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ABSTRACT

Previous works suggest decadal predictions of Sahel rainfall could be skillful. However, the sources
of such skill are still under debate. In addition, previous results are based on short validation periods
(i.e. less than 50 years). In this work we propose a framework based on multi-linear regression
analysis to study the potential sources of skill for predicting Sahel trends several years ahead. We
apply it to an extended decadal hindcast performed with the MPI-ESM-LR model that span from 1901
to 2010 with one year sampling interval. Our results show that the skill mainly depends on how well
we can predict the timing of the global warming (GW), the Atlantic multidecadal variability (AMV)
and, to a lesser extent, the inter-decadal Pacific oscillation (IPO) signals, and on how well the system
simulates the associated SST and West African rainfall response patterns. In the case of the MPI-
ESM-LR decadal extended hindcast, the observed timing is well reproduced only for the GW and
AMYV signals. However, only the West African rainfall response to the AMV is correctly reproduced.
Thus, for most of the lead times the main source of skill in the decadal hindcast of West African
rainfall is from the AMV. The GW signal degrades skill because the response of West African rainfall
to GW is incorrectly captured. Our results also suggest that initialized decadal predictions of West
African rainfall can be further improved by better simulating the response of global SST to GW and
AMYV. Furthermore, our approach may be applied to understand and attribute prediction skill for other
variables and regions.

KEYWORDS: decadal climate predictions, Sahel, Atlantic Multidecadal variability, Global Warming,
Climate Variability
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1. INTRODUCTION

The Sahel is an African semiarid region located between the Sahara desert to the north and the
Savanna to the south. The economy of the region is mostly based on rain-fed agriculture and pastures
for livestock, which makes the Sahel highly vulnerable to rainfall variability (Kandji et al. 2006;
Ickowicz et al. 2012). Rainfall over the Sahel is strongly tied to the West African Monsoon and shows
variability at many different time scales (Rodriguez-Fonseca et al. 2015). However, its signal at
decadal timescales is outstanding (Dai et al. 2004): it showed a wet period in the 1950s-1960s
followed by a devastating drought in the 1970s and 1980s and a recent recovery since the 1990s.
Predicting the trends in Sahel rainfall several years ahead would be highly beneficial for decision
making and planning in the region.

The decadal fluctuations in Sahel rainfall have been associated with worldwide changes in the sea
surface temperatures (SST) in different ocean basins (Rodriguez-Fonseca et al. 2015, and references
therein). The warming of the Indian (e.g. Giannini et al. 2003; Bader and Latif 2003), the tropical
Pacific (e.g. Lu and Delworth 2005; Caminade and Terray 2010) and the tropical Atlantic south of
10°N (Hagos and Cook 2008) all lead to drought conditions over the Sahel. On the other hand, the
warming of the Mediterranean Sea (Park et al. 2016) or the differential warming of the northern and
southern hemispheres, particularly over the Atlantic basin (e.g. Hoerling et al. 2006; Ting et al. 2009),
has also been suggested as a driver of Sahel rainfall variability. In turn, Mohino et al. (2011)
suggested that the evolution of Sahel rainfall at decadal timescales could be explained by the
competing effects of the Atlantic Multidecadal Variability (AMYV), the Interdecadal Pacific
Oscillation (IPO) and the global warming trend (GW), especially in the tropics. Decadal prediction of
Sahel rainfall could be possible if these factors could be predicted.

There have been several attempts to dynamically predict climate changes at decadal time scales
(Smith et al. 2007; Pohlmann et al. 2009; Keenlyside et al. 2008; Mochizuki et al. 2010; Taylor et al.
2012). These predictions lie between an initial value problem and a forced boundary condition
problem (Meehl et al. 2009a; Keenlyside and Ba 2010): On the one hand, at these time scales the
changes in the external forcing (CO- or aerosols, for instance) can affect the evolution of climate
variables and, on the other, the effect of internal variability can be of comparable magnitude (Meehl et
al. 2009a). The decadal climate predictions are based on coupled atmosphere-ocean models run for 10
years forced by the observed and projected changes in the external forcing and initialized from an
observed state at the beginning of the simulation (Taylor et al. 2012). These have shown skill on
decadal timescales in predicting SST in the extra-tropical North Atlantic and the Indian Ocean and
Western Pacific, but very little skill in other regions (Doblas-Reyes et al. 2013).

Several works have analysed the prediction skill of Sahelian rainfall using decadal hindcasts. The
work by van Oldenborgh et al. (2012) suggested no significant skill in the ENSEMBLES multi-model
system, and little or no impact of the initialization. However, Garcia-Serrano et al. (2013) suggested
that, though not skillful, there was an encouraging tendency to produce positive correlation scores
between the observed and modelled Sahelian mode of variability in the multi-model. Bellucci et al.
(2015) reported statistically significant skill for the multi-model mean hindcasts run in the framework
of EU COMBINE project, though a large spread for individual models. In addition, the decadal
climate hindcasts performed by some models in the framework of the Coupled Model
Intercomparison Project — Phase 5 (CMIPS5) show skill in reproducing the decadal variations of the
Sahelian rainfall index (Gaetani and Mohino 2013; Martin and Thorncroft 2014; Otero et al. 2015).
The sources for such skill are under debate. Martin and Thorncroft (2014) suggest that the skill comes
from the correct reproduction of the link between Sahel rainfall and the relative SST index (RSI),
defined in Giannini et al. (2013) as the difference of SSTs in the subtropical North Atlantic minus the
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mean in the Tropics. In turn, Gaetani and Mohino (2013) suggest that skillful predictions are provided
by models that properly reproduce the observed SST-precipitation relationship at multi-decadal time
scales, which they relate to the AMV and IPO modes. This is in agreement with Garcia-Serrano et al.
(2015), who suggested that skillful predictions of Sahel rainfall could be obtained with the
initialization of AMV and a proper representation of the Sahel-AMYV teleconnection in the models.

However, all the previous studies are based on a validation period typically spanning from 1960 to
2010, which is too short when taking into account that the Sahel rainfall is related to the AMV, a
phenomenon with a timescale of 60-80 years (Kerr 2000). In particular, Miiller et al. (2014) showed
that the variability in the North Atlantic is dominated by the trend from the 1960s, while the
oscillating components become more important for longer periods. In this work we aim to investigate
the sources of skill (or lack thereof) for the decadal prediction of Sahel rainfall using the decadal
climate predictions performed with the MPI-ESM-LR model for the period 1901-2010 (Miiller et al.
2014). In section 2 we describe the experiments and methods used and in section 3.1 we show the
skill of the model in predicting Sahel rainfall. To better understand the sources of skill and errors in
the prediction of Sahel rainfall we propose a new methodology based on the analysis of the fidelity of
the simulations in reproducing the observed decadal modes of SST variability (namely the GW, AMV
and IPO) and their impact on West African rainfall (section 3.2). In section 3.3 we subsequently use
multi-linear regression analysis to partition the variance of the Sahel rainfall indices into different
terms related to the GW, AMV and IPO signals. The same analysis is used to decompose the
correlation of the simulated indices with respect to the observed ones in terms of the same SST signals.
In section 4 we discuss our results and in section 5 we draw the main conclusions from our research.
This research will shed light into the feasibility of decadal predictions in an area highly vulnerable to
climate variability and change.

2. DATA AND METHODS
2.1 Observed data:

We use CRUTS3.1 (Harris et al. 2014) for rainfall estimates. It is a global gridded dataset based on
observed precipitation amounts with data only over land regions. It spans the period 1901 to 2009
with a horizontal resolution of 0.5°.

To account for the uncertainty in sea surface temperature, especially in the trends (Vecchi et al. 2008;
Falvey and Garreaud 2009), two different datasets are used: HadISST1 (Rayner et al. 2003) and
ERSSTv3b (Smith et al. 2008). Both are reconstructed datasets based on ship measurements.
HadISST1 also uses satellite estimates from the mid 1980s onwards. The datasets also differ on the
sources of ship data (ICOADS for ERSSTv3b, and Met Office Marine Data Bank for HadISST1) and
on the reconstruction methodology. They are both gridded data sets with a horizontal resolution of 1°
x 1° and 2° x 2° for the HadISST1 and the ERSSTv3Db, respectively, and global coverage. They span
the period from 1870 to present for HadISST1 and from 1854 onwards for the ERSSTv3b data set.

Observed rainfall and SST data are re-gridded to the coarser resolution mesh of the model
(approximately 1.9° in longitude and latitude).
2.2 Simulations:

Two different types of simulations from the low resolution version of the Max Plank Institute climate
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model (MPI-ESM-LR, Miiller et al. 2014) are used, namely the historical simulation and the decadal
hindcasts. The former is a long forced run performed in the framework of the Coupled Model
Intercomparison Project Phase 5 (CMIPS5, Taylor et al. 2012) that spans from 1850 to 2005 and is
initialized from a preindustrial control run. It takes into account the observed changes in
anthropogenic (greenhouse-gas composition and aerosols) and natural (solar and volcanic) forcing.
The decadal hindcasts consist in a set of 10-year long runs that use the same forcing as the historical
run, but are anomaly initialized every year from 1901 to 2010 (Miiller et al. 2014). The initial
conditions are taken from an assimilation experiment in which the model is nudged towards the ocean
salinity and temperature anomalies added to the model's climatology. These anomalies are obtained
from runs of the ocean component of the model forced with individual members of the 20CR (Compo
et al., 2011) reanalysis (Miiller et al. 2015). The results shown in this work are based on averaging the
three ensemble members available for each experiment. By such averaging, we attempt to remove
climate variability in the model not coming from the external forcing nor from the initialization.

2.3 Methods:

To characterize the temporal evolution of Sahel rainfall, we define the Sahel rainfall index (SRI) as
the average of rainfall in the region 18°W-10°E, 10°N-20°N during the summer months (July to
September).

In this work we define the prediction skill as a measurement of the skill one can expect when trying to
predict some quantity, like the Sahel rainfall, using only information available before the actual
prediction issue date: If one wants to predict an index in year X with a lead time of Y, we can only use
simulations initialized previous to year X-Y. Two measures of the prediction skill are used: Anomaly
correlation coefficients (ACC) and root mean square error (RMSE). To avoid noise from interannual
phenomena, these scores are applied to averages of 4 years (similar results are obtained when using 5
years, not shown). For the observations and the historical simulations, such averaging is equivalent to
applying a 4-year running mean. For the decadal hindcasts the averages are applied separately in each
10-yr long simulation, with the first possible forecast verification being the average of 1 to 4 year lead
time. Following the World Climate Research Programme recommendations, anomalies in the decadal
hindcasts are defined with respect to the lead time (ICPO 2011). In this way, the climatology to
subtract at each lead time 7 is calculated using only the year t of all the decadal hindcast runs. This
procedure removes the mean forecast drift. For direct comparison, the historical simulation is treated
in the same way. The period to evaluate the skill scores is between 1914 and 2004 for all simulations
and lead times.

It is important to attribute the skill to physical mechanisms. These are assessed by estimating the
ability of the model to simulate the observed variations and this is analysed in a different framework
than the prediction one: We are no longer constrained by the issue date of the predictions and we can
also use information that would be available later than the date we are analysing. This allows the use
of low-pass filters with sharper response functions at the cut-off frequency than the running mean.
This is a standard approach for analysing historical simulations. Here we extended it to the decadal
hindcasts by repeating the analysis on the separate time series constructed by concatenating the
hindcast data for each lead time (i.e., constructing a hindcast series for each lead time). For the sake of
brevity, in the following we will refer to the degree of reproduction of an observed phenomenon as
the simulation fidelity. Thus we will assess how the simulation fidelity varies with hindcast lead time.

Mohino et al. (2011) found that most of the decadal and multi-decadal evolution of Sahel rainfall
could be explained by the combined influence of three modes of variability of SSTs at these time
scales: the GW, AMV and IPO. In this work we follow the same methodology to analyse the fidelity
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in simulating the SRI and its sources. The GW signal index is defined as the SST averaged between
45°S and 60°N and low-pass filtered with a cut-off period of 40 years (using a 4™ order Butterworth
filter). The other two signals, AMV and IPO, are estimated as the principal component associated
with the first empirical orthogonal function (EOF) over the Atlantic and the Indo-Pacific basins,
respectively. Prior to the EOF calculation, the GW signal is removed at each grid point by means of a
linear regression and the field is low-pass filtered with a cut-off period of 13 years (using a 4™ order
Butterworth filter).

To estimate the rainfall and SST patterns related with each component, the raw rainfall data are
regressed onto the appropriate standardized index. The statistical significance of correlations for
filtered time series is estimated with the following Monte Carlo approach, also used in Mohino et al.
(2011): 1,000 pairs of synthetic time series of the same length as the original ones are produced using
a Gaussian distribution and low-pass filtered using the same filter. The correlation between each pair
is calculated to build a probability density distribution of correlations against which the original
correlation is compared. The use of an AR-1 process to generate the synthetic time series does not
alter the conclusions (not shown). To evaluate the fidelity in simulating Sahel rainfall decadal
variability we have low-pass filtered the SRI with a cut-off period of 13 years (again with a 4™ order
Butterworth filter), which we name hereafter as decadal-SRI. Unlike the observations and the
historical simulations, in which there is only one temporal coordinate, in the decadal predictions the
analysis of the relation of the indices (GW, AMV, IPO) with rainfall has been applied for each lead
time separately. In this way we can analyse the ability of the model to simulate the SST modes and
associated indices as a function of the lead time. We can see whether the fidelity in simulating the
temporal and spatial characteristics of a particular signal changes as the model evolves from the
initialised state close to the observed.

We use multilinear regression analysis to evaluate the contribution of each signal to the decadal
variability of the SRI:

SRIt,k = akGthk + ﬁkAMVt,k + )/kIPOt,k + et,k (1)

where SRI; ), denotes the decadal low pass filtered SRI; GW, ., AMV, ;. and IPO; ) the GW, AMV and
IPO indices, respectively; ay, By and yy are the coefficients of the multilinear regression with GW,
AMYV and IPO indices, respectively; €, is the residual of the fitting; the subscripts t and k refer
respectively to the time and the data subset (observations, historical run, and the decadal hindcasts for
each lead time).

The variance of the SRI (Var[SRI}]) can then be partitioned into the following components:
Var[SRI,] = ax? + B> + v + 2Bkyi Cov[AMV,, IPO, ] + Var[e,] (2)

where we have taken into account that the GW, AMV and IPO indices are standardized (to have unit
variance) and that the GW component is orthogonal (by construction) to the other two SST indices.
The term Cov[AMV,,, IP0O,] stands for the covariance between the AMV and the IPO indices.

In addition, the correlations of any simulated SRI index (SRI;) with the observed one can be
explained in terms of the multilinear regression coefficients and the correlations between the observed
SRI index (SRI,) and the simulated SST indices GW,,, AMV,, and IPOy,:
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e4% B

p(SRI,, SRI,) = ——~—— p(SRI,, GW,,) + ————— p(SRI,, AMV})
Var[SRI] Var[SRI]
Yk yVar[eg]
+ NG p(SRI,,IPO,) + Tvarborid p(SRI,, €;) 3)

where, p(X,Y) is the correlation between time series X and Y and Var(X) the variance of time series
X.

The simulation fidelity is analysed for the 1910-2005 period when there is data for the historical
simulation and for all lead times of the decadal hindcasts.

3. RESULTS
3.1 SRI Prediction Skill

The decadal hindcasts of Sahel rainfall show statistically significant ACC for all lead times, although
less skilful than persistence; the ACC skill of historical runs is not significant (Fig. 1). In accordance
with previous works (Gaetani and Mohino 2013; Bellucci et al. 2015; Martin and Thorncroft 2014;
Garcia-Serrano et al. 2013; Otero et al. 2015) the skill in predicting Sahel rainfall changes with lead
time: the biggest ACC scores are obtained at lead times 2-5 and 3-4 years. ACC scores are
subsequently reduced until lead time 7-10 years, when they increase. Roughly the opposite can be
observed for RMSE scores. There are several possible reasons for such changes in skill: initial shock
and non-linear drifts could be responsible for lower skill values at short lead times, while long-term
trends could enhance skill at long lead times, as Bellucci et al. (2015) found. However, when the ACC
scores are recomputed using the same time series with the trend previously removed (labeled as
“detrended” in Fig. 1), they are not reduced at middle lead times and are even enhanced at long leads
(7-9 years), which suggests that the skill at these time scales is not coming from the long-term trend.

3.2 Simulation fidelity

To understand the reasons for the prediction skill scores obtained in Fig. 1, in this section we examine
the model fidelity in reproducing the characteristics of the GW, AMV and IPO decadal modes of SST
variability: their phase and their associated SST and West African rainfall patterns. We show that the
timing is only well captured by the decadal hindcasts for the first two. We also show that the SST and
rainfall patterns are adequately reproduced only for the AMV case, though the magnitude of rainfall
anomalies over West Africa is too weak.

Indices

We begin by considering the ability of the historical simulation and the decadal hindcasts in
capturing the phase of the three SST signals (GW, AMV and IPO) and of the SRI (Fig. 2). It is worth
noting that for the decadal hindcasts the indices presented in Fig. 2 have been obtained independently
for each lead time t by concatenating in time the simulated outputs (i.e., we create a hindcast-series
for each lead time). The Sahel rainfall index presented in Fig. 2d is the low-pass filtered SRI time
series, using a cut-off frequency of 13 years, which we name decadal-SRI.

The observed GW index shows a warming trend modulated by multidecadal variability, with two
strong warming periods (1920-1940 and 1970-2000), a hiatus from the 1950s to 1960s, and a
suggestion of a hiatus at the end of the record (Fig. 2a). There is still a debate on the causes for such
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periods of acceleration and deceleration in the warming trend (Keenlyside and Ba 2010; Booth et al.
2012; Tung and Zhou 2013; Kosaka and Xie 2013; Chen and Tung 2014; Mann et al. 2014; England
et al. 2015). The historical simulation slightly overestimates the total amplitude of the warming and
the 1970-2000 trend and underestimates the 1920-1940 trend and the mid-20th Century warming
slowdown. The decadal hindcasts overestimate the amplitude of the 20th Century warming at all lead
times, especially at the short ones (maximum overestimation is 50% of the observed amplitude at lead
time 3 years). In addition, the mid-20th Century slowdown is only shown for long lead times. The
correlations between the GW indices in observations and in the decadal hindcasts at all lead times are
positive and statistically significant (Fig. 3a). This is also the case for the historical simulation,
suggesting that this component is strongly related to the external forcing.

The observed AMYV time series are consistent between both data sets and with previous works (Fig. 2;
e. g. Cai and Whetton 2001; Baines and Folland 2007; Ting et al. 2009; Trenberth and Shea 2006;
Zhang and Delworth 2006; Tung and Zhou 2013; Svendsen et al. 2014). The historical simulation
ensemble is not able to capture the time series of the observed AMV signal (Fig. 2b), showing
negative correlations (Fig. 3b). Conversely, the decadal hindcasts capture the phasing of the observed
signal (Fig. 2b), showing positive correlations for all lead times (Fig. 3b). Such results are in
agreement with previous studies that show prediction skill for the AMV component for a range of
lead times (Garcia-Serrano et al. 2015). However, the decadal hindcasts fail to capture the observed
second maxima in the 1950s and tend to delay the AMV changes of phase in the mid-1960s and late
1990s at long lead times. The decadal hindcasts also show an unrealistic cold period in the 1910s,
which is related to too cold anomalies over the central and western North Atlantic in the initial
conditions provided (not shown).

The observed IPO index shows regime shifts from a positive phase to a negative one in the mid 1940s
and late 1990s and a change from a negative phase to a positive one in the mid-1970s (Fig. 2c¢),
coherent with previous works (Power et al. 1999; Mantua and Hare 2002; Meehl et al. 2009b; Mohino
et al. 2011; Villamayor and Mohino 2015). However, neither the historical simulation nor the decadal
hindcasts capture such shifts, showing statistically non-significant or even negative correlations (Fig.
3¢). Though disappointing, such results are consistent with the lack of skill for decadal prediction of
SSTs that models tend to show in the Pacific basin (Kim et al. 2012; Doblas-Reyes et al. 2013;
Bellucci et al. 2015). Despite this lack of ability to capture the observed IPO, there is a certain
memory in the IPO index from the decadal hindcasts: except for the longest one (10 years), the
different lead times show some consistency among themselves (Fig. 2d), with always positive
correlations and mostly statistically significant (at the 5% level), especially at lead time 6 years (table

1.

Regarding the decadal-SRI, the observation shows two main regimes, a wet one up to 1970, with
maximum rainfall anomalies occurring in the 1950s, and a dry one since 1970, peaking in the 1980s
(Fig. 2d). The change from the 1950s to the 1980s represents nearly a 30% of the total mean average
rainfall of the region. The variance of the decadal-SRI represents just over 50% of the total variability
of the unfiltered SRI time series. There is also a suggestion of a recent recovery in the 1990s, though
it does not reach the levels previous to 1970. The weak recovery shown in our analysis is probably
due to the area chosen to define the SRI, which covers the western Sahel (18°W-10°W), where rainfall
did not recover, and its central part (10°W-10°E), where the recovery was clear (Lebel and Ali 2009).

All the simulated and predicted decadal-SRI show smaller amplitude than the observed one (Fig. 2d).
The decadal-SRI from the historical simulation does neither capture the strong positive rainfall regime
in the 1950s nor the strong negative one in the 1980s. Compared to GW and AMYV indices, the SRI
indices in the decadal hindcasts are less coherent with observations or among different lead times (Fig.

8
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2). Nevertheless, most lead times show positive trends between 1910-1940, and between 1970-2000,
consistent with observations and previous analysis (Miiller et al. 2014). There is also a negative trend
in the 1970s that is delayed for longer lead times, consistently with the behaviour in the hindcast
AMYV indices. The 1950s observed rainfall maximum is not well simulated for most lead times, while
they tend to capture the 1930s one, which is again coherent with the simulation of the AMV signal.

The decadal-SRI index from the hindcasts show correlations above 0.4 for most lead times (Fig. 3d).
Note these correlations are evaluated by comparing observed and hindcast decadal-SRI indices (Fig.
2d) and are different from the ACC scores presented in Fig. 1 (see methods for details on the
calculation of the ACC scores to evaluate prediction skill). The correlations show the biggest values at
lead time of 3 and 8 years, while the lowest are for lead times of 7 and 9 years. This is roughly
consistent with the prediction ACC skill scores (Fig. 1, undetrended): ACC prediction scores are
biggest at short lead times (2 to 5 and 3 to 6 years), which take into account the simulation of year 3.
Consistently with the prediction skill (Fig. 1), the historical experiment shows negative correlations
for the simulation of the decadal-SRI.

