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Supplementary Figure 1. Full pollen data of the Sokli Eemian sequence. The parallel core on the top

of the sequence is shown with a 3x exaggeration of the depth axis.

% of terrestrial pollen, 10x exaggeration curves (pollen, spores, non-pollen palynomorphs)

Analysts: J.S. Salonen, N. Kuosmanen
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Supplementary Figure 2. Full macrofossil data for the Sokli sequence. Macrofossil types that can
be individually counted are indicated with bars. Others are expressed using a qualitative estimate
of relative abundance (+ present, ++ frequent, +++ abundant).
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Supplementary Figure 3. Multivariate regression tree of the Sokli Eemian pollen sequence.
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Supplementary Figure 4. Age-depth model for the Sokli Eemian sequence constructed using
OxCal 4.3". Chronological uncertainty is estimated based on the spread of the Markov Chain
Monte Carlo runs. The model is constrained by two chronological tie points and associated
uncertainty at the base and top of the sequence. Shown are the median (red line) as well as the
68.2% (dark blue) and 95.4% (light blue) confidence envelopes. The modeled chronological prob-
ability density functions for each pollen zone transition is shown. For further details see Methods.



Supplementary Table 1. Parameterization and cross-validation performance of the used pollen—
climate calibration models. Models were created between surface pollen samples and two climate
parameters: mean July temperature (T;,) and mean January temperature (Tj.,). Six calibration
methods were used: weighted averaging (WA), weighted averaging partial least squares (WA-
PLS), maximum likelihood response surfaces (MLRC), the modern analogue technique (MAT),
random forest (RF) and the boosted regression tree (BRT). The BRT models use four parameters:
learning rate (LR), maximum number of trees (MT), tree complexity (TC), and bagging fraction
(BF). Model performance is summarized by two values, the root-mean-square error of prediction
(RMSEP) and the maximum (max.) bias, calculated based on residuals in 10-fold cross-validation
with the modern calibration data. To assess model performance, the climate gradient covered by
the calibration data is also shown. The RMSEP represents a typical prediction error for all samples.
Max. bias is calculated as the largest mean of prediction residuals found for any of the 10 equal-
length segments of the calibration data climate gradient, and represent a “worst case” prediction
error for a specific environment.

Climate Method Model parameters Calibration data RMSEP Max. bias

parameter P gradient (°C) (°C) (°C)

Tiju WA Monotonic deshrinking, 5.6-24.4 1.68 6.88
tolerance downweighting

Tiu WA-PLS 2 components 5.6-24.4 1.80 6.46

1 MLRC Default 5.6-24.4 2.05 5.22

Tiu MAT Weighted mean of 5 analogues, 5.6-24.4 1.12 8.27
squared chord distance

i BRT LR=0.025, MT=3000, TC=4, 5.6-24.4 1.15 3.31
BF=0.5

Tiu RF Number of trees = 100 5.6-24.4 1.25 7.63

Tjan WA Monotonic deshrinking, —25.1-6.2 3.13 13.26
tolerance downweighting

Tjan WA-PLS 3 components —25.1-6.2 3.19 9.77

e MLRC Default -25.1-6.2 3.44 5.97

Tian MAT Weighted mean of 5 analogues, —25.1-6.2 1.79 3.20
squared chord distance

e BRT LR=0.025, MT=3000, TC=4, -25.1-6.2 1.99 5.01

BF=0.5
Tian RF Number of trees = 100 -25.1-6.2 2.17 8.32




Supplementary Table 2. Taxon response metrics for the pollen—climate calibration models for July
mean temperature (Tj,). The taxa are ranked according to their relative importance in the boosted
regression tree (BRT) calibration model. The BRT relative importance is expressed as %,
calculated based on the number of times the taxon is used in tree splits and the associated
improvement seen in model performance. Modern prevalence (%) and fossil prevalence (%)
indicate the portion of calibration or fossil (respectively) samples the taxon is recorded in. The
fossil prevalence together with the BRT relative importance roughly indicate how much the taxon is
likely to affect the palaeoclimate reconstruction, i.e., how often the species is found in the fossil
data, and if found, how much it likely influences the reconstruction. The climate indicator values of
the taxa in the calibration models are summarized by the BRT partial dependence plot, showing
the individual response to the taxon in the BRT model (taxon abundance on x axis, climate
response on y axis) and by the unimodal optimum and tolerance of the taxon in the weighted
averaging (WA) model.

Relative Relative Modern Fossil WA response  BRT partial
importance Taxon importance prevalence prevalence  (optimumz+  dependence
rank (BRT) % (BRT) (%) (%) tolerance, °C) plot

1 Selaginella 20.7 19.2 5.5 104+14 ; 1
i (I) tl’) 1I0 1I5
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Supplementary Table 3. Taxon response metrics for the pollen—climate calibration models for
January mean temperature (Tj.n). For explanation see caption to Table S2.

Relative Relative Modern Fossil WA response  BRT partial
importance Taxon importance prevalence prevalence (optimumz  dependence
rank (BRT) % (BRT) (%) (%) tolerance, °C) plot

1 Quercus 14.8 65.9 18.4 17+33 ]
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Supplementary Methods
Climate reconstruction methods

Calibration data. We synthesized a new pollen—climate calibration dataset based on the
European Modern Pollen Database’ (EMPD). We selected all EMPD lake samples but
excluded samples from semiarid and dry-summer climates, to focus the pollen—climate
modelling on taxa which are likely components in the northern-European vegetation during
the Eemian. The final dataset includes 807 lakes. The EMPD species data for the selected
samples were synthesized into 73 terrestrial pollen and spore types. Climate data for the
pollen samples were extracted from CRU CL v. 2.0 climate grids® with the RASTER library*
for R, using bilinear interpolation based on four closest grid cells and lapse-rate corrected
(6.4°C/km) based on the difference between site elevation and grid cell elevation.

Climate variables. