP6 models are able to capture the observed trend in the second half of the century 
(Vicente-Serrano et al., 2021). van Haren et al. (2013) linked the trend bias in CMIP3 to the circulation and sea 
surface temperature trend biases in the models' boundary conditions. As synoptic scale features, such as atmos-
pheric rivers and extratropical cyclones (ETCs), are responsible for most extreme precipitation events in coastal 
Norway (Azad & Sorteberg, 2017; Benedict et al., 2019; Heikkilä & Sorteberg, 2012; Michel et al., 2021), 
dynamic changes have likely played a substantial role in changing the precipitation in the past.

Although thermodynamics' and dynamics' contributions to extreme precipitation changes are widely discussed, 
no studies have, to our knowledge, quantified the thermodynamic and the dynamic contributions to the observed 
mean precipitation increase over longer timescales using a physical diagnostic. Previous studies have quantified 
the thermodynamic and dynamic contributions to modeled extreme precipitation changes in the future (Pfahl 
et al., 2017; Tandon et al., 2018), changes in extreme precipitation over India between 1979 and 2019 (Ali & 
Mishra, 2018), and record-events of short timescales in the past (Oueslati et al., 2019). We adopt a similar frame-
work to decompose the changes in mean precipitation into changes in thermodynamics and dynamics. We use a 
simplified model of precipitation that assumes pseudoadiabatic ascent and estimate the precipitation in Norway 
between 1900 and 2019 based on temperature, vertical velocity, and relative humidity. The method then allows us 
to decompose changes in precipitation into contributions from these three variables.

Although changes in precipitation in Norway have previously been investigated (e.g., Hanssen-Bauer, 2005; 
Hanssen-Bauer et al., 2017; Hanssen-Bauer & Førland, 1998; Hanssen-Bauer & Førland, 2000), there is currently 
no peer-reviewed literature on the topic. The most updated view on the trends used a monthly gridded data 
set (Hanssen-Bauer et al., 2017), and the interpolation uncertainties associated with such gridded precipita-
tion datasets can be much larger than the uncertainties associated with measuring precipitation itself (Haylock 
et al., 2008). We avoid the interpolation uncertainties using the observations directly, although there may be 
issues of homogeneity in long precipitation time series (Hanssen-Bauer & Førland, 1994). In addition, none of 
the studies have considered changes in extreme precipitation in Norway since 1900. We aim to complement the 
existing literature on seasonal and annual mean changes by providing an updated view of the annual mean to daily 
extreme precipitation trends using daily observations over the last 120 years.

2. Data and Methods
2.1. Observations and Quality Control

We use observations of daily accumulated precipitation from The Norwegian Meteorological Institute. The data 
set is quality-controlled and has more than 200 stations all over Norway.

To select appropriate stations for our study, we check for sufficient data coverage in addition to homogeneity. For 
the data coverage, we require that the stations have less than 25% of the data missing between 1961 and 1990. 
Because some stations have changed location over the past 120 years, we merge data from stations closer than 
4 km if the altitude difference is less than 100 m to get a longer continuous time series from the stations. We 
correct the shortest time series by multiplying it with the systematic bias, defined as the ratio of the longest to 
the shortest time series, if at least a 2 year data overlap exists. The results did not change much depending on a 
2 or 4 radius, but for an 8 km radius, the bias between the stations became substantially larger. The strict 100 m 
altitude difference was important to avoid merging a valley station with a mountain station. Then, to assure that 
a change of location, measuring technique, a merging of a station, or similar, have not artificially induced a 
trend in the time series, we check for breakpoints with a homogeneity test. The homogeneity test is a penalized 
maximum F-test (RHv4 Wang, 2008a; 2008b). If a breakpoint is detected within the time series at a 5% signifi-
cance level, we remove the station from the record. Lastly, we visually inspect the time series and the remaining 
non-significant breakpoints. If a breakpoint is detected close to a station merging, or if the time series differ 
substantially from neighboring stations, we also remove these stations. The station metadata is available in Table 
S2 of Supporting Information S1.

Due to a shift in the number of stations in the late 1950s, we focus on two different periods: 1900–2019 and 
1960–2019. In the time series starting in 1900, 69 stations meet the data coverage criteria. However, 14 of these 
did not pass the quality control, leaving 55 stations, of which 15 are merged with a neighboring station. Nearly 
all the stations are located in Southern Norway (Figure 1), while the two northernmost regions in Norway only 
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et  al.,  2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et  al.,  2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et  al.,  2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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have two stations each. In the time series starting in 1960, 229 stations meet the data coverage criteria. Of these, 
199 passed the quality control, and 64 stations were merged with a neighboring station. Despite the increase in 
the number of stations, most of them are still located in Southern Norway and at low elevations. We will refer to 
the aforementioned time-series of precipitation as OP1900 and OP1960, respectively.

We use the same precipitation regions as Michel et al. (2021), as shown in Figure 1. We refer to South-Western, 
Western, Middle-Coastal, Northern-Coastal, and Southern as coastal regions, and Middle-Inland, Northern-Inland 
and Eastern as inland, based on their seasonality characteristics of precipitation.

To calculate mean statistics for Norway, we weigh all regions equally regardless of area. This averaging method 
gives a bias toward Southern-Norway, where the regions are more numerous and smaller than the regions in 
Northern-Norway. However, the relative trend calculated for Norway of annual accumulated precipitation is 
almost insensitive to the choice of averaging methods (weighing all stations equally, weighing all regions equally, 
and weighing regions by area), differing only by 0.6%. We ignore the missing data and use only the existing 
values when we calculate the means for the individual stations. If the number of missing days exceeds 10% in a 
month, the monthly value for the station is assigned as missing.

2.2. Reanalyses

We use two reanalyzes products that provide global atmospheric data since 1900; European Centre for 
Medium-Range Weather Forecasts' (ECMWF) twentieth-century reanalysis, ERA-20C (Poli et al., 2016) and 
National Oceanic and Atmospheric Administration's (NOAA) Twentieth century Reanalysis version 3, 20CRv3 
(Slivinski et al., 2019). Both are available on a 1° latitude × 1° longitude grid and at a 3 hourly temporal resolu-
tion. ERA-20 C has 91 vertical levels between the surface and 0.01 hPa, while 20CRv3 has 28 vertical levels from 

Figure 1. Map of Norway showing precipitation stations and the regions used in this study. Circles mark stations in the short 
time series and squares stations in the long time series. Colors indicate elevation. The numbers shown after the region names 
represent the number of stations available in the region from 1900 to 1960.
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier  (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔 ∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅 − 𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇 2 + 𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝 𝑑 (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier  (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔 ∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅 − 𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇 2 + 𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝 𝑑 (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier  (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃 =
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔 ∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅 − 𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇 2 + 𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝 𝑑 (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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the surface to 1 hPa. They both assimilate surface pressure, but ERA-20C assimilates marine winds in addition. 
For comparison and reference, we use ERA5 from ECWMF (Hersbach et al., 2020). ERA5 is available from 1979 
to the present on a 30 km grid and has 137 levels in the vertical and an hourly temporal resolution.

We select 2 m temperature, dew point temperature or relative humidity, depending on availability, and vertical 
velocity in pressure coordinates from all available levels between 1,000 and 200 hPa at 12:00 UTC. We use the 
reanalyzes at 12:00 UTC because there are more observations assimilated at this time step, particularly in the 
early part of the century (Cram et al., 2015).

2.3. Trend Analysis

We use the non-parametric Mann-Kendall test (Mann, 1945) to detect statistically significant trends in the time 
series. Because the test does not assume a distribution of the data, it is commonly used to detect trends in both 
mean and extreme precipitation (e.g., Alexander et al., 2006; Westra et al., 2013; Wu et al., 2016). If a trend 
is present in the time series, we use Sen's slope estimator (Sen, 1968) to calculate the magnitude of the trend. 
Note that “significant” refers to statistically significant at the 95% confidence level throughout the paper unless 
otherwise stated.

2.3.1. Trend Analysis for Extreme Events

To determine the trend of different quantiles, we performed quantile regression on daily precipitation for 
each station following the method from Koenker and Hallock (2001). The advantage of using quantile regres-
sion compared to standard linear regression is that the quantile regression can estimate changes in all parts 
of the distribution rather than just the mean. While standard linear regression entails minimizing the sum of 
squared errors, quantile regression involves minimizing a weighted average of the absolute errors (Tareghian & 
Rasmussen, 2013). Several studies have used quantile regression to look at changes in extreme precipitation (e.g., 
Bohlinger & Sorteberg, 2018; Fan & Chen, 2016).

Rarer events, such as annual maxima, follow a Generalized-Extreme-Value (GEV) distribution and can thus be 
described with three parameters: location (μ), scale (σ), and shape (ξ). To determine whether trends are present in 
the annual maxima precipitation, we introduce time as a covariate to the location parameter, μ = μ0 + μ1t, where 
t is time. If the distribution with a varying location parameter is a better fit than a stationary location parameter 
according to a maximum-likelihood test with a 95% confidence level, we say that there is a significant trend 
in the annual maximum. Knowing the change in the location parameter allows us to calculate changes in both 
magnitude and return period for rare events, for example, 100 year events. We only used the stations available 
since 1900 to minimize the uncertainty in the calculated return values because the GEV distribution is highly 
sensitive to the record length (Hu et al., 2020). We use the extRemes software package, written in the statisti-
cal  software  language R (Gilleland & Katz, 2016), for extreme value analysis.

2.4. Diagnostic Model: Estimating Precipitation Based on Pseudoadiabatic Ascent

To relate trends in the observed precipitation to dynamically or thermodynamically induced changes, we use a 
diagnostic model based on moist pseudoadiabatic ascent. A similar formulation has been used by Sinclair (1994), 
Collier (1975), and Kunz and Kottmeier (2006) to model orographic precipitation. However, instead of using 
orographically induced velocity, we use the vertical velocity from reanalysis. We assume that all condensate 
precipitates out immediately and that no precipitation evaporates on the way down. Integrating the total conden-
sate from the lifting condensation level to the top of the troposphere then yields the precipitation generated by the 
moist-pseudoadiabatic ascent, PAP, as formulated in Haltiner and Williams (1980, pp. 309–310):

𝑃𝑃𝑃𝑃𝑃𝑃=
𝜆𝜆𝑅𝑅𝑅𝑅

𝑔𝑔∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿

𝛿𝛿𝑚𝑚
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑝𝑝

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑝𝑝𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿
2
𝑣𝑣

)

𝜔𝜔(𝑝𝑝)𝑑𝑑𝑝𝑝𝑑  (1)

In Equation 1, pLCL and ptop are the pressure of the cloud base and 200 hPa, respectively. qs is the saturation mixing 
ratio, ω is the vertical velocity in pressure coordinates, which is a function of pressure (p), T is temperature, R 
and Rv are the ideal gas constants for dry air and moist air, respectively, and Lv is the latent heat of vapouriza-
tion. δm is the Heaviside function which is 1 if the vertical velocity is upward and 0 otherwise and is evaluated 
at all levels. To avoid precipitation in unsaturated conditions but account for that part of the grid cell may be 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃 ≈ 𝑃𝑃𝜆𝜆 + 𝑃𝑃𝑇𝑇 ∗ + 𝑃𝑃𝜔𝜔∗

= 𝜆𝜆𝑅𝑅𝑅𝑅 ∫ 𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇 ∗] [𝜔𝜔∗(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫ 𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇 ∗ [𝜔𝜔∗(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫ 𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇 ∗]𝜔𝜔∗(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅− 𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇
2 + 𝑞𝑞𝑠𝑠𝐿𝐿

2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ , and 𝐴𝐴 𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗

=𝜆𝜆𝑅𝑅𝑅𝑅∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇∗][𝜔𝜔∗(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇∗[𝜔𝜔∗(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇∗]𝜔𝜔∗(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇
2+𝑞𝑞𝑠𝑠𝐿𝐿

2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗

=𝜆𝜆𝑅𝑅𝑅𝑅∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇∗][𝜔𝜔∗(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇∗[𝜔𝜔∗(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇∗]𝜔𝜔∗(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇
2+𝑞𝑞𝑠𝑠𝐿𝐿

2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃 ≈ 𝑃𝑃𝜆𝜆 + 𝑃𝑃𝑇𝑇 ∗ + 𝑃𝑃𝜔𝜔∗

= 𝜆𝜆𝑅𝑅𝑅𝑅 ∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
] [𝜔𝜔

∗
(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇

∗
[𝜔𝜔

∗
(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
]𝜔𝜔

∗
(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅− 𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇 2 + 𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ , and 𝐴𝐴 𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃 ≈ 𝑃𝑃𝜆𝜆 + 𝑃𝑃𝑇𝑇 ∗ + 𝑃𝑃𝜔𝜔∗

= 𝜆𝜆𝑅𝑅𝑅𝑅 ∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
] [𝜔𝜔

∗
(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇

∗
[𝜔𝜔

∗
(𝑝𝑝)] 𝑑𝑑𝑝𝑝 + [𝜆𝜆𝑅𝑅𝑅𝑅 ] ∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
]𝜔𝜔

∗
(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅− 𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇 2 + 𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ , and 𝐴𝐴 𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 

 2
16
98
99
6,
 2
02
2,
 1
5,
 D
ow
nl
oa
de
d 
fr
om
 h
ttp
s:
//a
gu
pu
bs
.o
nl
in
el
ib
ra
ry
.w
ile
y.
co
m
/d
oi
/1
0.
10
29
/2
02
1J
D
03
62
34
 b
y 
U
N
IV
E
R
SI
T
Y
 O
F 
B
E
R
G
E
N
, W
ile
y 
O
nl
in
e 
L
ib
ra
ry
 o
n 
[2
0/
12
/2
02
3]
. S
ee
 th
e 
T
er
m
s 
an
d 
C
on
di
tio
ns
 (
ht
tp
s:
//o
nl
in
el
ib
ra
ry
.w
ile
y.
co
m
/te
rm
s-
an
d-
co
nd
iti
on
s)
 o
n 
W
ile
y 
O
nl
in
e 
L
ib
ra
ry
 f
or
 r
ul
es
 o
f 
us
e;
 O
A
 a
rt
ic
le
s 
ar
e 
go
ve
rn
ed
 b
y 
th
e 
ap
pl
ic
ab
le
 C
re
at
iv
e 
C
om
m
on
s 
L
ic
en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

5 of 18

saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗

=𝜆𝜆𝑅𝑅𝑅𝑅∫
𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
][𝜔𝜔

∗
(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇

∗
[𝜔𝜔

∗
(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
]𝜔𝜔

∗
(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗
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where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗

=𝜆𝜆𝑅𝑅𝑅𝑅∫
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∗
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∗
(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
]𝜔𝜔

∗
(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

5 of 18

saturated even if the average RH is below saturation, we introduce the RH-threshold parameter, λRH. λRH is 1 if 
RH > RHc and 0 otherwise. RHc is a critical relative humidity, set to 0.75 in every grid point, which according to 
Quaas (2012) is representative of pressure levels below 900 hPa over Europe as well as close to the mean global 
value at 1,000 hPa. For simplicity, we set the cloud base as the lifting condensation level, where air reaches 
saturation with a dry-adiabatic ascent from 1,000 hPa, estimated from the 2 m temperature and the 2 m relative 
humidity. Although keeping the sea level pressure constant is a simplification, we find the effect negligible as the 
results differ with <0.5%. Within the cloud, we assume the air is saturated and that the temperature follows the 
moist-adiabatic lapse rate.

