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Abstract

We studied the effects of within-lake variation of subfossil chironomid assemblages on chironomid-
inferred temperaturesin five lakesin southern Norway. In each lake six replicate surface-sediment
samplesin the deepest part of the lake basin and two transects of seven samples each towards the littoral
were analysed for subfossil chironomid assemblages. A quantitative chironomid-July air temperature
inference model applied to the subfossil assemblages inferred temperatures with a standard deviation of
0.35-0.54°C for the six mid-lake samples and of 0.38-0.59°C for all 20 sediment samples. This variation
seems high when compared with the cross-validated root mean square error of prediction (RMSEP) of the
model of 1.04°C. However, we show that the variability of the replicate mid-lake samples can only
account for amaximum of 15% of the model prediction error if the RMSEP is decomposed into a
component due to uncertainties associated with sampling the chironomid assemblage of alake and into a
residual error component. Thus, according to our results analysing multiple samples in the model lakes to
obtain better estimates of their subfossil assemblage composition may only slightly reduce the model
prediction error. It was difficult to detect a clear pattern of chironomid-inferred temperatures with respect
to water depth in any single lake due to the high variability of inferred values. However, a comparison of
all five study lakes revealed that, relative to the mid-lake samples, cooler temperatures were inferred at
intermediate depths and warmer temperatures in the shallowest parts of the lakes, although two shallow-
water samples with very low inferred temperatures were exceptions in this respect. This depth-related bias
of inferred temperatures in our relatively shallow study lakes indicates that chironomid-temperature
models calibrated on mid-lake samples should only be applied with caution to near-shore sediments and
that a systematic offset in the inferred temperatures may occur.

Author Keywords: subfossil chironomids; temperature reconstruction; prediction error; within-lake
variability; palaeolimnology

1. Introduction

Chironomids (Chironomidae) are afamily of the insect order Diptera (true flies). Their larvae are abundant in lakes, where they inhabit the surfaces of hard
substrates such as rocks, plants and wood, or burrow into the sediments. The chironomid fauna of alake usually includes alarge number of different species,
many with specific ecological requirements. Therefore, chironomids have a long tradition of being used as biological indicators of water quality (e.g.
[Thienemann, 1913, Sagher, 1979 and Wiederholm, 1981]). The remains of chironomid larvae, especialy the strongly sclerotised head capsules, are found
abundantly in lake sediments. These subfossils remain identifiable, usually to a generic or species group level, and preserve well in the sediments over
thousands of years. Thus, subfossil chironomid analysis can be used to reconstruct the past chironomid fauna of lakes and the environment that the larvae
lived in (e.g. [Walker, 1987 and Walker, 2001]).

Recently, subfossil chironomid assemblages in lake sediments have been increasingly used to generate reconstructions of past summer temperatures using
quantitative chironomid-temperature inference models (e.g. [Walker et a., 1991, Levesgue et al., 1993, Brooks and Birks, 2000a and Brooks and Birks,
2000h]). These models are based on surface-sediment samples from alarge number of lakes covering the temperature gradient of interest for reconstruction.
In each lake, asingle sediment core is taken from the deepest part of the lake basin and the subfossil chironomid assemblage in the topmost sediment is
analysed. Summer water temperatures are measured on site during field work or, aternatively, the mean summer air temperature is interpolated for each lake
using temperature measurement series from nearby meteorological stations. These data are then used to develop a statistical model which predicts summer
temperature based on the subfossil chironomid assemblages. Chironomid-summer air temperature inference models are now available with coefficients of
determination (r2) of 0.74-0.94 and aleave-one-out cross-validated prediction error (root mean square error of prediction; RMSEP) of 0.80-1.54°C (e.g.
[Lotter et al., 1997, Lotter et al., 1999, Vasko et a., 2000 and Brooks and Birks, 2001]). Probably due to problems associated with obtaining good summer
water temperature estimates from single spot measurements, chironomid-water temperature inference models tend to perform slightly worse, with ar2 of
0.32-0.88 and aRM SEP of 1.53-2.26°C ([Walker et al., 1997, Olander et al., 1999, Brooks and Birks, 2001 and Larocque et al., 2001]).

Chironomid-based summer temperature reconstruction has become a valuable tool to assess the magnitude of the large climatic fluctuations during the Late
Glacia (e.g. [Walker et al., 1991, Cwynar and Levesque, 1995, Brooks and Birks, 2000a and Brooks and Birks, 2000b]). However, recently there has been an




increasing focus of palaeoclimate research on the more stable climate during the Holocene (i.e. the past 11500 years). One of the problems with applying
chironomid-temperature inference models to the Holocene is that the prediction error of the modelsis of the same order of magnitude as the expected
temperature changes (i.e. 1-2°C). Even though chironomid-based Hol ocene temperature reconstructions have produced promising results (e.g. [Pellatt et al.
2000, Rosén et d., 2001 and Bigler et al., 2002]), it would greatly improve the usefulness of subfossil chironomid analysis to Holocene climate research if the
prediction errors of the models could be reduced.

The RMSEP usually used to express the uncertainty of chironomid-inferred temperatures is a summary statistic which incorporates many different error
sources. It is equivalent to the standard deviation of the leave-one-out cross-validated prediction residuals calculated for al the model 1akes. One of the
factors which may potentially contribute to the RMSEP is the within-lake variability of subfossil chironomid assemblages in the lakes used to develop the
model. Benthic macroinvertebrates commonly show arandom or contagious (clumped) distribution in lakes. Thus, alarge number of samples haveto be
analysed to obtain useful estimates of population parameters and biotic indices in surveys assessing the modern benthic fauna (e.g. [Johnson, 1995]). It is
reasonable to assume that the subfossil chironomid assemblage within the deepest part of alake basin also shows variation and that this variability will
contribute to the overall prediction error of the temperature inference models.

For other biological palaeoenvironmental proxies, such as diatoms or pollen, detailed information on their distribution in lake sedimentsis available (e.g.
[Merildinen, 1969, Davis et al., 1971 and Anderson, 1990]). However, little is known about the within-lake variability of subfossil chironomid assemblagesin
the deepest parts of the small and relatively shallow lakes commonly used for organism-based quantitative climate reconstruction.

Studies of different climate proxiesin the same sediment core can greatly enhance the reliability of organism-based climate reconstructions, as this will
enable a more precise reconstruction of the palacoenvironments within alake and its catchment (e.g. [Birks et al., 2000 and Lotter et al., 2000]). Furthermore,
pal aeoclimatic inferences derived from biota with arange of different biologies and habitats can be compared to either support each other or point towards
inconsistencies in the climate reconstructions. Within the framework of these multi-proxy studies chironomid analysis is sometimes applied to shallow-water
sediment cores because remains of other proxies of interest (e.g. mites, plant macrofossils, lacustrine carbonates) may be absent or rare in the deepest part of
the lake basin. It remains, however, an open question if chironomid-temperature inference models calibrated from the deepest parts of lake basins can be used
to reliably reconstruct past summer temperatures from shallow-water chironomid assemblages.

We studied the distribution of chironomid subfossilsin five small Norwegian lakes in order to assess the effects of within-lake variability of chironomid
assemblages on quantitative chironomid-temperature reconstructions. In each lake we obtained six replicate samples from the deepest part of the lake basin,
analysed the subfossil chironomid assemblages in the surface sediments and applied a quantitative chironomid—-mean July air temperature inference model to
the results. The variability of the inferred temperatures was then used to examine the error associated with sampling the chironomid assemblage of alake with
asingle sediment core in respect to the overall model prediction error. This variability is of interest asits influence on the model could be reduced by a
different sampling scheme, e.g. by obtaining several samples per lake for the model development. However, thiswould greatly increase the amount of work
necessary to generate chironomid—temperature inference models and at present it is not clear if a significant improvement in prediction errors could be
achieved. Furthermore, we analysed in each lake two transects of seven samples each, ranging from the deepest part of the lake basin towards the littoral, to
assessif there exists any biasin inferred temperaturesin relation to water depth.