Regression patterns

To further understand the skill in simulating the decadal-SRI we show the SST and rainfall patterns
associated with the three SST indices. The regression of the observed SST onto the GW index show
remarkable differences between both observational data sets, especially over the Pacific Ocean (Fig. 4,
Vecchi et al. 2008; Falvey and Garreaud 2009; Mohino et al. 2011). Thus, despite the strong
consistency in the time evolution of the GW signal, there is high uncertainty in the spatial pattern
associated with it. However, both datasets tend to show higher loads over the tropical and southern
Atlantic and Indian basins and reduced loads over the north Atlantic and north-west Pacific ocean.
Such an SST pattern is related to a reduction of rainfall over the Sahel, especially in the western part
(Fig. 4a,b). Unlike the observations, the historical simulation shows a SST pattern with higher loads in
the Northern Hemisphere than in the tropics, especially over the Pacific basin (Fig. 4m). The GW
signal is associated with increased rainfall over the entire West Africa, except at the westernmost side
of the Sahel. This agrees with Park et al. (2015), who show that models with a northward global SST
inter-hemispheric gradient tend to show increased rainfall over the Sahel. Rainfall increases are not
restricted to the Sahel, but they are also shown in other regions north of the equator, like the Asian
monsoon or north-west South America, while there are rainfall deficits south of the equator (Fig. 4m).
This suggest a northward shift of the intertropical convergence zone, which could be related to the
global northward SST inter-hemispheric gradient (Hwang and Frierson 2013).

Regarding the decadal hindcasts, the SST patterns associated with the GW signal show changes with
lead time (Fig. 4): at short lead times, there are strong loads in the tropics, which peak in year 3,
coinciding with the strongest amplitude of the GW time series (Fig. 2a). Such strong tropical SST
gradients are neither consistent with the observations nor with the historical simulation. As the
decadal hindcast evolves in lead time, the trends in the tropics are gradually reduced, while those in
the north Pacific get stronger and resemble more the GW SST pattern in the historical simulation (Fig.
4m). This suggests that the strong tropical trends shown by the decadal hindcasts in the first four years
of the simulation are related to the initialization and could be connected to the 20CR (Compo et al.
2011) reanalysis used to force the ocean component of the model (Miiller et al. 2014), though further
research is needed to clarify this point. The regression of the GW index on rainfall also changes with
hindcast lead time: there are mainly negative loads over the Sahel at short lead times, especially at
lead time 3 years, while positive loads dominate for long lead times. This is consistent with the
evolution of the GW SST pattern: the warm tropical SSTs have been related to a decrease of rainfall
over the Sahel (e.g. Giannini et al. 2003, 2013; Bader and Latif 2003; Lu and Delworth 2005;
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Caminade and Terray 2010; Mohino et al. 2011), while the northward SST gradient shown at long
lead times leads to increased Sahel rainfall, as discussed before.

The observed AMV SST pattern shows positive anomalies over the whole of the North Atlantic, with
strongest loads over the Atlantic subpolar gyre region (Fig. 5). Positive loads are also shown over the
North Pacific, while negative anomalies are present in the Indian and the South Atlantic oceans. The
observed AMV signal is strongly related to positive anomalies of Sahel rainfall (Fig. 5). The
historical simulation exhibits an AMV SST pattern with positive anomalies over the north Atlantic,
especially over its eastern border, and is associated with positive Sahel rainfall anomalies, though
very weak. The AMV is not significantly related to SST anomalies outside the Atlantic in the
historical simulations. Conversely, the AMV SST patterns in the decadal hindcasts show much higher
consistency with observations: positive anomalies over the north Atlantic, mainly over the subpolar
and midlatitude regions, and the north Pacific. It should be also noted that there is a great persistence
in the AMV SST regression patterns with lead time, higher than for the GW component (Fig. 4). In
particular, the positive anomalies in the northern extratropics are present throughout the 10 years of
the simulations. In addition, the AMV related rainfall anomalies, though weaker than the observed,
are positive over the Sahel for all lead times. Their amplitude varies with lead time, being maximum
for lead time 3 years (approximately 60 % of the observed anomaly) and minimum for 1 and 2 year
lead times (approximately 15 and 20 % of the observed anomaly, respectively). There are, however,
some mismatches between the simulated and observed patterns, the most striking is the eastward shift
of the strong positive SST anomalies in the north Atlantic in the simulation. In addition, the SST
anomalies over the tropical north Atlantic are weaker than observed. This could be related to a
reduced atmospheric feedback mechanism (Zhang 2007), since the rainfall anomalies are weaker (Fig.
5), or to an under-representation of the external forcing fingerprint on AMV, as has been found to be
more important in the tropics than in the extratropics (Terray 2012).

Regarding the SST patterns associated with the IPO index, the observations show positive SST
anomalies over the eastern tropical Pacific, while in the subtropics there are negative SST anomalies,
which are more intense in the Northern Hemisphere (Fig. 6; e.g., Meehl et al. 2009b). The observed
IPO is linked to reduced Sahel rainfall (Mohino et al. 2011; Villamayor and Mohino 2015). Despite
the model's inability to capture the timing of the IPO signal, its SST pattern is well simulated in the
historical run. The anomalies of Sahel rainfall, though they agree in sign with the observed ones, are
weak and non-significant. In the decadal hindcasts, the [PO pattern shows less consistency with
observations, and also varies greatly with lead time: there are unrealistically high positive loads in the
tropical Pacific at short lead times that weaken at long lead times (except for lead time 10 years).
Sahel rainfall anomalies related to the IPO in the decadal hindcasts are negative for all lead times, but
are only statistically significant for some of them.

3.3. Multi-linear regression analysis

In this section we apply multi-linear regression analysis between the decadal-SRI and the time series
of GW, AMV and IPO. Using this fit, we decompose the variance of the decadal-SRI and the
correlations shown in Fig. 3d into terms related to the three SST signals (see section 2.3 for details in
the calculations). This decomposition allows the quantification of the effect of each SST signal on the
reproduction of the observed decadal-SRI. We show that the coefficients of the multi-linear regression
analysis are highly related to the regression patterns shown in the previous section, and we assess
causes for their discrepancies to observations. With them, we further understand the large RMSE
errors in Fig.1 as due to the weak response of rainfall to the SST patterns and we show that the main
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positive contributor to the correlations is the AMV component.

Relationship between the multi-linear regression coefficients and the regression patterns

We begin by evaluating the relationship between the coefficients of the multi-linear regression
analysis (y, Bk, ¥i) With the SST and rainfall regression patterns shown in the previous section (Fig.
4-6). Note that, unlike for simple linear regression analysis, the multi-linear regression coefficients
can differ from the average rainfall regression over the Sahel. In Fig. 7a we show that for the GW case,
the a;, coefficient is approximately equal to the regression of the GW index over Sahel region. These
coefficients are always negative, as in the observations, except for the historical experiment and for
the decadal hindcasts at lead times 7 and 9. In addition, we find that «,, is related to the averaged
tropical SSTs patterns of the GW signal (between 15°S and 15°N, Fig. 7d). This is consistent with the
AGCM experiments in Mohino et al. (2011) that showed most of the rainfall response to the GW SST
pattern over West Africa could be simulated using only the tropical part of the pattern. The overall
warming in the tropical basins leads to drought over the Sahel: the Indo-Pacific warming leads to
subsidence over West Africa and the warming in the Atlantic leads to a southward shift of the West
African monsoon (Mohino et al. 2011). However, as discussed before, such positive tropical warming,
especially over the Tropical Pacific, is not consistent with observations (Fig. 4 and 7d) and seems to
be related to an artifact of the initialization (not shown).