Equation 1 shows that precipitation depends on the upward vertical velocity inside the cloud and indirectly on the 
2  temperature and 2 m relative humidity, which affect the level of condensation, and thus the temperature within 
the cloud. We integrate all the levels with upward vertical velocity from the level of condensation to 200 hPa, 
where 200 hPa approximates the top of the troposphere.

2.4.1. Separating the Effects of Changes in Vertical Velocity, Temperature, and Relative Humidity

To separate the contribution from changes in vertical velocity, temperature, and relative humidity to the long-term 
trend in precipitation, we decompose Equation 1. First, we construct a seasonal mean based on data from each day 
from all the years for the three variables at all pressure levels in a grid cell. Thereafter, we smooth the mean using 
a running 25 day average. The seasonal cycle of the vertical velocity is constructed from days with upward motion 
only at each pressure level. We then allow one term to vary on a daily timescale while keeping the seasonal cycle 
of the two other terms constant;

𝑃𝑃𝑃𝑃𝑃𝑃≈𝑃𝑃𝜆𝜆+𝑃𝑃𝑇𝑇∗+𝑃𝑃𝜔𝜔∗

=𝜆𝜆𝑅𝑅𝑅𝑅∫
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∗
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∗
(𝑝𝑝)]𝑑𝑑𝑝𝑝+[𝜆𝜆𝑅𝑅𝑅𝑅]∫

𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝

𝑝𝑝𝐿𝐿𝐿𝐿𝐿𝐿
[𝑇𝑇

∗
]𝜔𝜔

∗
(𝑝𝑝)𝑑𝑑𝑝𝑝

 (2)

where T* is 𝐴𝐴
𝑞𝑞𝑠𝑠𝑇𝑇

𝑅𝑅𝑅𝑅

(

𝐿𝐿𝑣𝑣𝑅𝑅−𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇

𝑐𝑐𝑅𝑅𝑅𝑅𝑣𝑣𝑇𝑇2+𝑞𝑞𝑠𝑠𝐿𝐿2
𝑣𝑣

)

 , ω* is δm(p)ω(p), and the square brackets denote the smoothed average seasonal 
cycle. Pλ, 𝐴𝐴𝐴𝐴𝑇𝑇∗ , and 𝐴𝐴𝐴𝐴𝜔𝜔∗ thus represent the precipitation contribution from relative humidity, temperature, and verti-
cal velocity, respectively. Despite the terms not being independent, their sum deviates little from that of the full 
equation with an average absolute error of 2.9%, 3.6%, and 3.1% in 20CRv3, ERA-20C, and ERA5, respectively, 
on an annual timescale. The small absolute errors indicate that the separation method is adequate and that the 
contributions from the interactive terms are small.

3. Observed Climatology and Trends
3.1. Is the Station Network in the Long Time Series Representative?

As the station coverage increased substantially from 1900 to 1960 (55 stations to 199 stations), we check whether 
OP1900 represents precipitation on both a regional and national level compared to OP1960 (see Figure 1 for an 
overview of the spatial distribution of the stations). The national annual mean precipitation from OP1900 corre-
lates near-perfectly to OP1960 (r = 0.99). Furthermore, a linear regression of the monthly average precipitation 
from OP1900 to OP1960 reveals a mean slope of 0.98x, where x is the monthly average precipitation. Thus, 
OP1900 overestimates the monthly average precipitation by 2% compared to OP1960. However, OP1900 and 
OP1960 show a similar mean (difference <2.5%) and trend (difference <1%).

The high correlations between OP1900 and OP1960 can be explained by the high correlation between the stations 
in the coastal regions. For example, a station in Western correlates better to a station in Northern-Coastal more 
than 1,000 km away (r = 0.4) than to a closer station in Eastern, only 250 km away (r = 0.1).

With the number of stations and the correlation distances in mind, we do not have sufficient station cover-
age to calculate representative trends for Northern-Inland or Northern-Coastal. Northern-Inland has only two 
stations in OP1900 available, and they correlate poorly to each other because the correlation drops rapidly with 
distance (r = 0.2, mean distance = 100 km) and to stations in other regions (r < 0.2). The station coverage in 
Northern-Coastal is also poor, with only two stations in OP1900. Although these stations are better correlated 
than in Northern-Inland (r = 0.4, mean distance = 250 km) and show a quite high correlation to Middle-Coastal 
(r = 0.4, mean distance = 650 km), it is impossible to determine whether they are representative of the region. 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure  2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure  3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer  (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure  2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure  3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer  (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure  2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure  3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer  (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

6 of 18

However, we will present the climatology for both regions based on OP1960, when the station coverage in 
Northern-Coastal improves substantially (from 2 to 17 stations).

The high correlation between the stations within regions and the linear regression slope parameter (close to 1) 
gives us confidence that we can use OP1900 to analyze changes in the mean and extreme precipitation of most 
regions and Norway as a whole between 1900 and 2019.

3.2. Observed Precipitation Climatology

We calculate the climatology for 1960–2019 to include as many stations as possible. Norway has a clear sepa-
ration between the coastal and inland climates. In the coastal regions, humid air masses from the west meet the 
steep orography along the coastline and form orographically enhanced precipitation, which maximizes at the first 
orographic barrier before it decreases (Figure 2). Both the frequency of precipitation and the intensity are highest 
in Western and South-Western in all seasons (Figures 2b and 2c). It rains more than 45% of the days with an 
average of more than 10 mm/day (see table 1 for an overview). In contrast, Northern-Inland and Middle-Inland 
are the driest regions, reflected in both low mean wet day intensity (<6 mm/day) and wet day frequency (<33%).

The seasonal timing of precipitation is also different between the inland and coastal regions (Figure 2a). 
While most precipitation in the coastal region falls during September-November (SON), June-August (JJA) is 
the wettest season in the inland regions. March-May (MAM) is the driest season in coastal regions, whereas 
December-February (DJF) is the driest season in inland regions. Although JJA contributes relatively more to 
annual precipitation in the inland regions, the coastal regions are wetter in all seasons.

The distribution of the extreme precipitation (99th percentile) largely follows that of the observed climatology 
(Figure 2d). The 99th percentile is highest in Western Norway, and extreme precipitation events mainly occur 
in SON and DJF. Most extreme precipitation events occur in JJA and SON in the inland regions, and the 99th 
percentile is lower than in the coastal regions. However, the contribution from extreme precipitation to the annual 
total precipitation is higher in inland regions (15%–17%) than in coastal regions (12%–14%), and the proportion 
is increasing northwards (not shown).

The different seasonal cycles of precipitation and the differences in the rate at which correlation decrease with 
distance indicate different precipitation-generating mechanisms between the regions. That precipitation in coastal 
regions affects larger areas than in inland regions is consistent with precipitation events in coastal regions being 
of more synoptic-scale nature and directly associated with ETCs and westerly flow. This is consistent with Michel 
et al. (2021), who found that 82% of precipitation extremes in Western were associated with atmospheric rivers, 
which are linked to ETCs (e.g., Ralph et al., 2004). In contrast, <50% of extreme events in inland regions occurred 
with atmospheric rivers. This suggests that local convection and fewer or weaker ETCs dominate inland regions.

3.3. Trends and Changes in Time

The annual mean precipitation in Norway has increased by 19% between 1900 and 2019 (Figure 3a). The 
slightly larger value compared to Hanssen-Bauer et al. (2017) can be partly attributed to the inclusions of the 
years 2017–2019. It is also possible that the discrepancies come from different datasets used, as we use the 
station observations directly while Hanssen-Bauer et al. (2017) use a monthly gridded data set. Gridded data-
sets and observations have been shown to give different trends (Hanssen-Bauer et al., 2006). Precipitation has 
increased significantly in Western, Eastern, Middle-Coastal, Middle-Inland, and South-Western (see table 1 for 
an overview of all trends in all regions). Middle-Coastal has the largest relative increase (30.2%), but the region 
has no trend in the second half of the time series. In contrast, South-Western has the largest absolute increase 
(414 mm), with most of the increase after 1960 (402 mm). Lastly, five of the six regions with adequate data 
coverage exhibit a statistically significant trend at the 99% confidence level compared to the 4 of 13 regions in 
Hanssen-Bauer (2005).

Consistent with Hanssen-Bauer (2005), we find that precipitation in Norway since 1900 has increased in all 
seasons, but most in absolute magnitudes in SON (19.9%) and relative magnitudes in MAM (Figure 4, Figure S1 
in Supporting Information S1). DJF is the only season without a significant trend in the long time series because 
of high interannual variability (however, the trend is still positive). Notably, almost half of the long-term increase 
occurred between 1980 and 1990 and was most prominent in DJF. Western and South-Western show the largest 
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.

 21698996, 2022, 15, D
ow
nloaded from
 https://agupubs.onlinelibrary.w
iley.com
/doi/10.1029/2021JD
036234 by U
N
IV
E
R
SIT
Y
 O
F B
E
R
G
E
N
, W
iley O
nline L
ibrary on [20/12/2023]. See the T
erm
s and C
onditions (https://onlinelibrary.w
iley.com
/term
s-and-conditions) on W
iley O
nline L
ibrary for rules of use; O
A
 articles are governed by the applicable C
reative C
om
m
ons L
icense

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

7 of 18

increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

7 of 18

increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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increase, both in absolute and relative terms, but a signal is present in all regions (Figure 4 a, see Figure S1 in 
Supporting Information S1 for relative terms). This increase looks particularly dramatic because the years before 
1980 were anomalously dry, while the years after were anomalously wet compared to the mean. The precipitation 
continued to increase after 1990, but at a lower rate and in all regions and seasons (Figures 4a–4d).

Both the frequency and intensity have contributed to the change in observed precipitation. In Norway, on average, 
between 1960 and 2019, the number of wet days increased by almost 10 days (6%, see Table 1), with an accom-
panying significant decrease in the annual longest dry spells (consecutive dry days, <1 mm/day). The trend in the 
absolute contribution of the precipitation rates to the annual total precipitation increase across all precipitation 
rates (Figure S2a in Supporting Information S1) indicates an overall increase in wet days, including an increase in 

Figure 2. Spatial pattern of precipitation in Norway. Bars represent the seasonal average in the different regions. The map and individual stations are shaded according 
to (a) The annual mean precipitation in mm, (b) Wet day frequency, given in percent, and (c) mean intensity on the wet days in mm/day, (d) 99th percentile of daily 
precipitation amount (99p), while the bars represent the average number of events per year in the different seasons in the different regions.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
Western Southern

Northern-
Inland Western Eastern

Middle-
Coastal

Middle-
Inland

Northern-
Coastal Norway

Mean wet-day intensity 1900 mean [mm/day] 10.8 10.0 3.9 10.7 6.8 7.8 5.5 5.8 8.1

rel 13.9 b 2.1 - 7.2 a 5.8 a 20.6 b 4.6 - 8.1 b

abs 1.5 b 0.2 - 0.8 a 0.4 a 1.6 b 0.3 - 0.7 b

1960 mean [mm/day] 10.1 9.2 4.0 11.4 6.7 7.9 5.1 6.1 8.2

rel 12.5 b 5.2 1.4 11.1 a 7.3 a 9.2 a 7.9 b 9.3 9.4 b

abs 1.3 b 0.5 0.1 1.3 a 0.5 a 0.7 a 0.4 b 0.6 0.8 b

Annual precipitation 1900 mean [mm/year] 1,772.7 1,362.1 381.1 1,850.5 803.0 1,230.8 686.9 785.4 1,189.1

rel 23.4 b 9.0 - 17.3 b 18.3 b 30.2 b 22.4 b - 20.0 b

abs 414.5 b 123.0 - 319.9 b 147.1 b 371.9 b 154.0 b - 236.6 b

1960 mean [mm/year] 1,720.8 1,207.6 409.0 2,079.9 786.9 1,332.1 610.4 907.2 1,270.0

rel 23.8 b 16.7 0.4 18.0 15.6 a 10.2 14.4 b 4.9 17.2 b

abs 408.8 b 201.3 1.8 372.3 122.7 a 135.4 88.0 b 44.5 219.2 b

Number of wet days 1900 mean [days/year] 162.9 135.5 98.3 166.7 116.4 152.3 117.4 135.9 137.2

rel 7.6 a 7.2 - 12.2 b 13.4 b 10.7 b 18.5 b - 12.9 b

abs 12.6 a 9.7 - 20.3 b 15.6 b 16.3 b 21.7 b - 17.7 b

1960 mean [days/year] 167.9 130.6 102.2 177.3 117.1 163.4 115.7 145.3 146.1

rel 10.9 a 10.9 a 0.0 6.9 9.8 2.7 8.1 a −2.6 6.6

abs 18.3 a 14.3 a 0.0 12.2 11.5 4.5 9.4 a −3.8 9.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
WesternSouthern

Northern-
InlandWesternEastern

Middle-
Coastal

Middle-
Inland

Northern-
CoastalNorway

Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
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Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
Western Southern

Northern-
Inland Western Eastern

Middle-
Coastal

Middle-
Inland

Northern-
Coastal Norway

Mean wet-day intensity 1900 mean [mm/day] 10.8 10.0 3.9 10.7 6.8 7.8 5.5 5.8 8.1

rel 13.9 b 2.1 - 7.2 a 5.8 a 20.6 b 4.6 - 8.1 b

abs 1.5 b 0.2 - 0.8 a 0.4 a 1.6 b 0.3 - 0.7 b

1960 mean [mm/day] 10.1 9.2 4.0 11.4 6.7 7.9 5.1 6.1 8.2

rel 12.5 b 5.2 1.4 11.1 a 7.3 a 9.2 a 7.9 b 9.3 9.4 b

abs 1.3 b 0.5 0.1 1.3 a 0.5 a 0.7 a 0.4 b 0.6 0.8 b

Annual precipitation 1900 mean [mm/year] 1,772.7 1,362.1 381.1 1,850.5 803.0 1,230.8 686.9 785.4 1,189.1

rel 23.4 b 9.0 - 17.3 b 18.3 b 30.2 b 22.4 b - 20.0 b

abs 414.5 b 123.0 - 319.9 b 147.1 b 371.9 b 154.0 b - 236.6 b

1960 mean [mm/year] 1,720.8 1,207.6 409.0 2,079.9 786.9 1,332.1 610.4 907.2 1,270.0

rel 23.8 b 16.7 0.4 18.0 15.6 a 10.2 14.4 b 4.9 17.2 b

abs 408.8 b 201.3 1.8 372.3 122.7 a 135.4 88.0 b 44.5 219.2 b

Number of wet days 1900 mean [days/year] 162.9 135.5 98.3 166.7 116.4 152.3 117.4 135.9 137.2

rel 7.6 a 7.2 - 12.2 b 13.4 b 10.7 b 18.5 b - 12.9 b

abs 12.6 a 9.7 - 20.3 b 15.6 b 16.3 b 21.7 b - 17.7 b

1960 mean [days/year] 167.9 130.6 102.2 177.3 117.1 163.4 115.7 145.3 146.1

rel 10.9 a 10.9 a 0.0 6.9 9.8 2.7 8.1 a −2.6 6.6

abs 18.3 a 14.3 a 0.0 12.2 11.5 4.5 9.4 a −3.8 9.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
Western Southern