2. Study sites and methods

We sampled surface sediments from five lakes in southern Norway (Table 1), Holebudalen (HOL), Histal (HIS), Lisetjenn (L1S), Rétasjgen (RAT), and
Vestre @ykjaamytjern (OYK). The lakes ranged from the deciduous forest to the al pine vegetation zone, spanned a mean July air temperature gradient of 8.2—
14.3°C, and were selected to be of similar size and depth as those used to develop a chironomid—mean July air temperature inference model in Norway
([Brooks and Birks, 2000b and Brooks and Birks, 2001]). After establishing alake bathymetry using an echo sounder, six coresin the deepest part of the lake
basin and two transects of seven cores ranging from the lake centre towards the littoral were taken at each site using amodified Kajak corer ( [Renberg,
1991]; Fig. 1). These cores will henceforth be referred to as M-1 to M-6 for the mid-lake coresand T1-1to T1-7 and T2-1 to T2-7 for the two transects,
respectively (numbered according to decreasing water depth). In lakes with two basins of similar depth one transect was placed in each of the basins. In OYK
the last sample of the second transect (T2-7) was taken close to the lake tributary instead of in line with the other transect samples (Fig. 1). From each core a
sample from the top centimetre of sediment was prepared for chironomid analysis following [Walker, 2001] but excluding the acid treatment. Chironomid
subfossils were identified at 400x magnification under a compound microscope. In most samples (88%) more than 80 head capsul es were obtained. However,
for some samples, especially from the shallowest parts of the lake basins, low chironomid abundances were a problem. The lowest count sum for amid-lake
sample was 64 and for a transect sample 41 ( Table 2). Chironomid subfossils were generally identified to the taxonomic level used in the Norwegian
chironomid-July air temperature inference model ([Brooks and Birks, 2000b and Brooks and Birks, 2001]; Brooks and Birks, unpublished data). Chironomid-
inferred temperatures were modelled using the program CALIBRATE (S. Juggins and C.J.F. ter Braak, unpublished software) and ordination performed using
CANOCO version 4.0 ( [ter Braak and Smilauer, 1998]).

Table 1. Abbreviation, geographical location, €levation, maximum lake depth and mean July air temperature for the study lakes

Lake Abbreviation Latitude Longitude Elevation Maximum lake depth Mean July air femperature
("N {°E} {m asl) (m) (°C)

Holebudalen HOL 59950 6759’ 1144 7.5 82

Histgl HIS 589200 74T 245 9.2 143

Lisletjgnn LIS 59°21° 718’ 318 7.3 129

Ratisjsen RAT 62716 9e51Y 1169 7.5 86

Vestre @ykjemiyitipm  OYK 59°49° 6700 570 7.8 11.0
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Fig. 1. Contour maps of the five study lakes. The dashed circles indicate the deepest parts of the lakes where the M-cores were obtained and the dotted lines
the two transects towards the littoral. In OYK, a single near-shore sample was taken outside the transects (indicated with T2-7). The inset shows the
location of the study sites in an overview map of southern Norway.

Table 2. Count size and standard deviations (S.D.) of the chironomid-inferred July air temperatures in the five study lakes

HIS HOL LIS RAT OYk
Median (range) of countsof 93 (64-119) 182 (118-256) 132 (96-270) 153 (85-165) 123 (102-128)
M-samples
Median (range) of countsof 97 (49-218) 135 (66-256) 144 (82-334) 122 (52-165) 113 (41-132)
all samples
5D, of inferred tempera- 0.54°C 0.51°C 0,49°C 0.35°C 0.43°C
tures for M-samples
S.D. of infered tempera- ,56°C 0,52°C 0.59°C (0.38°C 0.56°C
tures for all samples
S.D. of infened temper- 041°C 0.39°C 0.36°C 0.33°C 0.39°C
atures for 100 simulated
samples of count size 100

See text for details.

3. Results and discussion

3.1. Chironomid—mean July air temperature inference model

A chironomid—-mean July air temperature inference model was calculated based on subfossil assemblages in surface-sediment samples from the deepest parts
of 153 small Norwegian lakes ([Brooks and Birks, 2000b and Brooks and Birks, 2001]; Brooks and Birks, unpublished data). These lakes range from
southernmost Norway to Svalbard and cover amean July air temperature gradient of 3.5-16.0°C (see [Brooks and Birks, 2000b and Brooks and Birks, 2001],
for more details on air temperature interpolation procedures and criteriafor lake selection). After taxonomic harmonisation with the samples obtained from
our five study lakes, the model dataincluded atotal of 116 subfossil chironomid taxa. Detrended canonical correspondence analysis with July air temperature
asthe only explaining variable suggested a temperature gradient length of three standard deviation unitsin the square-root-transformed chironomid
percentages and, therefore, non-linear unimodal-based regression procedures were used to develop the inference model. Following [Birks, 1998], weighted
averaging partial least squares regression with three components was chosen as the * minimum adequate model’. The final model based on sguare-root-
transformed chironomid percentages predicts mean July air temperature with a RMSEP of 1.04°C and ar2 of 0.91 (Fig. 2).
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Fig. 2. Comparison of observed mean July air temperature with the chironomid-inferred temperatures and the prediction residuals for the Norwegian
chironomid-July air temperature inference model. The model is based on three-component weighted averaging partial least squares regression. RMSEP
indicates the leave-one-out cross-validated root mean square error of prediction, r2 the coefficient of determination and n the number of samplesin the
model.