For the AMV case, there is a strong and linear relationship between S, and the corresponding average
regression of rainfall over the Sahel in Fig. 5 (Fig. 7b). These values are always positive. In addition,
B shows sensitivity to the meridional SST gradient near the west coast of the Sahel (Fig. 7d). The
link between B and SST pattern is less clear than for the a; term (Fig. 7d,e). A weaker link is
expected as the GW SST regression patterns show much greater diversity than the AMV ones, which
are much more consistent among themselves (Fig. 4, 5). The strength of the precipitation response is
nonetheless found to be sensitive to the coastal gradient of SSTs in the eastern tropical North Atlantic.

For the IPO case, the magnitudes of the y; coefficients are smaller than those obtained from
averaging rainfall regression values over the Sahel in Fig. 6 (Fig. 7c). A linear relationship between
both is still present, though weaker than for the other two SST components. Conversely, the yy
coefficients do not show a clear relationship with the SST regression patterns shown in Fig. 6: unlike
what would be expected from previous works (Villamayor and Mohino, 2015), the y;, coefficient is
not negatively related to the magnitude of SST anomalies over the tropical Pacific (Fig. 7f).

Variance of the decadal-SRI

We now partition the total variance of the decadal-SRI into components related to GW, AMV, IPO,
an AMV-IPO interaction term, and an unexplained residual (equation 2, Fig 8a). The observational
decadal-SRI is mostly explained by the AMV and GW components (between 43 % and 57 % for the
former and nearly 20 % for the latter, amounting to between 63 % and 75 % of the total variance
when using ERSSTv3b and HadISST1 datasets, respectively), with a smaller contribution of the IPO
and the AMV-IPO covariance terms. The total variance accounted for in the observations is 86 %
(80 %) when using HadISST1 (ERSSTv3b) data set. In the decadal hindcasts the AMYV is the main
signal contributing to the total variance, while the residual dominates in the historical simulation (Fig.
8a).

The simulated decadal-SRI variance is roughly 10% of the observed (between 3% and 27%,
depending on the lead time). A fraction of this underestimation is due to the averaging over the 3
ensemble members. However, accounting for this by instead averaging the variance of the individual
ensemble members only increases variance of the simulated decadal-SRI to 20% of the observed. The
underestimation of the decadal variability of Sahel rainfall is consistent with the results from most
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coupled models (Villamayor and Mohino 2015), and could be related to the inability of the
atmospheric component to simulate such decadal variability (Rodriguez-Fonseca et al. 2015). Poor
representation of land surface-atmosphere interactions, including vegetation, is the possible cause for
the underestimation (Giannini et al. 2003; Wang et al. 2004). However, recently Vellinga et al. (2016)
suggested that the main problem is coarse model resolution that hinders the simulation of strong
rainfall events, which conveys the decadal signal. Further evidence to support the hypothesis of the
underestimation being primary related to the atmospheric component of the model comes from the
regression patterns in Figs. 4-6: for all three signals, the strength of the SST anomalies simulated in
both experiments is similar to the observed one, while over West Africa, the model underestimates the
observed rainfall anomalies.

From this analysis we can conclude that the low total variance of the SRI in the simulations is mainly
due to a weak response of Sahel rainfall to the simulated SST signals, especially the AMV. The
underestimation of variance contributes to the large RMSE of the historical simulations and decadal
hindcasts of SRI (Fig 1).

Correlations of simulated and observed decadal-SRI

We further investigate the correlations of the decadal-SRI from the historical simulation and the
decadal hindcasts with the observations (Fig. 3d), partitioning them into four terms related to the GW,
AMYV, IPO and the residual in the multi-linear regression analysis (equation 3, fig 8b). The total
correlation is given by the blue dashed line (corresponding to Fig 3d). The contribution from the
AMYV term is the largest one (except in the historical simulation, Fig. 8b). This term contributes
positively to the correlations in the decadal hindcasts and negatively in the historical simulation. The
magnitude of the contribution is relatively stable. The minimum values are found for the historical
experiment and for lead times 1 and 2 years in the decadal hindcasts. To further explain these

Bk
AMYV contribution to the correlations. The [, coefficients are smallest for the historical simulation
and the first two lead times (Fig. 7b), which explains the lower magnitude of their contributions at
those lead times and experiment. In addition, the correlations between the observed decadal-SRI and
the hindcast AMYV indices (p(SRI,, AMV,)) are strong and positive for all lead times (table 2). This
together with the positive 3, coefficients explains the systematic positive contribution of AMV to the
correlation between observed and hindcast decadal-SRI. Conversely, as the p(SRI,, AMV}) is
negative for the historical simulation (table 2), the AMV contributes negatively to the correlation
between observed and simulated decadal-SRI. Therefore, the positive AMV contribution to the
fidelity of the hindcast decadal-SRI results from skill in both capturing the AMV timing and
reproducing the associated SST and precipitation patterns, while for the historical simulation the
incorrect timing of the AMV causes its reduced decadal-SRI fidelity.

contributions we turn to the p(SRI,, AMV,) term in equation (3), which accounts for the

On average the GW signal is the second largest contributor to the correlations between simulated and
observed decadal-SRI. Interestingly, the GW signal clearly enhances the decadal hindcasts
correlations only at short lead times (1 to 4 years), while its contribution is weak at long ones. The
contribution is even negative for lead times 7 and 9 years in the decadal hindcasts and for the

Jiﬁsmk] p(SRI,, GW,)
term in equation (3), which accounts for the GW contribution to the correlations between simulated
and observed decadal-SRI. The correlations between the observed decadal-SRI and the modelled GW
indices (p(SRI,, GW})) are strong and negative for the decadal hindcasts for all lead times and the

historical simulation (Table 2). Therefore, the different contribution of GW to the decadal-SRI
ak

JVar[SRI]

historical simulation. To further explain these contributions we turn to the

correlation is explained by the term, which is only strong and negative (as in the
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observations) for lead times 1 to 4 years. Therefore, the main problems with the GW contribution are
not due to the phasing of the index, which is well captured, but with the simulated SST and rainfall
patterns: the response of Sahel rainfall is consistent with the observed one only in the decadal
hindcasts and mainly at short lead times. This explains why detrending the SRI time series enhances
the prediction skill at long lead times (Fig 1). Note, however, that the consistent Sahel response at
short lead times is due to an unrealistic SST pattern, as commented in the previous section.