Northern-
Inland Western Eastern

Middle-
Coastal

Middle-
Inland

Northern-
Coastal Norway

Mean wet-day intensity 1900 mean [mm/day] 10.8 10.0 3.9 10.7 6.8 7.8 5.5 5.8 8.1

rel 13.9 b 2.1 - 7.2 a 5.8 a 20.6 b 4.6 - 8.1 b

abs 1.5 b 0.2 - 0.8 a 0.4 a 1.6 b 0.3 - 0.7 b

1960 mean [mm/day] 10.1 9.2 4.0 11.4 6.7 7.9 5.1 6.1 8.2

rel 12.5 b 5.2 1.4 11.1 a 7.3 a 9.2 a 7.9 b 9.3 9.4 b

abs 1.3 b 0.5 0.1 1.3 a 0.5 a 0.7 a 0.4 b 0.6 0.8 b

Annual precipitation 1900 mean [mm/year] 1,772.7 1,362.1 381.1 1,850.5 803.0 1,230.8 686.9 785.4 1,189.1

rel 23.4 b 9.0 - 17.3 b 18.3 b 30.2 b 22.4 b - 20.0 b

abs 414.5 b 123.0 - 319.9 b 147.1 b 371.9 b 154.0 b - 236.6 b

1960 mean [mm/year] 1,720.8 1,207.6 409.0 2,079.9 786.9 1,332.1 610.4 907.2 1,270.0

rel 23.8 b 16.7 0.4 18.0 15.6 a 10.2 14.4 b 4.9 17.2 b

abs 408.8 b 201.3 1.8 372.3 122.7 a 135.4 88.0 b 44.5 219.2 b

Number of wet days 1900 mean [days/year] 162.9 135.5 98.3 166.7 116.4 152.3 117.4 135.9 137.2

rel 7.6 a 7.2 - 12.2 b 13.4 b 10.7 b 18.5 b - 12.9 b

abs 12.6 a 9.7 - 20.3 b 15.6 b 16.3 b 21.7 b - 17.7 b

1960 mean [days/year] 167.9 130.6 102.2 177.3 117.1 163.4 115.7 145.3 146.1

rel 10.9 a 10.9 a 0.0 6.9 9.8 2.7 8.1 a −2.6 6.6

abs 18.3 a 14.3 a 0.0 12.2 11.5 4.5 9.4 a −3.8 9.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
WesternSouthern

Northern-
InlandWesternEastern

Middle-
Coastal

Middle-
Inland

Northern-
CoastalNorway

Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
WesternSouthern

Northern-
InlandWesternEastern

Middle-
Coastal

Middle-
Inland

Northern-
CoastalNorway

Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
WesternSouthern

Northern-
InlandWesternEastern

Middle-
Coastal

Middle-
Inland

Northern-
CoastalNorway

Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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drizzle days. This is in contrast to the hypothesis that a warmer climate dominated by the thermodynamic mecha-
nism would have more days of heavy precipitation and fewer days of drizzle, leading to a general decrease in the 
number of wet days. Climate models show fewer days of drizzle at the end of the century compared to present 
over most land areas in a low-emission scenario (Sun et al., 2007), but the result is highly dependent on model 
resolution (Stephens et al., 2010). In contrast to the trend in the absolute contribution of the precipitation rates to 
the annual total precipitation, the relative contribution decreases at the lower precipitation rates and increased at 
higher rates (Figure S2b in Supporting Information S1). The precipitation intensity has increased by almost 10% 

South-
WesternSouthern

Northern-
InlandWesternEastern

Middle-
Coastal

Middle-
Inland

Northern-
CoastalNorway

Mean wet-day intensity1900mean [mm/day]10.810.03.910.76.87.85.55.88.1

rel13.9 b2.1-7.2 a5.8 a20.6 b4.6-8.1 b

abs1.5 b0.2-0.8 a0.4 a1.6 b0.3-0.7 b

1960mean [mm/day]10.19.24.011.46.77.95.16.18.2

rel12.5 b5.21.411.1 a7.3 a9.2 a7.9 b9.39.4 b

abs1.3 b0.50.11.3 a0.5 a0.7 a0.4 b0.60.8 b

Annual precipitation1900mean [mm/year]1,772.71,362.1381.11,850.5803.01,230.8686.9785.41,189.1

rel23.4 b9.0-17.3 b18.3 b30.2 b22.4 b-20.0 b

abs414.5 b123.0-319.9 b147.1 b371.9 b154.0 b-236.6 b

1960mean [mm/year]1,720.81,207.6409.02,079.9786.91,332.1610.4907.21,270.0

rel23.8 b16.70.418.015.6 a10.214.4 b4.917.2 b

abs408.8 b201.31.8372.3122.7 a135.488.0 b44.5219.2 b

Number of wet days1900mean [days/year]162.9135.598.3166.7116.4152.3117.4135.9137.2

rel7.6 a7.2-12.2 b13.4 b10.7 b18.5 b-12.9 b

abs12.6 a9.7-20.3 b15.6 b16.3 b21.7 b-17.7 b

1960mean [days/year]167.9130.6102.2177.3117.1163.4115.7145.3146.1

rel10.9 a10.9 a0.06.99.82.78.1 a−2.66.6

abs18.3 a14.3 a0.012.211.54.59.4 a−3.89.7

Note. Changes are both from the long and short time series; note that the trends starting in 1960 are based on substantially more stations. The changes are multiplied 
with the length of the period, 120 and 60 years for the time series starting in 1900 and 1960, respectively. rel is the change in relative terms over the period, whereas 
abs is the trend in absolute measures (units of mm, days, and mm). The no-data is in regions where we find it misleading to calculate the trends because of the poor 
station coverage.
 aSignificant at the 5% confidence level.  bSignificant at 99% confidence level.

Table 1 
Trends in Mean Wet-Day Intensity Intensity, Annual Total, and the Number of Wet Days

Figure 3. Time series of annual mean precipitation anomalies relative to the whole time series. The thin red line indicates 
number of averaging years is less than the length of the sliding averaging-window.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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in Norway since 1900. The precipitation increase in Norway is due to both increased frequency and intensity. It is 
neither constrained to the upper percentiles nor is it happening at the expense of the lower percentiles.

3.4. Changes in Intense and Extreme Precipitation

To investigate changes in intense and extreme precipitation, we use quantile regression as well as extreme value 
theory.

The 95th and 99th percentiles show a positive change in 90% of the OP1900-stations using quantile regression, 
and half of these trends are significant at the 5% significance level. That the absolute increase is becoming larger 
for the higher percentiles and that most stations exhibit a positive trend is visible in Figure 5 top panel (absolute 
changes). The relative changes of the 99th percentile are larger than the mean in 49% of the stations in Norway and 
69% of the stations for the 95th percentile, consistent with the notion that intense precipitation will increase faster 
than the mean in the future (Myhre et al., 2019) (Figure 5, second row). Although more stations show negative 
trends at even higher percentiles (99.5th and 99.9th), the majority still show positive trends (96%/76% OP1900/
OP1960), but few of the trends are significant. The 95th percentile increases significantly in South-Western 
(23%), Northern-Inland (23%), Eastern (16%), and Middle-Coastal (25%). Despite the significant increase of the 
95th percentile, the fraction of the 95th percentile to the total annual precipitation has only increased significantly 
in South-Western (increased by 9% over the past 120 years), Northern-Inland (6.5%), and Middle-Coastal (9.6%). 
At lower percentiles (25th to 75th), the trends are both positive and negative but small (<1 mm/60 years/<10%).

Calculating the changes in the number of days of intense precipitation based on a constant threshold for the 95th, 
99th, 99.5th, and 99.9th percentile, most stations show an increase in the number of days exceeding the thresh-
olds (Figure 5, third panel), although not necessarily significant. Days exceeding the 95th percentile increased 
by 4.9 days over 120 years (30%), the 99th percentile increased by 0.8 days (24%), while there is no trend for the 
99.9th percentile. The relative trend is of similar magnitude for the different percentiles. In Middle-Coastal, the 
days with precipitation exceeding the 95th percentile have increased by 12 days in the past 120 years, and  the  trend 
is steeper in OP1960 (0.7 days/year) than OP1900 (0.04 days/year).

The bottom panel of Figure 5 shows the results from fitting a GEV-distribution to the annual maxima and intro-
ducing time as a covariate to the location parameter. Although the uncertainties are large (not shown), most 
stations have a positive trend in the magnitude of the 100-year events (on average, 40% increase), and the waiting 
time is reduced by 25 years. However, some of the stations show more than 60 years reduction in waiting time for 
a 100 year event. It is worth noting that all significant trends are positive (23% of the stations). In addition, the 
overall pattern is qualitatively consistent with the trends in the quantile regression.

Figure 4. Seasonal 10 year running mean precipitation anomalies for each region relative to the whole time series.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

10 of 18

Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

10 of 18

Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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Some variability in the sign of the trends is expected as all statistical tests are designed to have a specified false 
discovery rate. Sun et al. (2021) found that for the Rx1day index (the annual maximum precipitation), 10% of 
the stations in Europe showed significant increasing trends at the 95% confidence interval, which was larger 
compared to what can be expected by chance alone (between 0% and 6%). Although not directly comparable, 
18% of the stations show a significant increasing trend in Norway for the 99th percentile, which on average 
occur 4 times a year. The 3.6% stations showing significant negative trends are, on the other hand, within the 
range of what can be considered “due to chance,” and there are no systematic negative trends within or between 
regions. The overall tendency is thus toward more intense precipitation, although the interannual variability is 
large. Furthermore, the fact that the two different methods agree corroborates that the extreme precipitation has 
increased over the past century.

4. Drivers of Annual Precipitation Variability and Trends
What has caused the change in annual mean precipitation? We have described the statistical properties of how 
the precipitation has changed over the past 120 years. To relate the observed annual mean precipitation increase 
to either thermodynamic or dynamic changes, we use the diagnostic model outlined in Equation 1. The diag-
nostic model estimates precipitation – based on pseudoadiabatic ascent – for three different reanalysis products, 
ERA-20C, 20CRv3, and ERA5. We show the annual relative anomalies of the estimated precipitation (pseudoad-
iabatic precipitation, [PAP]) compared to the observed precipitation (OP1900) and precipitation from ERA-20C 
(P_ERA-20C) and 20CRv3 (P_20CRv3) in Figure 6. Because observations represent point-processes rather than 
area averages as models do, we bin the observations on a 1° × 1° latitude-longitude grid and do the average of 
all stations in a grid box prior to averaging over all the grid boxes in a region. This way, we avoid emphasizing 
regions with a high station density but note that we are comparing PAP to a smaller set of grid points which can 
cause some discrepancies when comparing PAP to OP1900.

Figure 5. Summary of the changes in extreme and intense precipitation. Each tile along the x-axis represents the individual stations grouped together in regions. Top 
panel: Changes in percentiles grouped by regions for all stations available from 1900 from quantile regression. The upper percentiles (>95) are based on all days, 
while the lower are based on only the wet days to avoid zero precipitation at the lower percentiles. Second panel: same as top, but for relative changes. Third panel: 
Trend in relative number of days exceeding a percentile. Bottom panel: Results from the GEV-fitting, split into three rows: (a) changes in the absolute magnitude of 
100 year events, (b) changes in the relative magnitude of 100 year events, (c) changes in waiting time in years. Note that the changes are given over a 120 year period 
(1900–2019). NI is Northern-Inland, MI is Middle-Inland, and NC is Northern-Coastal. Hatching indicates non-significant trends at the 95% significant level.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴 𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴 𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴 𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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The number of pressure observations assimilated into the reanalysis in Northern Europe was sparse before 1935 
(Slivinski et al., 2019) and the quality of the reanalyzes is more questionable before 1950 in terms of circulation 
indices such as the North Atlantic and Arctic Oscillations (Bloomfield et al., 2018; Poli et al., 2016). However, 
we find that PAP correlates well with OP1900 after 1930 (r > 0.9) in both reanalyzes, and considerably higher 
than between 1900 and 1930 (r = 0.68) on an annual time scale. We therefore omit the period 1900–1930 from 
our analysis.

The absolute level of PAP is underestimated compared to OP1900, and more so using ERA-20C than both 
20CRv3 and ERA5 (see a summary of key numbers in Table S1 of Supporting Information S1). The different 
magnitude of PAP in ERA-20C compared to 20CRv3 can be linked to the critical relative humidity; although 
the relative humidity is consistently higher in 20CRv3 than in ERA-20C, we have used the same critical relative 
humidity. However, the variability and the relative anomalies are similar between PAP using all reanalysis prod-
ucts and OP1900, indicating that the relative humidity mainly affects the magnitude of precipitation and not the 
variability.

In addition to a high temporal correlation on an annual time scale, PAP also shows similar spatial variability char-
acteristics, with higher values in coastal Norway than inland regions. The trend is also relatively well captured in 
PAP, 20% (17%) in 20CRv3 (ERA-20C) compared to the observed 14%. Note that the trend differs slightly from 
the result presented earlier (see Table 1) due to a different period (1930–2010) and averaging method. Because 
the method works adequately, both spatial and temporal, we use Equation 2 to decompose the observed changes in 
precipitation into contributions from thermodynamics (through changes in temperature and subsequent changes 
in the water vapor content), dynamics (through changes in vertical velocity), and changes in relative humidity.

Vertical velocity is the key variable in understanding the interannual variability and the long-term trend in annual 
precipitation (Figure 7). 𝐴𝐴𝐴𝐴𝜔𝜔∗ (precipitation varying only due to the vertical velocity) accounts for 93% (89%) of the 
yearly variance in PAP based on 20CRv3 (ERA-20C). The contribution from vertical velocity to the precipitation 
anomalies is mainly negative before 1970 and positive after 1970. This shift coincides with the marked increase 
in the observed precipitation (Figure 3). In addition, it is worth noting that the absolute magnitude of the verti-
cal velocity differs substantially between ERA-20C and 20CRv3, although the relative anomalies are the same. 
ERA-20C shows consistently weaker vertical motion than 20CRv3, which provides an additional explanation for 
why the estimated absolute precipitation values are lower in ERA-20C than 20CRv3.