3.2. Chironomid-inferred temperatures within the lake basins

Chironomid-inferred mean July air temperatures were fairly variable across alake basin and generally spanned atemperature range of about 2°C (Fig. 3). The
standard deviation of the inferred temperatures for the six mid-lake samples ranged from 0.35 to 0.54°C (Table 2). For al 20 samples analysed within alake
basin the standard deviation was slightly higher in al five study lakes (0.38-0.59°C). The standard deviations of the six mid-lake samples can be interpreted
asthe variability of chironomid-inferred temperatures due to replicate sampling. Thus, they provide an estimate of the variation in our model due to the error
associated with assessing the chironomid assemblages in the deepest parts of the lakes with a single sediment sample. Six is alow sample number to estimate
this variability from and ideally a higher number of samples per lake should have been obtained to calculate this variation. However, four of the five standard
deviations for the mid-lake cores lie within the narrow range of 0.43-0.54°C and the standard deviations for the mid-lake samples and for all 20 samples from
within alake are very similar ( Table 2). This suggests that we have obtained realistic estimates of the variation of chironomid-inferred temperatures due to
replicate sampling in the deepest parts of the lake basins and that a standard deviation of 0.43-0.54°C may be atypical value for this variability in small
Norwegian lakes.
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Fig. 3. Chironomid-inferred mean July air temperatures and water depth plotted for the 20 samples from each study lake. M refers to the samples taken
from the deepest part of the lakes whereas T1 and T2 refer to the two sampling transects.

For our purposes it would be of interest to quantify how much of the overall model prediction error such variability could account for. We can assume that the
variability associated with assessing the subfossil assemblage composition of the model lakes with a single sediment sample is superimposed on the model
prediction error we would obtain if we could calibrate it on the actual chironomid assemblages. Following [Birks et al., 1990], it is then possible to

decompose the overall prediction error of the model into the two separate components using:

MSEP=M SErepI icate™ SEesidual (0]

where MSEP is the leave-one-out cross-validated mean square prediction error of the chironomid—
temperature model, M SE; i cate IS the mean square error associated with using asingle sample to assess

the chironomid assemblage composition of the mode! lakes, and M SE, g4 iS the residual mean square

error component of our model, an estimate of the model prediction error we would obtain if it were
possible to sample perfectly the chironomid assemblages. A number of statistical assumptions are implicit
to this approach, amongst them the assumption that (1) the three error components have a Gaussian
distribution, (2) M SE;ggjicate aNd M SE;eqqua are independent and (3) the three error components are of

the same size over the whole temperature gradient. Using the RM SEP of the chironomid-temperature
model to estimate M SEP and the squared observed standard deviations of the six mid-lake samples as an
estimate of M SE gpjjcates the residual root mean square error (RM SE;eqgy4) €an thus be estimated to 0.89-

0.98°C or 85-94% of the RM SEP of the Norwegian chironomid—July air temperature inference model.
The prediction residuals of the chironomid—temperature inference model tend to be smaller at the cold end
of the model temperature gradient (Fig. 2), suggesting that our assumption (3) may not be valid for the
overall model prediction error. Therefore, we recal culated the model, the RMSEP and RM SE,oqqua

excluding sites with observed temperatures below 6°C. However, the results were very similar, suggesting
aRMSE;¢qqua Of 87-95% of the mode! prediction error.