The IPO contribution to the simulation skill of the decadal-SRI is typically smaller than for the GW
and AMYV signals (Fig. 8b). In the historical experiment and for most lead times in the decadal
hindcasts its contribution is positive. The exceptions can be wunderstood analysing the

Yk
JVar[SRI]
correlations between the hindcasts IPO index and the observed decadal-SRI (p(SRI,, IPOy)), which is
positive (table 2) while the regression coefficient y;, is negative (as observed); and at lead time year 5
the y, regression coefficient is positive (opposite to observed, Fig. 7c) while the temporal correlation
between the hindcast IPO index and the observed decadal-SRI is negative (table 2). For the historical
experiment and the decadal hindcasts at other lead times the temporal correlation between the
simulated IPO index and the observed decadal-SRI is negative and y}, is negative (as observed). The
maximum contribution to the decadal-SRI fidelity is at lead time 9 years. The very weak contribution
of TPO signal to the skill for the historical simulations and for the lead time 10 years of the decadal
hindcasts is due to the temporal correlation between such indices and the observed decadal-SRI (table
2). The large variations in the IPO contribution among lead times suggest the contribution of the IPO
to fidelity results from chance, rather than any underlying mechanism.

p(SRI,, IPO;) term: the negative contribution at lead time 1 year is due to the temporal

4. DISCUSSION

We have used multiple linear regression to decompose the decadal-SRI into GW, AMV, and IPO
components. The regression coefficients associated with GW (a;) and AMV (B}), explain most of
the variance of the decadal-SRI in both the observations and model. However, the model
underestimates strongly the variance associated with these components contributing to the large
RMSE of the hindcast and historical experiments. Furthermore, these two regression coefficients,
rather than the phase of the GW and AMV indices, explain most of the correlations between hindcast
and observed decadal-SRI (Fig. 8b). These coefficients are related to the rainfall response to the GW
and AMV SST patterns (Fig. 4 to 5), which show a mismatch between model and observations: For
both, a;, and B}, the model coefficients are much weaker than the observed ones for similar levels of
SST averages (Fig. 7). This is consistent with other studies, discussed above, that show models
(probably their atmospheric component) tend to underestimate the response of Sahel rainfall to
decadal SST signals. However, this alone would not explain the incorrect positive a; values found in
some simulations, which are associated with a stronger warming of the tropics than the observed.
Instead the warmer conditions in the northern hemisphere (between 15°N and 60°S) shown in the
historical-simulation GW patterns (0.27 °C mean anomaly) with respect to the observed patterns (0.14
°C mean anomaly) would help increase rainfall over the Sahel, despite the warm tropical anomalies
(Park et al. 2015). In addition, the MPI-ESM-LR atmospheric component is also very sensitive to the
direct Greenhouse Gas effect (Janicot et al. 2015), which has been shown to increase Sahel rainfall
(Haarsma et al. 2005; Held et al. 2005; Hoerling et al. 2006; Giannini 2010; Dong and Sutton 2015).
As the model only simulates the direct aerosol effect, it may also underestimate the tropospheric
cooling effect of anthropogenic aerosols, leading to an overestimation of Sahel rainfall long-term
trends (Kawase et al. 2010).

There is currently a debate on the origin of the AMV component, some works point at atmospheric
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aerosols accounting for much of the 20th Century AMV evolution (Rotstayn and Lohmann 2001;
Ottera et al. 2010; Booth et al. 2012), while other works suggest an internal origin related to the
strength of the Atlantic Meridional Overturning Circulation (AMOC; Zhang 2007; Knight et al. 2005;
Knight 2009; Ting et al. 2009, 2011; Knudsen et al. 2011; Zhang et al. 2013; Hodson et al. 2014,
Keenlyside et al. 2015). Recent works also suggest that the indirect anthropogenic aerosol influence in
the last part of the 20th Century might be irrelevant due to a saturation effect of cloud albedo
sensitivity to aerosol emission (Carslaw et al. 2013; Stevens 2013). The historical simulation captures
both the tropical part of the SST pattern related to the AMV as well as the rainfall response over the
Sahel. However, the AMV index shows statistically significant negative correlation with the observed
one. Thus while in this model the external forcing projects onto a tropical AMV pattern, it induces a
signal with incorrect timing, decreasing the fidelity in simulating the decadal-SRI (Fig. 8). The
weaker response of Sahel rainfall to this component in the historical simulation (Fig. 4) also reduces
the relative contribution to the total variance of the decadal-SRI (Fig. 8a). In contrast, in the decadal
hindcasts the AMV signal is captured skilfully (Fig. 3b), and it contributes to the greater total decadal-
SRI variance, except for lead time 1 year, and to the positive correlation with the observed decadal-
SRI (Fig. 8). Thus, in our experiments external forcing does not seem to account for the hindcast
fidelity in reproducing the AMYV signal. It should be noted, however, that the model is not simulating
aerosol indirect effects, which are found by Booth et al. (2012) to explain most of the aerosol impact
on North Atlantic SSTs. Nevertheless, the decadal hindcasts show a negative impact of the simulated
AMYV signal on subsurface temperatures in the Tropical Atlantic south of 20°N-25°N (not shown),
consistent with AMOC changes (Zhang 2007; Zhang et al. 2013), whereas the historical simulation
shows no such change (not shown). This is in agreement with other studies which show an important
role for ocean dynamics in climate prediction of the North Atlantic region (Yeager et al. 2012).

The lack of skill in hindcasting the IPO may be due to inherent less predictability (Latif et al. 2006),
which could in part arise from the multiple factors composing its north Pacific component (Schneider
et al. 2002), or because of model and initialization errors. Such lack of skill negatively affects our
expectations for predicting Sahel rainfall at decadal time scales. However, as the observed variance of
Sahel rainfall at these time scales is mainly related to the AMV and GW components (Fig. 8a),
decadal predictions systems could still attain better skill over the Sahel by focusing on these two
components rather than the [PO.

5. CONCLUSIONS

Unlike previous works that evaluate the skill of decadal predictions of rainfall over West Africa, in
this study we have focused on analysing the potential sources for such skill. For this aim, we proposed
a new framework based on the multi-linear regression analysis of the decadal Sahel rainfall index
(SRI), decomposing it into the contributions of GW, AMV and IPO (Mohino et al. 2011). We have
tested such approach using the decadal hindcasts performed by Miiller et al. (2014), which provide
10-year long predictions issued every year from 1901 to 2010, and by comparing with the historical
simulation with the same version of the MPI-ESM-LR model.

The overall skill in predicting the decadal-SRI can be understood as a combination of how well we
can predict the timing of the three different SST signals (GW, AMV and IPO) and how well we can
simulate the SST and West African rainfall patterns in response to such signals.

In the case of the GW signal, both experiments show high skill in capturing the timing of the signal,
as it is mostly related with the 20th Century trend. However, the decadal hindcasts tend to
overestimate the observed amplitude of the signal, especially at lead times 2 to 4 years over the
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tropical Pacific. Despite a reasonable timing, the SST and rainfall response patterns are not as well
captured. The average rainfall response to the GW over the Sahel is weak in the simulations and even
positive in some cases (contrary to observations). Such positive rainfall loads lead to a negative
contribution of the GW signal to the skill in simulating the decadal-SRI. The most extreme case is the
historical simulation in which the timing is the best captured (Fig. 3a) and the averaged northward
SST gradient is maximum (Fig. 4m), leading to the most negative contribution to the skill.
Interestingly, the biggest positive contribution of the GW to reproducing the decadal-SRI is in the
decadal hindcasts at lead times 1 to 4 years. However in this case we have a good response for the
wrong reasons: the too strong spurious tropical warming trends correct other model deficiencies in
simulating the GW impact on Sahel rainfall and lead to an average negative Sahel rainfall response.

For the AMYV signal, the timing and the SST and rainfall response patterns are adequately reproduced
in the decadal hindcasts. Such reproduction leads to a consistent positive contribution of this
component to the skill in reproducing the decadal-SRI. The main differences among the different lead
times are related to the strength of the rainfall response rather than the rainfall pattern. In turn, such
strength seems to be related to the local gradients of SST in the east tropical North Atlantic, off the
coast of West Africa. Conversely, for the historical simulations, the timing is wrongly reproduced,
which leads to a negative contribution to the skill in simulating the decadal-SRI.

For the IPO signal, the observed timing is not captured by any of the simulations. The observed global
SST patterns are better captured in terms of spatial correlation and root mean square error (not shown),
but not properly translated to the precipitation patterns over West Africa. This component shows,
however, marginal contributions to enhance the skill in simulating the decadal-SRI at some lead times,
though part of such enhancement could be related to a contamination by the AMYV signal.