Pλ (precipitation varying only due to the relative humidity) accounts for <1% of the interannual variability using 
20CRv3 and 45% using ERA-20C. The discrepancy arises because the relative humidity is higher in 20CRv3 than 
in ERA-20C, but RHc is the same. As the relative humidity in 20CRv3 tend to be above RHc, the precipitation 
frequency is mainly decided by the frequency of upward motion, while it is also limited by relative humidity in 
ERA-20C. Therefore, the correlation of PAP to 𝐴𝐴𝐴𝐴𝜔𝜔∗ in 20CRv3 is higher than in ERA-20C, while Pλ accounts for 
more of the variability in ERA-20C. Lastly, PT* (precipitation varying only due to surface temperature) accounts 
for 58% (61%) in 20CRv3 (ERA-20C). Note that the sum of the variability exceeds 100% because the terms are 
not independent.

We can decompose the trend into the trends in individual additive terms (Equation 2). The sum of the trends of 
the individual terms (Pλ, Pω*, PT*) roughly equals the full estimated PAP trend (the difference is less than 2% 

Figure 6. Pseudoadiabatic precipitation based on ERA5, ERA-20C, and 20CRv3, observed precipitation (OP1900), and 
precipitation from reanalysis (P_ERA-20C and P_20CRv3) anomalies compared to the 1980–2010 average over Norway.
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴 𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴 𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴 𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴 𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴 𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴 𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴 𝐴𝐴𝑇𝑇 ∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴 𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).

 2
16

98
99

6,
 2

02
2,

 1
5,

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//a

gu
pu

bs
.o

nl
in

el
ib

ra
ry

.w
ile

y.
co

m
/d

oi
/1

0.
10

29
/2

02
1J

D
03

62
34

 b
y 

U
N

IV
E

R
SI

T
Y

 O
F 

B
E

R
G

E
N

, W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 o

n 
[2

0/
12

/2
02

3]
. S

ee
 th

e 
T

er
m

s 
an

d 
C

on
di

tio
ns

 (
ht

tp
s:

//o
nl

in
el

ib
ra

ry
.w

ile
y.

co
m

/te
rm

s-
an

d-
co

nd
iti

on
s)

 o
n 

W
ile

y 
O

nl
in

e 
L

ib
ra

ry
 f

or
 r

ul
es

 o
f 

us
e;

 O
A

 a
rt

ic
le

s 
ar

e 
go

ve
rn

ed
 b

y 
th

e 
ap

pl
ic

ab
le

 C
re

at
iv

e 
C

om
m

on
s 

L
ic

en
se

Journal of Geophysical Research: Atmospheres

KONSTALI AND SORTEBERG

10.1029/2021JD036234

12 of 18

using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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using both 20CRv3 and ERA-20C). However, the relative trends in PAP are overestimated compared to OP1900's 
in 20CRv3 (5% higher using 20CRv3). Decomposing the trends yield no contribution from Pλ in ERA-20C nor 
20CRv3 between 1930 and 2010 because there is no trend in relative humidity over Norway. Changes in Pω* 
accounts for 86% of the total trend in ERA-20C, and 84% in 20CRv3, while PT* comprises the rest. In ERA5, 
between 1979 and 2019, the slightly positive trend in 𝐴𝐴𝐴𝐴𝜔𝜔∗ is directly offset by the negative trend in Pλ, while 

𝐴𝐴𝐴𝐴𝑇𝑇∗ accounts for 93% of the trend. Consistent with ERA5, the trend is smaller in 𝐴𝐴𝐴𝐴𝜔𝜔∗ in ERA-20C and 20CRv3 
between 1979 and 2019.

To estimate the sensitivity of the surface temperature to precipitation, we do a linear regression of PAP to the 
near-surface temperature over Norway in the respective reanalysis. The temperature increase in ERA-20C is only 
0.6 K over Norway, while it is 0.7 K in 20CRv3, less than the observed 1K increase (Hanssen-Bauer et al., 2017). 
For 20CRv3 (ERA-20C), this yields a sensitivity to temperature of 10%/K (12%/K) of PAP to temperature, and 
4.5%K (5%/K) for 𝐴𝐴𝐴𝐴𝑇𝑇∗ in 20CRv3 (ERA-20C). The sensitivity of 𝐴𝐴𝐴𝐴𝑇𝑇∗ to temperature is slightly less than we would 
expect from pseudoadiabatic scaling. 𝐴𝐴𝐴𝐴𝜔𝜔∗ sensitivity to temperature is 8%/K in 20CRv3 and 6.8%/K in ERA-20C. 
The main discrepancy between the reanalyzes is in Pλ, which shows no relation to temperature in 20CRv3, while 
it is positive (6.8%/K) in ERA-20C. However, this difference is most likely due to the discrepancies in RH and 
RHc, as discussed earlier.

The sensitivity of the dynamic contribution to temperature is what differs most compared to Pfahl et al. (2017), 
who showed a sensitivity in the dynamic contribution in the future of 1%–3%/K over Scandinavia. However, 
the sensitivity in Pfahl et al. (2017) is calculated based on the model ensemble mean, and individual members' 
dynamic components may be more sensitive to changes in temperature. This is reflected in the large uncertainty 
in the future changes in the dynamic component (Pfahl et al., 2017). In addition, part of the discrepancy may be 
because we regress the dynamic component against changes in annual mean temperature in Norway rather than 
the global mean temperature. Furthermore, we have calculated the dynamic component directly, and taken the 
seasonality into account of the decomposition, which differs from the method of Pfahl et al. (2017).

Although the vertical velocity is argued to change little in the future, we find that the vertical velocity in the 
reanalyzes has changed over the past century. Vertical velocity is thought to change little with climate change in 
the extratropics because it does not depend on either static stability or latent heating in a non-convective envi-
ronment (O’Gorman, 2015). However, in ETCs, the asymmetry of vertical velocity and hence the strength of the 

Figure 7. 5 year running mean of relative anomalies over Norway. Pω* - contribution from vertical velocity, Pλ - relative 
humidity, PT* - temperature. Note that 20CRv3 (a) and ERA-20C (b) use the same averaging period (1930–2010), whereas 
ERA5 (c) use the whole period available as the reference (1979–2019).
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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upward motion has the potential to increase in the future because of increased latent heating (Tamarin-Brodsky 
& Hadas, 2019). If the asymmetry of the vertical motion increases, this may not be visible in the average changes 
of the vertical velocity but might be vital for precipitation changes as its distribution is known to link intimately 
to the precipitation distribution. Pendergrass and Gerber (2016) found that changing the skewness of the vertical 
velocity distribution was crucial to represent important characteristics of the changes in precipitation, that is, that 
extreme precipitation is increasing more than the mean. We, therefore, compare how the mean distribution of ω 
has changed over Norway between 1970-2010 and 1930–1970 (Figure 8). For all pressure levels (Figure 8a, only 
850 hPa shown), there are fewer occurrences of weak vertical motion in the later period than in the earlier period, 
indicating that the width of the distribution increased. Both the upward and downward intensity increase in both 
reanalysis products, but the change is more pronounced in 20CRv3 than ERA-20C. Although the overall change 
is small (2% more days of upward motion in the later period compared to the earlier period), some bins show 
substantial changes (Figure 8b). The strongest upward motion increases with more than 50% in ERA-20C and 
more than 100% in 20CRv3. The changes in vertical velocity distribution reveal that the tail is longer for changes 
in upward motions (ω < 0) than downward motions, which agrees qualitatively with the observed asymmetric 
precipitation response. In addition, the frequency of days with upward motion is increasing, consistent with the 
observed frequency increase. However, the relative increase in the occurrences of upward motion is considerably 
smaller than the observed frequency increase.

4.1. Precipitation Increase From 1980 to 2010

Notably, almost half of the precipitation increase occurred between 1980 and 1990 (Figure 3). We focus on this 
period to better understand what caused this increase. The model captures the increase and the dry years before 
the increase (Figure 6). While anomalous low relative humidity and temperatures cause the dry years (negative 
contributions from Pλ and PT*), enhanced vertical velocity (positive contribution from Pω*) cause the wet period 
(Figure 7). The positive contribution from vertical velocity is consistent across all reanalysis products, although 
the magnitude differs.

ETCs are linked to precipitation as they constitute areas of large-scale ascent and subsequent condensation and 
precipitation. In addition, ETCs are associated with fronts and often intense moisture transport, which, as it 
approaches Norway, is forced over topography and causes heavy precipitation. Hawcroft et al. (2012) found that 
>75% of all winter precipitation over Norway can be associated with ETCs. The storm track activity has been 
analyzed in previous studies using different reanalyzes and proxies. Feser et al. (2015); Chang and Fu (2003) 
found that storm track activity was weakest during the 1960s and increased until the 1990s before it decreased 
back to average values until 2010. The increase in storm track activity was particularly prominent over the East-
ern Atlantic and Europe (Chang & Fu, 2003). The timing of the lowest storm track activity fits well with the 
all-time driest winter in coastal regions in DJF in the 1960s and the subsequent increase in precipitation to an 
all-time maximum in DJF in the 1990s (Figure 4a). The decrease in storm track activity coincides with the decline 

Figure 8. Changes in the distribution of ω at 850 hPa, calculated as the change of the number of occurrences in each 
intensity of the vertical velocity between 1970 and 2010 compared to 1930–1970. (a) The change in the probability for the 
different intensities of vertical velocity. (b) Same as a, but normalized by the probability of an intensity to occur in the former 
period.
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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in the importance of vertical velocity in our diagnostic model (Figure 7), and we, therefore, hypothesize that 
the changes in the vertical velocity and hence the dynamic component of precipitation are associated with the 
storm track variability in the North Atlantic. In addition, as mentioned before, the asymmetry of vertical velocity 
in ETCs can increase because of increased latent heating due to increasing temperatures (Tamarin-Brodsky & 
Hadas, 2019). After 2000, the contribution from PT* and Pλ dominates, particularly in ERA-20C, simultaneously 
as coastal DJF precipitation decreases. The increase after 2000 is happening in all regions and all seasons. We 
note that this is consistent with a pure thermodynamic response in precipitation to the increasing temperatures 
in Norway after 2000. Furthermore, dynamic or circulation changes over Europe are consistent with other stud-
ies. Sippel et al. (2020) linked the rapid temperature increase in the 1980s over Europe to circulation changes. 
Furthermore, van Haren et al. (2013) found that errors in the climate model simulated circulation patterns were 
the main reason for the bias in precipitation trends over Northern Europe, rather than a direct effect of the models' 
coarse resolution on precipitation. However, making an exact link of ETCs to precipitation changes in Norway 
and changes in vertical velocity requires further research and is beyond the scope of this paper. In addition, 
previous studies have determined that the dynamic component has been crucial for changes in extremes. Ali and 
Mishra (2018) found that the dynamic component scaled with more than 10%/K for extreme precipitation events 
over India and was substantially larger than the thermodynamic scaling. When decomposing the moisture budget 
for a record-breaking wet January in Britain, Oueslati et al. (2019) found the dynamic component to play the most 
important role. We show that the dynamic component is also the main factor deciding the interannual variability 
in mean precipitation over long timescales in Norway.

4.2. Applicability of Method

Although we have only used this method in Norway, we believe we can say something about the general appli-
cability of the method by investigating the method's performance in the different regions. In the individual 
regions, the correlation between OP1900 (observed precipitation) and PAP (pseudoadiabatic ascent estimated 
precipitation) drops to a mean of 0.78 in 20CRv3 (min = 0.54, max = 0.88) and 0.68 in ERA-20C (min = 0.4, 
max = 0.86), and the best agreement is in South-Western and Western, followed by the rest of the coastal regions.

In the inland regions (Eastern, Northern-Inland, and Middle-Inland), PAP is underestimated in summer and 
overestimated in winter compared to observations and reanalysis-precipitation. Although OP1900 increases 
from spring to summer in Northern-Inland and Middle-Inland, PAP overestimates the precipitation in SON 
and DJF. PAP underestimates precipitation in summer in Western and Middle-Coastal, but only compared to 
reanalyzes-precipitation, not OP1900. However, as the observations are averaged over a smaller number of grid 
points, it may be that the observations are located where summer precipitation is lower than the regional average 
or that the summer precipitation is not accurately represented in the reanalyzes. Although ERA5 has a higher 
resolution and should thus better represent the vertical velocity associated with convection and possibly better 
capture the seasonal cycle, PAP does not have a better seasonal cycle in ERA5 than the other reanalyzes. This 
is most likely related to the simplistic nature of the PAP model. An essential assumption of the model is that 
the moisture supply is unlimited when precipitation occurs, which is not necessarily valid in the inland regions. 
This may partly account for the overestimation of PAP compared to OP1900, particularly because the method 
assumes it precipitates for 24 hr. The assumption that precipitation does not evaporate on the way down may lead 
to an overestimation during drizzle events but is probably less important than the aforementioned simplification. 
Lastly, ERA-20C and 20CRv3 most likely represent the vertical velocity more accurately in regions where it is 
governed by synoptic-scale dynamics. The combination of this and the coastal regions having no shortage of 
moisture supply may explain why the seasonal cycle is better represented in coastal regions where most precipi-
tation falls during SON and DJF.

To conclude, care should be taken in regions where most precipitation falls during strong convective events and 
regions where the moisture supply is limited if this method is further used for mean precipitation.

5. Uncertainties Associated With Precipitation Measurements
Precipitation measurements are susceptible to a change in location, measurement technique, or installation of 
windshields. Hanssen-Bauer and Førland (1994) found that the relocation of weather stations accounted for 47% 
of the detected inhomogeneities in precipitation stations in Norway. Relocation of weather stations can cause 
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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artificially induced trends either because the sheltering conditions are different or because the annual precip-
itation is different. We might have induced artificially induced trends when we merged stations; however, we 
discarded the entire station if any breakpoint was detected close to a station merging.

In addition to relocation, wind affects the precipitation catch. Hanssen-Bauer and Førland (1994) found that the 
installation of windshields was responsible for 30% of the inhomogeneities in the long precipitation series in 
Norway. The installation of windshields improves the catch, particularly in regions where a large portion of the 
precipitation falls as snow, but does not substantially increase the catch, even in windy conditions, for tempera-
tures <3°C (Wolff et al., 2015). In regions and mountainous areas where most precipitation falls as snow, a tran-
sition from snow to rain can also induce trends in measured precipitation. Such a trend would be mainly visible 
in the onset or offset of winter. However, it is impossible to determine whether the observed trends are due to 
a snow-rain transition. We, therefore, took the conservative approach and threw out all stations with significant 
breakpoints detected by the homogeneity test. The installation of windshields and snow-rain transition is likely 
why so few stations at high elevations and in Northern Norway passed the quality control.