The pattern of inferred temperatures within a given lake basin differed from site to site and between
transects and it is difficult to detect an overall pattern for all five study lakes (Fig. 3). In some transects
there seems to be a tendency towards warmer inferred temperatures in near-shore samples (e.g. HIS, LIS,
HOL T-1, OYK T-1). However, other shallow-water samplesinfer exceptionally cool temperatures (e.g.
HOL T2-7, RAT T1-7). In some lakes, samples of intermediate water depth gave relatively cool
temperatures (HOL, LIS, OYK), although in others the between-sample variation in inferred temperatures
istoo high to detect any trend (e.g. OYK). The relationship between chironomid-inferred temperatures
and water depth becomes more obviousif the inferred temperatures are plotted relative to the average
temperature of the six mid-lake samples and versus standardised water depth ( Fig. 4). At intermediate
depths of about 0.4-0.6 times the maximum lake depth the inferred air temperatures are, on average,
about 0.4-0.5°C cooler than the mean inferred temperature for the mid-lake samples. At depths shallower
than 0.2 times the maximum lake depth the model tends to infer above-average temperatures. However,
two samplesinferring exceptionally cool temperatures are inconsistent with this trend.
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Fig. 4. Chironomid-inferred July air temperatures and water depth for al 100 samples from the five
study lakes. The inferred temperatures are plotted relative to the mean of the six mid-lake samples
(relative inferred temperature) and water depth values as depth divided by maximum water depth.

3.3. Implications for quantitative chironomid-inferred temperature
reconstruction

The chironomid-inferred mean July air temperatures were rather variable in the deepest parts of the five
studied lake basins and it seems reasonable to assume a similar variability existsin all the lakes used to
develop the Norwegian chironomid-temperature inference model. This variation (i.e. RMSE;gpicate) has a

direct influence on the model prediction error, as in each leave-one-out cross-validation sequence used to
calculate the RM SEP, the observed temperature of alake will be compared to the temperature predicted
from the chironomid assemblage of a single sediment sample only. RMSE ¢jcate IS NOt exclusively

determined by the within-lake variability of fossil assemblages and includes other error sources such as
the sample count size and coring artefacts. Low counts can be a problem in chironomid analysis (e.g.
[Larocgue, 2001 and Quinlan and Smol, 2001]) and increase the variability of chironomid-inferred
temperatures ( [Heiri and Lotter, 2001]). At a given count sum, this variability can differ from lake to lake
and is ultimately dependent on the assemblage composition of a sample as well as on the distribution of
the chironomid taxain the applied chironomid-temperature inference model. In our five study lakes the
number of chironomid head capsulesisolated per sample was very variable, ranging from 41 to 334

( Table 2), although 77% of the mid-lake samples had counts of 100 head capsules or more. In order to
obtain an idea of the variation in inferred temperatures that could be caused in the lakes by count
problems we produced for each lake 100 simulated samples of 100 counts each (see [Heiri and L otter
2001], for more information on the basic approach). The simulations were based on random sampling
with replacement from a population with a distribution following the average percentage composition of
the six mid-lake samples. They were used to provide an estimate of the variability in chironomid-inferred
temperatures we would expect in a sample of 100 counts, if the fossils are distributed randomly in the
sediments. The standard deviations of the chironomid-inferred temperatures for these simulated samples
ranged from 0.33 t0 0.41°C and were only slightly smaller than our estimates for RM SE;gicae (TablE 2).

Our study was not designed to separate between the effects of within-lake variability of fossil
assemblages and count size on chironomid-inferred temperatures, and these two sets of standard
deviations should therefore not be directly compared. However, the large variation in inferred
temperatures of the simulated samples suggests that in our study lakes RM SE;ggjicqe IS strongly

influenced by the count size of the samples.

A clumped distribution of subfossilsin the deepest parts of the lakes would be a further source of
variability contributing to RMSEgjicae IN principle this variability could be reduced by sampling several

cores per lake for the model development. The average subfossil assemblage composition could then be
calculated for each lake prior to calibrating the model. However, subfossil chironomid analysisis very
time-consuming and includes hand-sorting of chironomid remains from sieved sediments under a
stereomicroscope ([Walker, 2001]). Depending on the sediment type and concentrations of the subfossils,
the analysis of a single sample can take from several hours up to two days. Thus, the effort needed to
analyse several samples per lake would vastly increase the time used for devel oping chironomid—
temperature inference models. However, since RM SE;gpjcae in Norwegian |akes seems to be strongly

influenced by count size, a considerable amount of the model improvement possible by a‘ multi-core’
approach might actually be attained by taking multiple cores only in lakes with low count problems to
increase the minimum count sum in the model.