The analysis of the different contributions to the correlation between observed and simulated
(hindcast and historical) decadal-SRI (i.e., low-pass filtered time series that incorporate future
information into the forecast) indices explain some of the characteristics of the actual prediction skill
(Fig. 1): at long lead times the skill obtained for the total predicted SRI is similar or even smaller than
the one obtained after detrending the data because the impact of the GW signal on rainfall is wrongly
simulated. Moreover, the biggest ACC skill scores for the total predicted SRI is obtained for lead
times 2-5 and 3-6 for the wrong reasons: the initialization introduces a spurious trend, mainly in the
tropical Pacific, which overcomes the tendency of the model to enhance Sahel rainfall with the GW
(contrary to the observed behaviour). Most of the skill in the predicted SRI comes from the AMV
signal, because the initialization adequately captures the timing of the signal as well as a reasonablly
realistic SST pattern and associated rainfall response over the Sahel. Thus, conversely to the
suggestions from other works (Bellucci et al. 2015), the skill at long lead times does not stem only
from the external forcing: the AMV obtained through the initialization was the only source of skill for
Sahel rainfall in our decadal hindcasts at long lead times.

Our multi-linear regression analysis framework can also explain the total variance obtained in the
decadal-SRI. The main contribution in both observations and simulations comes from the AMV
component. Those simulations for which the AMV signal is weakly translated to the Sahel rainfall,
the total variance is very low.

It should be noted that our results are based on only one model and, as shown by previous work, the
predictive skill of Sahel rainfall is model dependent (Gaetani and Mohino 2013; Garcia-Serrano et al.
2013; Martin and Thorncroft 2014; Bellucci et al. 2015). In the framework of CMIPS5, not many
models show skill. When analysing rainfall outputs, approximately 30% (4 out of the 14 analysed) of
models show significant skill and the MPI-ESM-LR is one of them (Otero et al. 2015). Gaetani and
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Mohino (2013) showed that for this particular model, the initialization was playing the key role by
incorporating a multi-decadal SST-precipitation relationship similar to the observed one and that this
was the case only in 37% of the models analysed.

The analysis presented in this work was possible due to the long length of the validation period (the
whole 20" Century), for which a separation of the GW, AMV and IPO components following our
methodology was possible. Though issuing predictions for such a long period presents big challenges
and some problems may arise (like the too cold AMYV signal in the 1910s or the too strong SST trends
at short lead times in the GW component), it offers a unique opportunity to evaluate the skill of
predicting phenomena with very long periods like the AMV (period of 65 years) for which the
standard CMIP5 approach of simulating from 1960 to 2010 does not even cover 1 cycle of the
phenomenon.

Finally, leaving aside the IPO influence, we have shown that part of the reduced skill shown by the
simulated decadal-SRI index is due to failures in the model to represent properly some characteristics
of the SST patterns and, especially, translate the GW and AMYV signals correctly to the precipitation
anomalies. If atmospheric response to these two signals was correctly simulated then skill could be
greatly increased. To quantify this we construct a new multiple regression model using the GW and
AMYV model indices but replacing the corresponding regression coefficients from the model with the
observed ones; we neglect the PO and residual contributions. This significantly enhances the
correlations obtained (Fig 9). By improving the rainfall response to the two SST components, the
attainable fidelity in simulating the decadal-SRI skill is much higher in the initialized simulations than
in the historical one. These results suggest that there is still room for skill improvement. In particular,
for the MPI-ESM-LR model, there are two key factors to address: On the one hand, the SST pattern
associated with the GW component should be improved to resemble better the observations (i.e. show
less warming in the Northern Hemisphere extratropics and more in the Southern Ocean in response to
the slowly varying external forcing). This would likely lead to a negative response of the simulated
Sahel rainfall (as observed) and enhance the ACC scores in the decadal hindcasts. On the other hand,
the magnitude of the response of the simulated Sahel rainfall to decadal SST modes should be
increased to match the observed one. This would likely reduce the RMSE of the hindcast SRI.
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941 significant correlations (at the 5% level) are shown in bold.
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Table 2: Correlation between the observed decadal-SRI and the simulated GW, AMV and IPO time

series. The time series were not detrended before the correlation calculation.
SRIo- SRIo- SRIo- IPOs-
GWs AMVs  |IPOs AMVs
LTI -0.51 0.47 0.25 -0.08
LT2 -0.55 0.48 -0.03 -0.22
LT3 -0.58 0.53 -0.23 -0.46
LT4 -0.60 0.54 -0.37 -0.44
LTS5 -0.61 0.52 -0.33 -0.29
LTé6 -0.60 0.52 -0.26 -0.27
LT7 -0.60 0.52 -0.31 -0.07
LTS8 -0.60 0.53 -0.35 -0.36
LT9 -0.59 0.52 -0.44 -0.67
LT10 -0.56 0.50 -0.03 -0.01
HIST -0.61 -0.32 -0.01 -0.31
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FIGURE CAPTIONS:

Figure 1 Prediction skill: Anomaly correlation coefficients (ACC, adimensional, bars) and root mean
square errors (RMSE in mm/day, stems) scores for Sahel rainfall at different lead times (1 to 4, 2 to 5,
3t06,4t07,5t09, 6to9 and 7 to 10: seven first columns, respectively) in the decadal hindcast and
in the historical uninitialized simulation (last column) for raw (dark blue) and de-trended data (light
blue) in the 1914-2004 period. The detrended scores are calculated over the same time series as the
raw ones except that the linear trends are previously removed. Note that the detrended time series
cannot be calculated in real-time prediction. Solid lines indicate the ACC skill of persistence for raw
(dark blue) and detrended data (light blue). Persistence is calculated as the average over the 4 years
preceding the model initialization. The dot-dashed line show the threshold to reject the null hypothesis
that the correlations come from chance (at the 5% level) for 4-year running mean filtered data.
Reference data for both metrics is CRUTS3.1 rainfall estimates.

Figure 2 Time series of the anomalous indices with respect to the 1910-2005 period calculated for the
observations (HadISST1 and ERSST3vb are used for SST-based indices, labeled HAD and ERS
respectively and CRUTS3.1 for the rainfall index in black), historical simulation (dashed blue) and
separately for each 10 lead times of the decadal hindcast of: (a) GW (in K); (b) AMV (standardized);
(c) PDO (standardized); (d) decadal-SRI (in mm/day). For the definition of each index see details in
the text.

Figure 3 Simulation skill: Anomaly correlation coefficients calculated between the observed
(HadISST1 dataset is used for reference) and the simulated indices of : (a) GW; (b) AMV; (¢) PDO;
(d) decadal-SRI (in mm/day) shown in Fig. 2. Blue (red) bars mark positive (negative) correlations.
The black horizontal line shows the threshold above which the null hypothesis that the correlations
come from chance (at the 5% level) for the same type of filtered data should be rejected.

Figure 4 GW regression patterns: Regression of the SST (K per standard deviation of the GW index,
shown over ocean areas) and precipitation (mm/day per standard deviation of the GW index, shown
only over land areas) fields onto the GW indices shown in Fig. 2 for: a) and b) the observations
(HadISST1 and ERSST3vb datasets are used for SSTs, labeled HAD and ERS respectively, and
CRUTS3.1 is used for rainfall in both plots); c) to I) the 10 lead times of the decadal hincast; and (m)
the historical experiment. Areas statistically non-significant are marked with dots (at the 5% level).

Figure 5 AMYV regression patterns: same as fig. 4 but using the AMV indices.

Figure 6 IPO regression patterns: same as fig. 4 but using the IPO indices.