In contrast, winters in South-Western and Western tend to be mild and rainy, and the installation of windshields is 
thought to be of minor importance (Hanssen-Bauer & Førland, 1994), as well as the snow-rain transition. Further-
more, 70% of all windshield installations were done in the period 1906–1910 (Hanssen-Bauer & Førland, 1994), 
and we find that the trend from 1930 to 2010 is not substantially different from the trend from 1900 to 2019. It 
is worth noting that, overall, the trends from the reanalyzes precipitation match the observed and the estimated 
precipitation (PAP).

Except for automatization gradually happening over the last decade, the sampling routine and bucket diameter 
have not changed. Automatization was responsible for 12% of the detected breakpoints between 1960 and 2018 
and generally reduced the precipitation catch (Kuya & Tveito, 2021). At the same time, the sampling frequency 
has increased in some stations from one to three times a day, which might influence the very low precipitation 
amounts due to decreased evaporation.

Our calculated trends are consistent with previous studies (Hanssen-Bauer, 2005; Hanssen-Bauer et al., 2017; 
Hanssen-Bauer & Førland, 1998, 2000). Despite the uncertainties related to precipitation measurements, we are 
confident that the trends presented here represent the actual trends except in the Northernmost regions where 
the station coverage remains poor. Lastly, our study shows that 20th-century reanalyzes are not only providing 
accurate estimates of precipitation in Europe (Poli et al., 2016) but can also be representative for smaller areas 
such as Norway.

6. Conclusions
We have analyzed observations of daily accumulated precipitation from a network of stations that measured 
continuously between 1900 and 2019 and introduced and used a diagnostic model to assess the mechanisms 
responsible for the historical precipitation variation in Norway. We find that in Norway:

1.  Precipitation has increased by 19% between 1900 and 2019. Notably, almost half of the increase occurred 
between 1980 and 1990 in winter. In contrast, the precipitation increase after 2000 occurs in all seasons.

2.  Both frequency and intensity contribute to the precipitation increase. Although we find a positive trend across 
all precipitation rates, intense precipitation's absolute magnitudes increase faster than the mean.

3.  The long-term trend and year-to-year variation in precipitation can be approximated with pseudoadiabatic 
ascent and hence three parameters: vertical velocity, temperature, and relative humidity. Changes in precipita-
tion can then be related to these three parameters.

4.  Vertical velocity is the key variable for precipitation variability and the long-term trend.
5.  The precipitation increase between 1980 and 1990 appears dramatic, but this is partly because the late ’60s 

and ’70s were anomalously dry. While low temperatures and relative humidity can explain some of the peri-
od's dryness, anomalous upward motion, and thus the dynamic contribution, dominates the wet period in the 
late ’80s and early ’90s, which corresponds to a time period where previous studies have found increased 
storm track activity in the North-Eastern Atlantic.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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The software for the penalized maximum F-test used for homogeneity testing of the stations is available for 
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for extreme value analysis, available for download at https://CRAN.R-project.org/package=extRemes.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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6.  From 2000 and onward, the vertical velocity is less important than before. Instead, the high precipitation 
amounts link to anomalously high temperatures and relative humidity, and, consistent with a pure thermody-
namic response, the precipitation increase is happening in all regions and seasons.

The precipitation increase in Norway is larger than what can be explained by increased water vapor in the atmos-
phere alone. Our decomposition of the precipitation increase points to the importance of vertical velocity, both 
for the variability and long-term trend. The dynamic part is the most uncertain parameter regarding precipitation 
changes in climate models. Hence, to predict precipitation changes in the future, it is critical to understand the 
mechanisms responsible for the changes in vertical motion in the past and the weather that governs it.
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Figure S1. Seasonal 10-year sliding average relative precipitation anomalies for each region

relative to the whole time series.

Table S1. Summary table, with mean, standard deviation (std), trend, and correlation for the

estimated precipitation from reanalysis (PAP) observed precipitation (OP) and precipitation from

reanalysis (P ERA-20C and P 20CRv3). All values represent the mean over Norway based on

annual averages in the common period between the reanalyses, 1979-2010. The trend is multiplied

by the length of the period. Correlation is between the respective variable and OP1900.

Product mean [mm/day] std [mm/day] trend [%] correlation (r)

OP1900 3.1 0.4 20.9 1.00
P ERA-20C 2.9 0.3 17.3 0.96
P 20CRv3 3.6 0.3 15.2 0.95
PAPERA−20C 2.0 0.2 24.8 0.93
PAP20CRv3 3.1 0.3 16.9 0.94
PAPERA5 3.4 0.4 23.1 0.95
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FigureS1.Seasonal10-yearslidingaveragerelativeprecipitationanomaliesforeachregion

relativetothewholetimeseries.

TableS1.Summarytable,withmean,standarddeviation(std),trend,andcorrelationforthe

estimatedprecipitationfromreanalysis(PAP)observedprecipitation(OP)andprecipitationfrom

reanalysis(PERA-20CandP20CRv3).AllvaluesrepresentthemeanoverNorwaybasedon

annualaveragesinthecommonperiodbetweenthereanalyses,1979-2010.Thetrendismultiplied

bythelengthoftheperiod.CorrelationisbetweentherespectivevariableandOP1900.

Productmean[mm/day]std[mm/day]trend[%]correlation(r)

OP19003.10.420.91.00
PERA-20C2.90.317.30.96
P20CRv33.60.315.20.95
PAPERA−20C2.00.224.80.93
PAP20CRv33.10.316.90.94
PAPERA53.40.423.10.95
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ABSTRACT: Weather features, such as extratropical cyclones (ETC), atmospheric rivers (AR),

and fronts, contribute to substantial amounts of precipitation globally. However, previous estimates

of how much these individual features contribute to precipitation are very sensitive to subjectively

chosen metrics. Furthermore, there is no information on how these weather features contribute to

precipitation poleward of 60◦ latitude. To alleviate these shortcomings, we introduce a more robust

attribution method applicable at all latitudes. Based on ERA5, we present the first global clima-

tology of the contributions from ETCs, fronts, moisture transport axes (MTA; AR-like features),

and cold air outbreaks, as well as their combinations to summer and winter precipitation as well

as extreme precipitation. Most of the precipitation in the midlatitudes relates to the combination

of ETC, Fronts, and ARs, while in polar regions, most precipitation occurs within the ETC-only

category. Extreme precipitation events in all extratropical regions are predominantly associated

with the combination of ETCs, fronts, and MTAs. In the midlatitudes, the combination of ETCs,

fronts, and MTAs occurs almost four times as often during extreme events compared to regular

events.

6

7

8

9

10

11

12

13

14

15

16

17

18

19

2

ABSTRACT:Weatherfeatures,suchasextratropicalcyclones(ETC),atmosphericrivers(AR),

andfronts,contributetosubstantialamountsofprecipitationglobally.However,previousestimates

ofhowmuchtheseindividualfeaturescontributetoprecipitationareverysensitivetosubjectively

chosenmetrics.Furthermore,thereisnoinformationonhowtheseweatherfeaturescontributeto

precipitationpolewardof60◦latitude.Toalleviatetheseshortcomings,weintroduceamorerobust

attributionmethodapplicableatalllatitudes.BasedonERA5,wepresentthefirstglobalclima-

tologyofthecontributionsfromETCs,fronts,moisturetransportaxes(MTA;AR-likefeatures),

andcoldairoutbreaks,aswellastheircombinationstosummerandwinterprecipitationaswell

asextremeprecipitation.Mostoftheprecipitationinthemidlatitudesrelatestothecombination

ofETC,Fronts,andARs,whileinpolarregions,mostprecipitationoccurswithintheETC-only

category.Extremeprecipitationeventsinallextratropicalregionsarepredominantlyassociated

withthecombinationofETCs,fronts,andMTAs.Inthemidlatitudes,thecombinationofETCs,

fronts,andMTAsoccursalmostfourtimesasoftenduringextremeeventscomparedtoregular

events.
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Extratropical cyclones (ETC), fronts, and atmospheric rivers (AR) comprise much of the daily20

weather and contribute substantially to precipitation in themidlatitudes (Catto et al. 2012; Hawcroft21

et al. 2012; Utsumi et al. 2017; Hénin et al. 2019; Rüdisühli et al. 2020; Solari et al. 2022). They22

also contribute significantly to the occurrence of extreme precipitation events (Pfahl and Wernli23

2012; Catto and Pfahl 2013; Dowdy and Catto 2017). As these features differ in dynamical origin24

and evolution, their associated precipitation characteristics in terms of frequency and intensity25

as well as spatial distribution are expected to differ. To gain further insight into the precipitation26

mechanisms associated with these weather features, we introduce a precipitation attributionmethod27

and present a climatology for the period 1979-2020 using ERA5 (Hersbach et al. 2020).28

ETCs contribute tomore than 50%of the precipitation in the northern hemisphere (NH) (Hawcroft29

et al. 2012), and fronts to more than 40% (Catto et al. 2012). The contribution of fronts is largest30

along the stormtracks, where up to 80% of the precipitation is associated with fronts (Catto et al.31

2012; Hénin et al. 2019). Moreover, fronts and ETCs are connected to 90% and 80% of extreme32
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2023),Svalbard(Serrezeetal.2015),andtheCanadianArctic(Serrezeetal.2022)showthatETCs, 47

fronts,andARscontributesubstantiallytoextremeprecipitation.Besides,extremeprecipitation 48

eventsincoastalAntarcticacontributesubstantiallytotheinter-annualvariabilityofprecipitation 49

3

Extratropical cyclones (ETC), fronts, and atmospheric rivers (AR) comprise much of the daily20

weather and contribute substantially to precipitation in themidlatitudes (Catto et al. 2012; Hawcroft21

et al. 2012; Utsumi et al. 2017; Hénin et al. 2019; Rüdisühli et al. 2020; Solari et al. 2022). They22
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(Turner et al. 2019), highlighting the relevance of weather features for precipitation on longer time50

scales.51

Investigating the importance of ARs in the polar regions is challenging as most AR detection52

algorithms are tuned towards the midlatitudes and rely on an integrated water vapour transport53

(IVT) threshold that is commonly too high for polar regions (Rutz et al. 2019). To alleviate54

this issue, we use a modified AR detection scheme designed to work seamlessly at all latitudes55

(Spensberger et al. 2023). In addition, we complement the catalogue of weather features with56

Cold Air Outbreaks (CAO) that occur frequently over high-latitude oceans (Papritz et al. 2015;57

Papritz and Spengler 2017). CAOs are associated with an intense hydrological cycle (Papritz and58

Sodemann 2018), but their climatological importance for precipitation has not been investigated.59

A limitation of previous studies is their sensitivity to a subjectively chosen ”radius of influence”60

surrounding the weather feature. All precipitation within this prescribed radius is attributed to the61

respective weather feature (see overview in table 2). For ETCs, Hawcroft et al. (2012) used a 10◦62

radius around the ETC’s center and considered all precipitation within this radius to belong to the63

ETC. Changing this radius by ±2◦ changed the attributed precipitation over Europe from 58% to64

83%, i.e., by 25%.65

Similar to ETCs, frontal precipitation is also highly sensitive to the radius. Changing the radius66

from 2.5◦ to 10◦ changed the percentage of precipitation attributed to fronts bymore than 50% in the67

midlatitudes (Catto et al. 2012). Furthermore, different studies employ different radii for the same68

feature. For fronts, Catto et al. (2012) and Hénin et al. (2019) chose 5◦ and 6◦, respectively, despite69

Hénin et al. (2019) having both higher spatial and temporal resolution. Utsumi et al. (2017) used70

500 km, and Rüdisühli et al. (2020) included additional categories, such as near-frontal (within71

300 km) and far-frontal (300-600 km). Despite the high sensitivity to the radius for the attributed72

precipitation, there is no consensus on which distances to use.73

The fact that different weather features are associated with different spatial scales further com-74

plicates the choice of an appropriate ”radius of influence”. Utsumi et al. (2017) addressed this75

issue by having different distance thresholds for ETCs (1000 km) and fronts (500 km). However,76

choosing different distances for different weather features complicates the attribution when con-77

sidering several weather features. In addition, weather features can be associated with different78

characteristic spatial scales in different locations (Hawcroft et al. 2012). It is therefore highly79
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plicates the choice of an appropriate ”radius of influence”. Utsumi et al. (2017) addressed this75
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desirable to avoid explicit distance criteria altogether – to avoid both the inherent sensitivity as80

well as different metrics across the considered weather features.81

Inconsistencies due to using a blend of observational and reanalysis data can also be prob-82

lematic. For example, the co-occurrence of extreme precipitation over India in observations and83

ERA-Interim is only 15-20% (Sørland and Sorteberg 2015). Thus, blending observations and re-84

analysis may yield physical inconsistencies with discrepancies between the precipitation-generating85

mechanism and the precipitation. Although the precipitation in ERA5 is closer to observations86

than ERA-Interim (Nogueira 2020), there are known dry and wet biases in ERA5 during summer87

(Lavers et al. 2022). Observations are also limited temporally and spatially; for instance, both88

Utsumi et al. (2017) and Dowdy and Catto (2017) only had 10 years of data coverage. The limited89

temporal coverage inhibits robust estimates of extreme events, i.e., the 99.9th percentile in 10 years90

of data with 6-hourly resolution yields less than 20 events per grid point, which is insufficient to91

obtain robust results.92

To alleviate the challenges due to the sensitivity to a subjectively chosen radius of influence and93

the lack of information at higher latitudes, we introduce a new method to attribute precipitation to94

weather features that is applicable at all latitudes. The method does not rely on a fixed distance95

between the weather feature and precipitation. For consistency and better temporal and spatial96

coverage, we use data from ERA5 (Hersbach et al. 2020) for the period 1979-2020. The extended97

temporal coverage and resolution yield more robust estimates of precipitation attributed to weather98

features, particularly for extreme events. We present the first global climatology attributing mean99

and extreme precipitation to ETCs, fronts, ARs, and Cold Air Outbreaks (CAO), as well as100

combinations thereof.101

1. Data102

We use the ERA5 reanalysis for the period 1979-2020 on a 0.5◦×0.5◦ grid with 3-hourly temporal103

resolution. Precipitation is derived from short-term forecasts initialized twice daily at 06 and 18Z.104