Extant chironomid assemblages are known to show strong changes in species composition with water
depth, especially in deep, stratified lakes. This bathymetric zonation has been attributed to some extent to
the water temperature gradient during summer stratification. For example, chironomid species such as
Micropsectra radialis, Sergentia coracina or Sictochironomus rosenschoeldi, which are solely found in
the cool profundal of deep stratified lakes in temperate regions, occur in littoral regionsin colder subarctic



and mountain lakes ([Brundin, 1949 and Hofmann, 1971]). Within each of our five study lakes all the 20
chironomid samples were generally dominated by the same set of taxa, although there was a shift in
subfossil chironomid assemblages towards the littoral. Therefore, it is not surprising that the chironomid-
inferred temperatures show a trend with decreasing water depth. However, the finding that cooler July air
temperatures are inferred for intermediate water depth is unexpected. At the bottom of stratified lakes
summer water temperatures increase with decreasing water depth. Hence, eurythermic chironomid species
tend to dominate in littoral regions of temperate lakes and one would have expected increasingly warmer
temperatures to be inferred along the transects towards the littoral. We have examined the chironomid
datato try to determine which taxa are responsible for these cooler inferred temperatures at intermediate
water depth. However, it was not possible to link major changes in the chironomid assemblages with this
trend. The reasons for the decrease in inferred summer temperatures at intermediate water depth therefore
remain unknown. It can be stated, however, that even though this trend is only weakly expressed in some
of our study lakes ( Fig. 3) the overall picturein al five lakesis surprisingly consistent ( Fig. 4) and
suggests that on average cooler temperatures of about 0.4-0.5°C are inferred from samples taken at about
half the maximum lake depth. The rise in chironomid-inferred temperatures in samples close to the lake
shore is simpler to explain. Summer temperatures of the surface water layer in stratified lakes can be
significantly warmer than in the deepest parts, even in apine and subarctic lakes (e.g. [Barbieri et al.
1999 and Sorvari et a., 2000]). Consequently, chironomid larvae living in the shallowest parts of the lake
basin need to be able to tolerate these warmer temperatures and cold stenothermic species are often
absent. Although the inferred temperatures in the shallowest parts of the lakes tended to be more than 0.5°
C warmer than the average inferred temperature of the mid-lake samples, exceptionally cool temperatures
were inferred in two shallow-water samples ( Fig. 4), indicating that there are exceptions to this trend.

4. Conclusions

Our resultsindicate that the variation of chironomid-inferred July air temperatures of replicate samples
from the deepest parts of |akes can be quite significant when compared to the overall prediction error of
the Norwegian chironomid-temperature inference model. However, this variability, which can be
interpreted as an estimate of the model error due to uncertainties of ng the chironomid assemblages
from a single sample only, can at best account for 15% of the model RMSEP. Clearly, investing alarge
amount of time and effort in reducing this component of the prediction error does not seemto be a
promising approach to increasing the performance of chironomid-temperature inference models. Based
on Eq. 1 and our estimates of the different error components, the overall prediction error of the model
would still be 92% its original size, even if RM SEygpicate COUI be reduced by as much as 75%. Given the

large amount of the prediction error that remains unexplained (i.e. RM SE;5q,q) it Se€Ms more

encouraging to focus future efforts on minimising other possible sources of variability in the chironomid—
temperature inference models. Potential error sources which come to mind are the quality of the
temperature data used to calibrate the models, the ability of the applied statistical modelsto redlistically
capture the relationship between the chironomid assemblages and temperature, and environmental factors
other than temperature affecting the limnology of the study lakes and their chironomid assemblages (e.g.
nutrient loading, bottom water oxygen concentrations, or pH).

In our transects we found clear indications of abiasin inferred temperatures associated with the water
depth in which sediments were sampled. This error ranged from on average 0.4-0.5°C cooler
temperatures inferred from intermediate water depths to generally more than 0.5°C warmer temperatures
inferred from shallow-water samples. It is to be expected that this bias will be even more pronounced in
deeper lakes with stronger bathymetric water temperature gradients than the ones we studied. Chironomid
analysts should be aware of a possible systematic bias when applying chironomid temperature inference
models calibrated on deep-water samples to sediment cores obtained from shallower parts of the lake
basin. Thismay be of less concern if the focus of the temperature reconstruction is on ng the
overall pattern of past temperature development or on the magnitude of past temperature fluctuations.
However, if the main interest is on the absolute temperature values, awater depth-related bias will add to
the prediction uncertainty of the model.
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