Figure 7 Relation between the multi-linear regression coefficients and the rainfall and SST patterns:
Scatter plot between (a) o coefficient and the average rainfall regression of the GW pattern over the
Sahel in Fig. 4; (b) B coefficient and the average rainfall regression of the AMYV pattern over the Sahel
in Fig. 5; (¢) y coefficient and the average rainfall regression of the IPO pattern over the Sahel in Fig.
6; (d) o coefficient and the tropical average SSTs (between 15°S and 15°N) in the GW patterns in Fig.
4; (e) P coefficient and the tropical North Atlantic SST gradient in the eastern part of the basin
(calculated as the difference between the SST average in the region 30°W-18°W, 16°N-30°N and in
the region 30°W-18°W, Eq-14°N) in the AMV patterns in Fig. 5 ; (f) y coefficient and the tropical
Pacific average SSTs (in the region 180°W-95°W 15°S-15°N) in the GW patterns in Fig. 6. In blue we
show the regression line and correlation coefficient using the 10 lead times of the decadal hindcast
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and the historical experiments. In gray we show the regression line and correlation coefficient
obtained without taking into account the historical simulation. Units for rainfall regression averages
and multi-linear coefficients (SST regression averages) are mm/day (K) per standard deviation of the
corresponding index

Figure 8 Explained Variance AND SRI ACC scores: (a) Variance of the decadal-SRI (in mm?day?)
and its partition into five components following the multi-linear regression analysis, which correspond
to: GW, AMV, IPO, AMV-IPO covariance and residual of the fit (labeled as EPS). (b) Anomaly
correlation coefficient (ACC) of the simulated decadal-SRI for each of the 10 lead times in the
decadal hindcast and the historical experiment (blue dashed bars) and its decomposition into four
terms following the multi-linear regression analysis, which are due to: GW, AMV, IPO and the
residual of the fit (labeled as EPS). Positive and negative contributions are shown separately as
stacked bars. The subtraction of the total stack positive bar minus the stack negative bar provides the
ACC scores.

Figure 9 Potential simulation skill: Anomaly correlation coefficient (ACC) between the decadal-SRI
from observations and a synthetic one obtained using the GW and AMV from simulations and the a;,
and By, coefficients from the multi-linear regression analysis applied to observations (blue dashed
bars). Decomposition of such ACC into the two terms (GW and AMYV). Positive and negative
contributions are shown separately as stacked bars. The subtraction of the total stack positive bar
minus the stack negative bar provides the ACC scores.
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Fig. 1: Prediction skill: Anomaly correlation coefficients (ACC, adimensional, bars) and root
mean square errors (RMSE in mm/day, stems) scores for Sahel rainfall at different lead times
(1to4,2t05,3t06,4t07,5t09,6to9 and 7 to 10: seven first columns, respectively) in the
decadal hindcast and in the historical uninitialized simulation (last column) for raw (dark blue)
and de-trended data (light blue) in the 1914-2004 period. The detrended scores are calculated
over the same time series as the raw ones except that the linear trends are previously removed.
Note that the detrended time series cannot be calculated in real-time prediction. Solid lines
indicate the ACC skill of persistence for raw (dark blue) and detrended data (light blue).
Persistence is calculated as the average over the 4 years preceding the model initialization.
The dot-dashed line show the threshold to reject the null hypothesis that the correlations
come from chance (at the 5% level) for 4-year running mean filtered data. Reference data for
both metrics is CRUTS3.1 rainfall estimates.
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Fig. 2: Time series of the anomalous indices with respect to the 1910-2005 period calculated
for the observations (HadISST1 and ERSST3vb are used for SST-based indices, labeled HAD
and ERS respectively and CRUTS3.1 for the rainfall index in black), historical simulation
(dashed blue) and separately for each 10 lead times of the decadal hindcast of: (a) GW (in
K); (b) AMV (standardized); (c) PDO (standardized); (d) decadal-SRI (in mm/day). For the
definition of each index see details in the text.
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Fig. 3: Simulation skill: Anomaly correlation coefficients calculated between the observed
(HadISST1 dataset is used for reference) and the simulated indices of : (a) GW; (b) AMV; (c)
PDO; (d) decadal-SRI (in mm/day) shown in Fig. 2. Blue (red) bars mark positive (negative)
correlations. The black horizontal line shows the threshold above which the null hypothesis
that the correlations come from chance (at the 5% level) for the same type of filtered data
should be rejected.
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Fig. 4: GW regression patterns: Regression of the SST (K per standard deviation of the GW
index, shown over ocean areas) and precipitation (mm/day per standard deviation of the GW
index, shown only over land areas) fields onto the GW indices shown in Fig. 2 for: a) and
b) the observations (HadISST1 and ERSST3vb datasets are used for SSTs, labeled HAD and
ERS respectively, and CRUTS3.1 is used for rainfall in both plots); ¢) to 1) the 10 lead times
of the decadal hincasts; and (m) the historical experiment. Areas statistically non-significant
are marked with dots (at the 5% level).
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Fig. 5: AMV regression patterns: same as fig. 4 but using the AMV indices
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Fig. 6: TPO regression patterns: same as fig. 4 but using the IPO indices
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a. GW regress. coef. d. GW regress. coef.
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Fig. 7: Relation between the multi-linear regression coefficients and the rainfall and SST
patterns: Scatter plot between (a) « coefficient and the average rainfall regression of the GW
pattern over the Sahel in Fig. 4; (b) 8 coefficient and the average rainfall regression of the
AMYV pattern over the Sahel in Fig. 5; (c) v coefficient and the average rainfall regression of the
IPO pattern over the Sahel in Fig. 6; (d) « coefficient and the tropical average SSTs (between
15°S and 15°N) in the GW patterns in Fig. 4; (e) § coefficient and the tropical North Atlantic
SST gradient in the eastern part of the basin (calculated as the difference between the SST
average in the region 30°W-18°W, 16°N-30°N and in the region 30°W-18°W, Eq-14°N) in the
AMYV patterns in Fig. 5; (f) v coefficient and the tropical Pacific average SSTs (in the region
180°W-95°W 15°S-15°N) in the GW patterns in Fig. 6. In blue we show the regression line
and correlation coefficient using the 10 lead times of the decadal hindcast and the historical
experiments. In gray we show the regression line and correlation coefficient obtained without
taking into account the historical simulation. Units for rainfall regression averages and multi-
linear coefficients (SST regression averages) are mm/day (K) per standard deviation of the
corresponding index
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a. SRI explained decadal variance

b. Explained SRI ACC scores
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Fig. 8: Explained Variance AND SRI ACC scores (a) Variance of the decadal-SRI (in
mm?day~?) and its partition into five components following the multi-linear regression analysis,
which correspond to: GW, AMV, IPO, AMV-IPO covariance and residual of the fit (labeled
as EPS). (b) Anomaly correlation coefficient (ACC) of the simulated decadal-SRI for each of
the 10 lead times in the decadal hindcast and the historical experiment (blue dashed bars)
and its decomposition into four terms following the multi-linear regression analysis, which are
due to: GW, AMV, TPO and the residual of the fit (labeled as EPS). Positive and negative
contributions are shown separately as stacked bars. The subtraction of the total stack positive
bar minus the stack negative bar provides the ACC scores.
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Potential ACC scores
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Fig. 9: Potential simulation skill: Anomaly correlation coefficient (ACC) between the decadal-
SRI from observations and a synthetic one obtained using the GW and AMV from simulations
and the o and (8 coefficients from the multi-linear regression analysis applied to observations
(blue dashed bars). Decomposition of such ACC into the two terms (GW and AMV). Positive
and negative contributions are shown separately as stacked bars. The subtraction of the total
stack positive bar minus the stack negative bar provides the ACC scores.

35