To obtain 3-hourly accumulated precipitation, we use the aggregated precipitation between 3h105

and 15h lead time and use the 3h aggregation interval preceding each analysis time step. We106

only consider wet events, defined as time steps with precipitation greater than 0.1 mm/3hr, as this107
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roughly equals the minimum amount it has to rain continuously throughout the day to be considered108

a wet day (1 mm/day, Klein Tank et al. 2009).109

Using this threshold, we consider 97% of the total global precipitation. In the northern hemi-110

sphere (NH) high latitudes (> 60◦N) we include slightly less precipitation, 92%, dropping to 78%111

poleward of 85◦N. Over the Antarctic continent, we consider less than 10% of the precipitation, but112

values increase to 80% along the coast. Contributions are calculated as fractions of precipitation113

for wet events only. The relative contribution from weather features is mostly insensitive to the114

chosen precipitation threshold (not shown).115

We define a time step where the 3-hourly accumulated precipitation exceeds the 99.9th percentile116

as an extreme precipitation event, where we use all timesteps independent of precipitation amount117

(as recommended by Schär et al. 2016). Specifically, we use the average of the annual 99.9th118

percentiles calculated individually for every grid point. With 3-hourly data for 40 years, the 99.9th119

percentile yields 117 time steps over the entire period. However, because of the annual averaging120

of the percentile, we end up with 149 events on average in every grid point, which is sufficient for a121

robust estimate. In the midlatitudes, 80% of these events are independent (separated by more than122

one 3-hour timestep), whereas half of them are independent in the subtropics.123

2. Detecting Weather Features124

We use the Wernli and Schwierz (2006) algorithm, including the modifications described in125

Sprenger et al. (2017), to detect ETCs. The algorithm searches for minima in sea level pressure and126

detects the outermost contour of each cyclone. Compiling a climatology of cyclone occurrences,127

the stormtracks in both hemispheres are clearly visible for DJF and JJA (Figure 1a,b)128

Frontal volumes are detected following Spensberger and Sprenger (2018), where the gradient of129

equivalent potential temperature exceeds 4.5×10−5 K/m. We define the intersection of the frontal130

volumes at 850 hPa as frontal objects for our attribution. We mask out regions with elevations131

> 1500 m, because orography often causes spurious temperature gradients. Fronts occur mainly132

along the stormtracks, although more infrequent than ETCs (Figure 1 c,d).133

We use objectively identified moisture transport axes (MTA; Spensberger et al. (2023)), which134

can be regarded as AR-like features. For a more in-depth comparison between MTAs and ARs, see135

Spensberger et al. (2023). The algorithm creates an axis tracing the line of maximum vertically136
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attributable to ETCs over Europe and the North Atlantic increased by approximately 30%when the208
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Fig. 1. Frequency of occurrence for DJF (left panels) and JJA (right panels) of ETCs (a,b), fronts (c,d), MTAs

(e,f), CAOs (g,h), and their combined occurrence (i,j). Contours in (i,j) mark the percentage of how much

precipitation is attributed with contour intervals of 30%, 70% and 90%, from light to dark red.
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Fig. 2. Schematic illustrating the attribution method. a) Typical synoptic situation with 0.1 mm/3hr precipita-

tion contour (blue contour), precipitation intensity (blue-to-pink shading), and sea level pressure (black lines). A

front (checkered area) wraps around the cyclone center (thick, black contour) with a moisture transport axis ahead

of the front (yellow line) and a CAO behind the cyclone (brown contour). b) We first attribute the precipitation

occurring within the CAO (brown). The watershed algorithm then localizes maxima in the precipitation field

(red crosses) that are set apart by a separation distance (grey line). c) The algorithm then returns precipitation

objects (coloured patches). d) Each object is attributed to the feature, or combination of features, intersecting

the object.
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Table 1. Overview of the attributed precipitation, including abbreviations of the different precipitation

categories, and their relative contribution to global, midlatitude (30◦-60◦), as well as high latitude precipitation

on the NH and SH.
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Weather Features Abbreviation Contribution
Global Midlatitudes NH > 60◦N SH > 60◦S

CAO CAO 1.1% 2.6% 3.1% 2.1%

ETC and CAO CCAO 0.2% 0.4% 0.8% 0.5%

ETC C 6.9% 9.6% 24.5% 30.4%

Front F 6.5% 3.7% 6.2% 4.3%

MTA A 20.8% 8.4% 3.1% 3.7%

MTA and Front AF 15.5% 20.6% 5.4% 4.1%

ETC and MTA CA 6.9% 9.5% 7.5% 10.1%

ETC and Front CF 3.9% 5.5% 14.8% 17.1%

ETC, MTA, and Front CAF 13.2% 28.2% 16.3% 14.8%

None Unclassified 25% 11.5% 18.4% 12.9%

of our attribution to varying the minimum separation distance by ±33% over the period 2000-2010210

is considerably less than for conventional distance thresholds (Table 2).211

Catto et al. (2012) varied the search box size from the precipitating grid cell to a weather212

feature from 5◦ to 10◦, yielding a variation of 17% in attributable precipitation to fronts in the213
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Fig.2.Schematicillustratingtheattributionmethod.a)Typicalsynopticsituationwith0.1mm/3hrprecipita-

tioncontour(bluecontour),precipitationintensity(blue-to-pinkshading),andsealevelpressure(blacklines).A

front(checkeredarea)wrapsaroundthecyclonecenter(thick,blackcontour)withamoisturetransportaxisahead

ofthefront(yellowline)andaCAObehindthecyclone(browncontour).b)Wefirstattributetheprecipitation

occurringwithintheCAO(brown).Thewatershedalgorithmthenlocalizesmaximaintheprecipitationfield

(redcrosses)thataresetapartbyaseparationdistance(greyline).c)Thealgorithmthenreturnsprecipitation

objects(colouredpatches).d)Eachobjectisattributedtothefeature,orcombinationoffeatures,intersecting

theobject.
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Fig. 2. Schematic illustrating the attribution method. a) Typical synoptic situation with 0.1 mm/3hr precipita-

tion contour (blue contour), precipitation intensity (blue-to-pink shading), and sea level pressure (black lines). A

front (checkered area) wraps around the cyclone center (thick, black contour) with a moisture transport axis ahead

of the front (yellow line) and a CAO behind the cyclone (brown contour). b) We first attribute the precipitation

occurring within the CAO (brown). The watershed algorithm then localizes maxima in the precipitation field

(red crosses) that are set apart by a separation distance (grey line). c) The algorithm then returns precipitation

objects (coloured patches). d) Each object is attributed to the feature, or combination of features, intersecting

the object.
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Fig. 2. Schematic illustrating the attribution method. a) Typical synoptic situation with 0.1 mm/3hr precipita-

tion contour (blue contour), precipitation intensity (blue-to-pink shading), and sea level pressure (black lines). A

front (checkered area) wraps around the cyclone center (thick, black contour) with a moisture transport axis ahead

of the front (yellow line) and a CAO behind the cyclone (brown contour). b) We first attribute the precipitation

occurring within the CAO (brown). The watershed algorithm then localizes maxima in the precipitation field

(red crosses) that are set apart by a separation distance (grey line). c) The algorithm then returns precipitation

objects (coloured patches). d) Each object is attributed to the feature, or combination of features, intersecting

the object.
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Fig.2.Schematicillustratingtheattributionmethod.a)Typicalsynopticsituationwith0.1mm/3hrprecipita-

tioncontour(bluecontour),precipitationintensity(blue-to-pinkshading),andsealevelpressure(blacklines).A

front(checkeredarea)wrapsaroundthecyclonecenter(thick,blackcontour)withamoisturetransportaxisahead

ofthefront(yellowline)andaCAObehindthecyclone(browncontour).b)Wefirstattributetheprecipitation

occurringwithintheCAO(brown).Thewatershedalgorithmthenlocalizesmaximaintheprecipitationfield

(redcrosses)thataresetapartbyaseparationdistance(greyline).c)Thealgorithmthenreturnsprecipitation

objects(colouredpatches).d)Eachobjectisattributedtothefeature,orcombinationoffeatures,intersecting

theobject.
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Fig.2.Schematicillustratingtheattributionmethod.a)Typicalsynopticsituationwith0.1mm/3hrprecipita-

tioncontour(bluecontour),precipitationintensity(blue-to-pinkshading),andsealevelpressure(blacklines).A

front(checkeredarea)wrapsaroundthecyclonecenter(thick,blackcontour)withamoisturetransportaxisahead

ofthefront(yellowline)andaCAObehindthecyclone(browncontour).b)Wefirstattributetheprecipitation

occurringwithintheCAO(brown).Thewatershedalgorithmthenlocalizesmaximaintheprecipitationfield

(redcrosses)thataresetapartbyaseparationdistance(greyline).c)Thealgorithmthenreturnsprecipitation

objects(colouredpatches).d)Eachobjectisattributedtothefeature,orcombinationoffeatures,intersecting

theobject.
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tioncontour(bluecontour),precipitationintensity(blue-to-pinkshading),andsealevelpressure(blacklines).A

front(checkeredarea)wrapsaroundthecyclonecenter(thick,blackcontour)withamoisturetransportaxisahead

ofthefront(yellowline)andaCAObehindthecyclone(browncontour).b)Wefirstattributetheprecipitation

occurringwithintheCAO(brown).Thewatershedalgorithmthenlocalizesmaximaintheprecipitationfield

(redcrosses)thataresetapartbyaseparationdistance(greyline).c)Thealgorithmthenreturnsprecipitation

objects(colouredpatches).d)Eachobjectisattributedtothefeature,orcombinationoffeatures,intersecting
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Table 2. Sensitivities of attribution methods to the respective distance thresholds. Hawcroft et al. (2012)

used a fixed radius around the ETCs, Catto et al. (2012) searched for fronts in the vicinity of the precipitation,

and Utsumi et al. (2017) used different radii surrounding ETCs and fronts. Sensitivities are given both at 60◦N

and the location of maximum sensitivity for the three regions in Utsumi et al. (2017). Letters mark the different

precipitation categories used to calculate the sensitivity. See text for details.

238

239

240

241

242

Hawcroft et al. (2012): ETC ETC combinations (C + CA + CF + CAF)

Region Radius (◦) Separation distance (km)

10 12 14 500 750 1000

Europe DJF 58% 73% 83% 46% 52% 57%

North Atlantic DJF 54% 71% 81% 47% 55% 62%

Catto et al. (2012): Fronts Front combinations (F + CF + AF + CAF)

Search box (◦) Separation distance (km)

2.5 5 10 500 750 1000

Midlatitudes (30◦-60◦) 31% 68% 86% 34% 40% 45%

Utsumi et al. (2017): Fronts and ETC C + CA + CF + CAF + AF + F
@60N (max) @60N @max

Radius, fronts / ETC (km) Separation distance (km) Separation distance (km)

375 / 750 500 / 1000 625 / 1250 500 750 1000 500 750 1000

50◦E - 100◦E 70% 80% 90% 64% 70% 76% 22% 35% 47%

110◦E - 160◦E 64% 78% 87% 60% 67% 73% 44% 56% 65%

100◦W - 60◦W 70% 81% 90% 74% 78% 82% 30% 40% 49%

directly overlap with all the features, most of the precipitation is associated with the category CAF248

(Figure 3c, pink) and occurs along the front and in the ETC’s warm sector. The remainder of the249

precipitation in the vicinity of the ETC occurs in the CAO and within the ETC contour, thus being250

classified as CCAO (salmon) with substantially weaker intensity than in CAF.251

Over the ensuing 42 hours, the cyclone (C1) moved to the southwest of Iceland (Figure 3b). The252

front and the MTA have detached from the center of the ETC and stretch across most of the plot253

domain, collocated with a band of precipitation. The precipitation along the warm front and parts254

of the cold front is attributed to CAF (pink), while the precipitation along the remainder of the cold255

front belongs to AF (Figure 3d, green).256

With ETCs typically originating from the western side of the ocean basins, the frontal zone and257

MTA generally occur within, or in the vicinity of, the ETC contour at the incipient stage of the258
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andthelocationofmaximumsensitivityforthethreeregionsinUtsumietal.(2017).Lettersmarkthedifferent

precipitationcategoriesusedtocalculatethesensitivity.Seetextfordetails.
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Table 2. Sensitivities of attribution methods to the respective distance thresholds. Hawcroft et al. (2012)

used a fixed radius around the ETCs, Catto et al. (2012) searched for fronts in the vicinity of the precipitation,

and Utsumi et al. (2017) used different radii surrounding ETCs and fronts. Sensitivities are given both at 60◦N

and the location of maximum sensitivity for the three regions in Utsumi et al. (2017). Letters mark the different

precipitation categories used to calculate the sensitivity. See text for details.
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Midlatitudes (30◦-60◦) 31% 68% 86% 34% 40% 45%
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110◦E - 160◦E 64% 78% 87% 60% 67% 73% 44% 56% 65%

100◦W - 60◦W 70% 81% 90% 74% 78% 82% 30% 40% 49%

directly overlap with all the features, most of the precipitation is associated with the category CAF248

(Figure 3c, pink) and occurs along the front and in the ETC’s warm sector. The remainder of the249

precipitation in the vicinity of the ETC occurs in the CAO and within the ETC contour, thus being250

classified as CCAO (salmon) with substantially weaker intensity than in CAF.251

Over the ensuing 42 hours, the cyclone (C1) moved to the southwest of Iceland (Figure 3b). The252

front and the MTA have detached from the center of the ETC and stretch across most of the plot253

domain, collocated with a band of precipitation. The precipitation along the warm front and parts254

of the cold front is attributed to CAF (pink), while the precipitation along the remainder of the cold255

front belongs to AF (Figure 3d, green).256

With ETCs typically originating from the western side of the ocean basins, the frontal zone and257

MTA generally occur within, or in the vicinity of, the ETC contour at the incipient stage of the258
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andthelocationofmaximumsensitivityforthethreeregionsinUtsumietal.(2017).Lettersmarkthedifferent
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Fig. 3. Top panels (a,d) show precipitation (shading), mean sea level pressure (contours), MTAs (yellow lines),

the outermost contour of the ETC (magenta), fronts (blue), and CAO mask (brown). The labelled ETCs are

discussed in the text. The bottom panels (c,d) show attributed precipitation: CAO precipitation (brown), CCAO

(salmon), C (magenta), CAF (pink), AF (green), A (yellow), and CA (orange), as indicated by the colour legend.

Precipitation outside the coloured contours is unclassified.
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development (i.e., as in C1 in Figure 3a, and C3 in Figure 3b). As ETCs mature, the front and259

MTA detach from the center of the ETC (i.e., as in C1 in Figure 3b and C2 in Figure 3a), with the260

front still providing a lifting mechanism yielding a band of precipitation stretching along the entire261

front. Thus, mature and decaying ETCs are more likely to have precipitation falling within the F,262

A, and AF categories than ETCs in their early stages of development.263

3. Global climatology of precipitation attributed to weather features269

a. Midlatitudes270

Over the oceans, the stormtrack regions dominate with CAF, contributing up to 60% in DJF271

(Figure 4i) despite ETCs occurring less than 30% of the time (Figure 1a) and fronts and MTAs272
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theoutermostcontouroftheETC(magenta),fronts(blue),andCAOmask(brown).ThelabelledETCsare

discussedinthetext.Thebottompanels(c,d)showattributedprecipitation:CAOprecipitation(brown),CCAO

(salmon),C(magenta),CAF(pink),AF(green),A(yellow),andCA(orange),asindicatedbythecolourlegend.

Precipitationoutsidethecolouredcontoursisunclassified.
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more than 4 mm/3hr over the Kuroshio extension. AF is associated with slightly weaker inten-281
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associated with precipitation occurring by weather features occurring in isolation (C, A, and F) are284

substantially weaker than the intensities for co-occurring features, with a maximum of 1 mm/3hr.285

The maximum precipitation amount in DJF occurs over the Gulf Stream and Kuroshio extension286

region, but does not coincide with the maximum contribution from CAF, which occurs closer to287

the continents (Figure 4i). This offset in location is due to CAO precipitation that contributes to288

approximately 15% of the precipitation over the warmwestern boundary currents (Figure 4g). This289

signal is not visible in the SH stormtracks in JJA, consistent with CAOs contributing relatively less290
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The fraction of attributed precipitation to CAOs is considerably lower than their frequency292

(Figure 4g, Figure 1g), indicatingweak precipitation intensitywithinCAOs. Themean precipitation293
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1.7 mm/3hr, Figure 5e), fronts (AF, 1.4 mm/3hr, Figure 5f), or both (CAF, 2.3 mm/3hr, Figure 5i).303

This is consistent with MTAs by themselves not being associated with lift. In contrast, fronts are304

associated with lift, though fronts in isolation (F, Figure 5b) are associated with relatively weak305

precipitation if they do not co-occur with MTAs (AF, 0.8 mm/3hr, Figure 5f) providing sufficient306
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Figure 3a,b), their approach results in a partition of precipitation between ETCs and fronts in the325
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Towards the end of the stormtracks, when approaching the western shoreline of the respective327
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Even though the stormtracks in the NH appear more zonal in JJA than DJF in terms of the309
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important downstream in the stormtrack, where it contributes around 20% along the Western US,331

over Norway, and the British Isles (Figure 4i).332

15

1.7 mm/3hr, Figure 5e), fronts (AF, 1.4 mm/3hr, Figure 5f), or both (CAF, 2.3 mm/3hr, Figure 5i).303

This is consistent with MTAs by themselves not being associated with lift. In contrast, fronts are304

associated with lift, though fronts in isolation (F, Figure 5b) are associated with relatively weak305

precipitation if they do not co-occur with MTAs (AF, 0.8 mm/3hr, Figure 5f) providing sufficient306

moisture. Similarly, ETCs only produce weak intensities (C, 0.8 mm/3hr, Figure 5a).307

The difference between DJF and JJA in the stormtrack regions is small (Figure 4, Figure 6).308

Even though the stormtracks in the NH appear more zonal in JJA than DJF in terms of the309

distribution of ETCs (Figure 1a,b), this difference in orientation is not visible in the precipitation310

categories (Figure 4, Figure 6). However, summing all the precipitation associated with different311

combinations of ETCs yields a more zonal structure in summer, consistent with Hawcroft et al.312

(2012) (not shown). More discernible is the increased contribution from A, AF, and CAF poleward313

and eastward in summer (Figure 6c,f,i) compared to winter (Figure 4c,f,i), while CAO has no314

contribution in summer (Figure 6g).315

The precipitation associated with fronts, or combinations of fronts with other weather features,316

along the North Atlantic stormtrack (Figure 4b,d,f,j) reveals a broadly consistent result compared317

to Hénin et al. (2019), with fronts contributing up to 80% over the Gulf Stream region in DJF.318

However, our estimates are slightly lower than Catto et al. (2012), especially downstream in the319

stormtrack regions. Furthermore, while our frontal contributions feature a decrease downstream320

in the stormtracks (Figure 4b,d,f,j), Utsumi et al. (2017) found an increase.321

This discrepancy is most likely due to their attribution method, which evenly attributes precipi-322

tation to ETCs and fronts in the event of co-occurrence. As fronts and ETCs tend to be collocated323

in the maturing stage of ETCs and less so during the decaying stage (Schemm et al. (2018) and324

Figure 3a,b), their approach results in a partition of precipitation between ETCs and fronts in the325

upstream region, but not in the downstream region.326

Towards the end of the stormtracks, when approaching the western shoreline of the respective327

continents, ARs are known to be a significant contributor to precipitation, contributing up to 50%328

of the annual rainfall in Western US (Gershunov et al. 2017) and Chile (Viale et al. 2018). Towards329

the coasts, A becomes relatively more important (Figure 4c), while CAF becomes relatively less330

important downstream in the stormtrack, where it contributes around 20% along the Western US,331

over Norway, and the British Isles (Figure 4i).332

15

1.7mm/3hr,Figure5e),fronts(AF,1.4mm/3hr,Figure5f),orboth(CAF,2.3mm/3hr,Figure5i). 303

ThisisconsistentwithMTAsbythemselvesnotbeingassociatedwithlift.Incontrast,frontsare 304

associatedwithlift,thoughfrontsinisolation(F,Figure5b)areassociatedwithrelativelyweak 305

precipitationiftheydonotco-occurwithMTAs(AF,0.8mm/3hr,Figure5f)providingsufficient 306

moisture.Similarly,ETCsonlyproduceweakintensities(C,0.8mm/3hr,Figure5a). 307

ThedifferencebetweenDJFandJJAinthestormtrackregionsissmall(Figure4,Figure6). 308

EventhoughthestormtracksintheNHappearmorezonalinJJAthanDJFintermsofthe 309

distributionofETCs(Figure1a,b),thisdifferenceinorientationisnotvisibleintheprecipitation 310

categories(Figure4,Figure6).However,summingalltheprecipitationassociatedwithdifferent 311

combinationsofETCsyieldsamorezonalstructureinsummer,consistentwithHawcroftetal. 312

(2012)(notshown).MorediscernibleistheincreasedcontributionfromA,AF,andCAFpoleward 313

andeastwardinsummer(Figure6c,f,i)comparedtowinter(Figure4c,f,i),whileCAOhasno 314

contributioninsummer(Figure6g). 315

Theprecipitationassociatedwithfronts,orcombinationsoffrontswithotherweatherfeatures, 316

alongtheNorthAtlanticstormtrack(Figure4b,d,f,j)revealsabroadlyconsistentresultcompared 317

toHéninetal.(2019),withfrontscontributingupto80%overtheGulfStreamregioninDJF. 318

However,ourestimatesareslightlylowerthanCattoetal.(2012),especiallydownstreaminthe 319

stormtrackregions.Furthermore,whileourfrontalcontributionsfeatureadecreasedownstream 320

inthestormtracks(Figure4b,d,f,j),Utsumietal.(2017)foundanincrease. 321

Thisdiscrepancyismostlikelyduetotheirattributionmethod,whichevenlyattributesprecipi- 322

tationtoETCsandfrontsintheeventofco-occurrence.AsfrontsandETCstendtobecollocated 323

inthematuringstageofETCsandlesssoduringthedecayingstage(Schemmetal.(2018)and 324

Figure3a,b),theirapproachresultsinapartitionofprecipitationbetweenETCsandfrontsinthe 325

upstreamregion,butnotinthedownstreamregion. 326

Towardstheendofthestormtracks,whenapproachingthewesternshorelineoftherespective 327

continents,ARsareknowntobeasignificantcontributortoprecipitation,contributingupto50% 328

oftheannualrainfallinWesternUS(Gershunovetal.2017)andChile(Vialeetal.2018).Towards 329

thecoasts,Abecomesrelativelymoreimportant(Figure4c),whileCAFbecomesrelativelyless 330

importantdownstreaminthestormtrack,whereitcontributesaround20%alongtheWesternUS, 331

overNorway,andtheBritishIsles(Figure4i). 332

15

1.7mm/3hr,Figure5e),fronts(AF,1.4mm/3hr,Figure5f),orboth(CAF,2.3mm/3hr,Figure5i). 303

ThisisconsistentwithMTAsbythemselvesnotbeingassociatedwithlift.Incontrast,frontsare 304

associatedwithlift,thoughfrontsinisolation(F,Figure5b)areassociatedwithrelativelyweak 305

precipitationiftheydonotco-occurwithMTAs(AF,0.8mm/3hr,Figure5f)providingsufficient 306

moisture.Similarly,ETCsonlyproduceweakintensities(C,0.8mm/3hr,Figure5a). 307

ThedifferencebetweenDJFandJJAinthestormtrackregionsissmall(Figure4,Figure6). 308

EventhoughthestormtracksintheNHappearmorezonalinJJAthanDJFintermsofthe 309

distributionofETCs(Figure1a,b),thisdifferenceinorientationisnotvisibleintheprecipitation 310

categories(Figure4,Figure6).However,summingalltheprecipitationassociatedwithdifferent 311

combinationsofETCsyieldsamorezonalstructureinsummer,consistentwithHawcroftetal. 312

(2012)(notshown).MorediscernibleistheincreasedcontributionfromA,AF,andCAFpoleward 313

andeastwardinsummer(Figure6c,f,i)comparedtowinter(Figure4c,f,i),whileCAOhasno 314

contributioninsummer(Figure6g). 315

Theprecipitationassociatedwithfronts,orcombinationsoffrontswithotherweatherfeatures, 316

alongtheNorthAtlanticstormtrack(Figure4b,d,f,j)revealsabroadlyconsistentresultcompared 317

toHéninetal.(2019),withfrontscontributingupto80%overtheGulfStreamregioninDJF. 318

However,ourestimatesareslightlylowerthanCattoetal.(2012),especiallydownstreaminthe 319

stormtrackregions.Furthermore,whileourfrontalcontributionsfeatureadecreasedownstream 320

inthestormtracks(Figure4b,d,f,j),Utsumietal.(2017)foundanincrease. 321

Thisdiscrepancyismostlikelyduetotheirattributionmethod,whichevenlyattributesprecipi- 322

tationtoETCsandfrontsintheeventofco-occurrence.AsfrontsandETCstendtobecollocated 323

inthematuringstageofETCsandlesssoduringthedecayingstage(Schemmetal.(2018)and 324

Figure3a,b),theirapproachresultsinapartitionofprecipitationbetweenETCsandfrontsinthe 325

upstreamregion,butnotinthedownstreamregion. 326

Towardstheendofthestormtracks,whenapproachingthewesternshorelineoftherespective 327

continents,ARsareknowntobeasignificantcontributortoprecipitation,contributingupto50% 328

oftheannualrainfallinWesternUS(Gershunovetal.2017)andChile(Vialeetal.2018).Towards 329

thecoasts,Abecomesrelativelymoreimportant(Figure4c),whileCAFbecomesrelativelyless 330

importantdownstreaminthestormtrack,whereitcontributesaround20%alongtheWesternUS, 331

overNorway,andtheBritishIsles(Figure4i). 332

15

1.7mm/3hr,Figure5e),fronts(AF,1.4mm/3hr,Figure5f),orboth(CAF,2.3mm/3hr,Figure5i). 303

ThisisconsistentwithMTAsbythemselvesnotbeingassociatedwithlift.Incontrast,frontsare 304

associatedwithlift,thoughfrontsinisolation(F,Figure5b)areassociatedwithrelativelyweak 305

precipitationiftheydonotco-occurwithMTAs(AF,0.8mm/3hr,Figure5f)providingsufficient 306

moisture.Similarly,ETCsonlyproduceweakintensities(C,0.8mm/3hr,Figure5a). 307

ThedifferencebetweenDJFandJJAinthestormtrackregionsissmall(Figure4,Figure6). 308

EventhoughthestormtracksintheNHappearmorezonalinJJAthanDJFintermsofthe 309

distributionofETCs(Figure1a,b),thisdifferenceinorientationisnotvisibleintheprecipitation 310

categories(Figure4,Figure6).However,summingalltheprecipitationassociatedwithdifferent 311

combinationsofETCsyieldsamorezonalstructureinsummer,consistentwithHawcroftetal. 312

(2012)(notshown).MorediscernibleistheincreasedcontributionfromA,AF,andCAFpoleward 313

andeastwardinsummer(Figure6c,f,i)comparedtowinter(Figure4c,f,i),whileCAOhasno 314

contributioninsummer(Figure6g). 315

Theprecipitationassociatedwithfronts,orcombinationsoffrontswithotherweatherfeatures, 316

alongtheNorthAtlanticstormtrack(Figure4b,d,f,j)revealsabroadlyconsistentresultcompared 317

toHéninetal.(2019),withfrontscontributingupto80%overtheGulfStreamregioninDJF. 318

However,ourestimatesareslightlylowerthanCattoetal.(2012),especiallydownstreaminthe 319

stormtrackregions.Furthermore,whileourfrontalcontributionsfeatureadecreasedownstream 320

inthestormtracks(Figure4b,d,f,j),Utsumietal.(2017)foundanincrease. 321

Thisdiscrepancyismostlikelyduetotheirattributionmethod,whichevenlyattributesprecipi- 322

tationtoETCsandfrontsintheeventofco-occurrence.AsfrontsandETCstendtobecollocated 323

inthematuringstageofETCsandlesssoduringthedecayingstage(Schemmetal.(2018)and 324

Figure3a,b),theirapproachresultsinapartitionofprecipitationbetweenETCsandfrontsinthe 325

upstreamregion,butnotinthedownstreamregion. 326

Towardstheendofthestormtracks,whenapproachingthewesternshorelineoftherespective 327

continents,ARsareknowntobeasignificantcontributortoprecipitation,contributingupto50% 328

oftheannualrainfallinWesternUS(Gershunovetal.2017)andChile(Vialeetal.2018).Towards 329

thecoasts,Abecomesrelativelymoreimportant(Figure4c),whileCAFbecomesrelativelyless 330

importantdownstreaminthestormtrack,whereitcontributesaround20%alongtheWesternUS, 331

overNorway,andtheBritishIsles(Figure4i). 332

15

1.7mm/3hr,Figure5e),fronts(AF,1.4mm/3hr,Figure5f),orboth(CAF,2.3mm/3hr,Figure5i). 303

ThisisconsistentwithMTAsbythemselvesnotbeingassociatedwithlift.Incontrast,frontsare 304

associatedwithlift,thoughfrontsinisolation(F,Figure5b)areassociatedwithrelativelyweak 305

precipitationiftheydonotco-occurwithMTAs(AF,0.8mm/3hr,Figure5f)providingsufficient 306

moisture.Similarly,ETCsonlyproduceweakintensities(C,0.8mm/3hr,Figure5a). 307

ThedifferencebetweenDJFandJJAinthestormtrackregionsissmall(Figure4,Figure6). 308

EventhoughthestormtracksintheNHappearmorezonalinJJAthanDJFintermsofthe 309

distributionofETCs(Figure1a,b),thisdifferenceinorientationisnotvisibleintheprecipitation 310

categories(Figure4,Figure6).However,summingalltheprecipitationassociatedwithdifferent 311

combinationsofETCsyieldsamorezonalstructureinsummer,consistentwithHawcroftetal. 312

(2012)(notshown).MorediscernibleistheincreasedcontributionfromA,AF,andCAFpoleward 313

andeastwardinsummer(Figure6c,f,i)comparedtowinter(Figure4c,f,i),whileCAOhasno 314

contributioninsummer(Figure6g). 315

Theprecipitationassociatedwithfronts,orcombinationsoffrontswithotherweatherfeatures, 316

alongtheNorthAtlanticstormtrack(Figure4b,d,f,j)revealsabroadlyconsistentresultcompared 317

toHéninetal.(2019),withfrontscontributingupto80%overtheGulfStreamregioninDJF. 318

However,ourestimatesareslightlylowerthanCattoetal.(2012),especiallydownstreaminthe 319

stormtrackregions.Furthermore,whileourfrontalcontributionsfeatureadecreasedownstream 320

inthestormtracks(Figure4b,d,f,j),Utsumietal.(2017)foundanincrease. 321

Thisdiscrepancyismostlikelyduetotheirattributionmethod,whichevenlyattributesprecipi- 322

tationtoETCsandfrontsintheeventofco-occurrence.AsfrontsandETCstendtobecollocated 323

inthematuringstageofETCsandlesssoduringthedecayingstage(Schemmetal.(2018)and 324

Figure3a,b),theirapproachresultsinapartitionofprecipitationbetweenETCsandfrontsinthe 325

upstreamregion,butnotinthedownstreamregion. 326

Towardstheendofthestormtracks,whenapproachingthewesternshorelineoftherespective 327

continents,ARsareknowntobeasignificantcontributortoprecipitation,contributingupto50% 328

oftheannualrainfallinWesternUS(Gershunovetal.2017)andChile(Vialeetal.2018).Towards 329

thecoasts,Abecomesrelativelymoreimportant(Figure4c),whileCAFbecomesrelativelyless 330

importantdownstreaminthestormtrack,whereitcontributesaround20%alongtheWesternUS, 331

overNorway,andtheBritishIsles(Figure4i). 332

15



The intersection of the flow with topography can provide significant lift, explaining why A333

is relatively more important over the continents than the oceans. For A along the coastlines,334

particularly the North American west coast and Chile, there is a marked increase in precipitation335
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Fig. 4. Relative contribution of ETC only (a), Front only (b), MTA only (c), ETC and front (d), ETC and

MTA (e), MTA and front (f), CAO only (g), ETC and CAO (h), ETC, MTA, and fronts (i), and Unclassified (j) to

precipitation in DJF (shading). Contours mark the climatology of total accumulated precipitation: 50 mm/season

(light blue) and 150 mm/season (dark blue).
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MTAs co-occur, while the precipitation during ETCs only and unclassified is weak (Figure 5).370

However, there is a clear difference between the Pacific and Atlantic sectors of the Arctic Ocean,371

with the amount of attributed precipitation being higher in the Atlantic sector. This is associated372

with more weather features entering the Arctic from the North Atlantic, as seen in the pattern of373

frequency of occurrence of weather features (Figure 1).374

CAO precipitation dominates in the Barents Sea and the Fram Strait in DJF (Figure 4), though375

most precipitation associated with CAOs tends to occur downstream when the flow intersects376
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Fig. 5. Mean precipitation intensity during wet time steps in the different categories in DJF, with panels as in

Figure 4. Intensity for the different categories is only shown in regions where the respective category occurred

more than 1% within one season in more than 30% of the seasons.
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Fig. 6. Same as Figure 4 but for JJA.

precipitation (less than 1 mm/3hr) than the combined categories such as CAF (up to 2mm/3hr) and386

CA (up to 1.5 mm/3hr) Figure 7). Although MTAs occur only infrequently over Eastern Antarctica387

(Figure 1e,f), CAF contributes up to 25% of the precipitation in this region in JJA (Figure 6i),388

demonstrating the impact of MTAs on seasonal timescales. We attribute most of the precipitation389

in coastal Antarctica, but virtually none over the continent (Figure 4j, Figure 6j). The Antarctic390

continent is, however, a region of very little precipitation, where we only consider <10% of the391

annual precipitation with our precipitation intensity threshold. Due to its high orography, the392

Antarctic continent also barely features any weather features (Figure 1i,j).393
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Fig. 7. Same as Figure 6, but for JJA.

c. Subtropics and Tropics394

The only weather phenomenon we consider in the tropics are MTAs, which encompass both395

the ITCZ and the Monsoon circulation (Spensberger et al. 2023). Thus, A contributes most to396

precipitation in the Tropics (30%, Figure 4c, Figure 6c), while 33% remain unclassified. Because397

we detect fronts based on equivalent potential temperature, moisture gradients are sometimes also398

picked up as fronts, leading to F contributing with 8%, and AF with 14% to precipitation in the399

tropics.400

The precipitation in the ITCZ andMonsoon regions is most intense when either a MTA or a front401

is present. Unlike the midlatitudes (Figure 5, Figure 7), there is less difference in the precipitation402

intensity between A and AF, presumably because even though a feature is present, convection is403

the main mechanism providing lift.404
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Fig. 8. Percentage of annual 3-hourly extreme events (99.9%) caused by the weather features (shading). Black

contours mark the percentage of wet events (>0.1 mm/3hr) caused by the weather features. Panels are as in

Figure 4.
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Fig. 9. The season in which the most 3-hourly extreme events (99.9%) occur.

5. Concluding Remarks475

We introduce a new method to attribute precipitation to weather features and present the first476

global climatology of ETCs, fronts, ARs, CAOs, and their contribution to precipitation. Unlike477

previous studies, our method does not depend on a fixed distance threshold between the weather478

feature and the precipitation. Therefore, we can provide more consistent estimates of the relative479

importance of the weather features for precipitation. Overall, the attribution patterns are qualita-480

tively similar to those of the previous studies, though we attribute relatively less to the weather481

features despite having a more comprehensive selection of weather features.482

With our method, we classify 75% of the precipitation (exceeding 0.1 mm/3hr) globally as483

belonging to one or more weather features. The remaining 25% are unclassified. Most precipitation484

in the midlatitudes is associated with the co-occurrence of ETC, fronts, andMTAs (CAF), followed485

by MTAs and fronts (AF). CAF is relatively less important over the continents but still represents486

the second largest contributor after the unclassified category. Moreover, precipitation associated487

with CAF is consistently more intense than the other categories in the midlatitudes.488

Despite weather features occurring relatively seldom in high latitudes, most of the precipitation489

(80%) occurs in association with synoptic-scale systems. ETC only (C) dominates the precipitation490

in these regions, despite the relatively weak intensity (< 1mm/3hr). CAF contributes 15% of the491

precipitation, and AF 5%, indicating that the impact of MTAs and fronts is evident on an annual492

scale despite occurring less than 2.5% of the time in these regions.493

In the subtropical shallow convection zones, precipitation remains largely unattributed due to494

the region’s lack of detected weather features. In contrast, a substantial amount of precipitation in495
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the tropics is assigned to MTAs (30%), as MTA is the only tropical weather feature we consider,496

picking up the moisture transport associated with the ITCZ and monsoon circulations.497

The co-occurrence of weather features is dominating extreme precipitation events. In the mid-498

latitudes, CAF occurs during 36% of the extreme events, almost four times as often as during499

regular precipitation events. This is also the case over the continents, where most extreme pre-500

cipitation events occur during summer, mostly associated with convection. Thus, synoptic-scale501

perturbations provide an environment favourable for convection and intense precipitation.502

Considering the combination of features rather than the features in isolation gives insight into503

the required ingredients for precipitation. For example, the presence of an MTA can be considered504

to be an indication of relatively high moisture availability. However, the mere presence of MTAs505

is insufficient, with the associated precipitation intensity over the ocean being much weaker than506

when MTAs co-occur with fronts or ETCs. Thus, MTAs require a mechanism generating lift507

to produce relatively intense precipitation. On the other hand, a front by itself does not produce508

strong precipitation by itself unless the air is moist. Hence, considering only one feature in isolation509

makes it more difficult to distinguish why some features are associated with intense precipitation510

and others are not. It is, therefore, vital to consider multiple features and their combinations for511

attribution studies.512

We demonstrated that our approach is well suited to attribute precipitation to different weather513

features across different geographic regions and climates, independent of given thresholds or a514

radius of influence. Given that precipitation is predominately linked to ETCs, fronts, MTAs,515

CAOs, or their combination, our attribution provides the basis to study the mechanisms leading516

to precipitation. Given the uncertainties of future changes in mean and extreme precipitation, our517

approach can thus help to separate the causes of these changes by attributing them to changes in518

the features themselves or to changes in the precipitation associated with the features.519
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Rüdisühli, S., M. Sprenger, D. Leutwyler, C. Schär, and H. Wernli, 2020: Attribution of precipita-638

tion to cyclones and fronts over Europe in a kilometer-scale regional climate simulation.Weather639

and Climate Dynamics, 1 (2), 675–699, https://doi.org/10.5194/wcd-1-675-2020.640

Rutz, J. J., and Coauthors, 2019: TheAtmospheric River TrackingMethod Intercomparison Project641

(ARTMIP): Quantifying Uncertainties in Atmospheric River Climatology. Journal of Geophys-642

ical Research: Atmospheres, 124 (24), 13 777–13 802, https://doi.org/10.1029/2019JD030936,643

URL https://onlinelibrary.wiley.com/doi/10.1029/2019JD030936.644

Schär, C., and Coauthors, 2016: Percentile indices for assessing changes in heavy precipitation645

events.Climatic Change, 137 (1-2), 201–216, https://doi.org/10.1007/s10584-016-1669-2, URL646

http://dx.doi.org/10.1007/s10584-016-1669-2.647

Schemm, S., M. Sprenger, and H. Wernli, 2018: When during Their Life Cycle Are Extratrop-648

ical Cyclones Attended by Fronts? Bulletin of the American Meteorological Society, 99 (1),649

149–165, https://doi.org/10.1175/BAMS-D-16-0261.1, URL https://journals.ametsoc.org/doi/650

10.1175/BAMS-D-16-0261.1.651

Serreze, M. C., A. D. Crawford, and A. P. Barrett, 2015: Extreme daily precipitation events652

at Spitsbergen, an Arctic Island. International Journal of Climatology, 35 (15), 4574–4588,653

https://doi.org/10.1002/joc.4308.654

30

Ralph, F. M., P. J. Neiman, G. A. Wick, S. I. Gutman, M. D. Dettinger, D. R. Cayan, and A. B.628

White, 2006: Flooding on California’s Russian River: Role of atmospheric rivers. Geophysical629

Research Letters, 33 (13), 3–7, https://doi.org/10.1029/2006GL026689.630

Reid, K. J., A. D. King, T. P. Lane, and D. Hudson, 2022: Tropical, Subtropical, and Extratrop-631

ical Atmospheric Rivers in the Australian Region. Journal of Climate, 35 (9), 2697–2708,632

https://doi.org/10.1175/JCLI-D-21-0606.1, URL https://journals.ametsoc.org/view/journals/633

clim/35/9/JCLI-D-21-0606.1.xml.634

Rodgers, E. B., R. F. Adler, and H. F. Pierce, 2001: Contribution of tropical cyclones to the North635

Atlantic climatological rainfall as observed from satellites. Journal of Applied Meteorology,636

40 (11), 1785–1800, https://doi.org/10.1175/1520-0450(2001)040⟨1785:COTCTT⟩2.0.CO;2.637

Rüdisühli, S., M. Sprenger, D. Leutwyler, C. Schär, and H. Wernli, 2020: Attribution of precipita-638

tion to cyclones and fronts over Europe in a kilometer-scale regional climate simulation.Weather639

and Climate Dynamics, 1 (2), 675–699, https://doi.org/10.5194/wcd-1-675-2020.640

Rutz, J. J., and Coauthors, 2019: TheAtmospheric River TrackingMethod Intercomparison Project641

(ARTMIP): Quantifying Uncertainties in Atmospheric River Climatology. Journal of Geophys-642

ical Research: Atmospheres, 124 (24), 13 777–13 802, https://doi.org/10.1029/2019JD030936,643

URL https://onlinelibrary.wiley.com/doi/10.1029/2019JD030936.644

Schär, C., and Coauthors, 2016: Percentile indices for assessing changes in heavy precipitation645

events.Climatic Change, 137 (1-2), 201–216, https://doi.org/10.1007/s10584-016-1669-2, URL646

http://dx.doi.org/10.1007/s10584-016-1669-2.647

Schemm, S., M. Sprenger, and H. Wernli, 2018: When during Their Life Cycle Are Extratrop-648

ical Cyclones Attended by Fronts? Bulletin of the American Meteorological Society, 99 (1),649

149–165, https://doi.org/10.1175/BAMS-D-16-0261.1, URL https://journals.ametsoc.org/doi/650

10.1175/BAMS-D-16-0261.1.651

Serreze, M. C., A. D. Crawford, and A. P. Barrett, 2015: Extreme daily precipitation events652

at Spitsbergen, an Arctic Island. International Journal of Climatology, 35 (15), 4574–4588,653

https://doi.org/10.1002/joc.4308.654

30

Ralph,F.M.,P.J.Neiman,G.A.Wick,S.I.Gutman,M.D.Dettinger,D.R.Cayan,andA.B. 628

White,2006:FloodingonCalifornia’sRussianRiver:Roleofatmosphericrivers.Geophysical 629

ResearchLetters,33(13),3–7,https://doi.org/10.1029/2006GL026689. 630

Reid,K.J.,A.D.King,T.P.Lane,andD.Hudson,2022:Tropical,Subtropical,andExtratrop- 631

icalAtmosphericRiversintheAustralianRegion.JournalofClimate,35(9),2697–2708, 632

https://doi.org/10.1175/JCLI-D-21-0606.1,URLhttps://journals.ametsoc.org/view/journals/ 633

clim/35/9/JCLI-D-21-0606.1.xml. 634

Rodgers,E.B.,R.F.Adler,andH.F.Pierce,2001:ContributionoftropicalcyclonestotheNorth 635

Atlanticclimatologicalrainfallasobservedfromsatellites.JournalofAppliedMeteorology, 636

40(11),1785–1800,https://doi.org/10.1175/1520-0450(2001)040⟨1785:COTCTT⟩2.0.CO;2. 637
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Combination of cyclones (C* = C + CF + CA + CAF + CCAO), c, d: combination of fronts (F* = F + CF + FA

+ CAF), e, f: combination of MTAs (A* = A + AF + CA + CAF).
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Fig. S 2. Percentage of the convective precipitation to total precipitation within the different categories for

JJA. Blue contours mark the climatological contribution from convective precipitation to the total precipitation,

irrespective of the category.
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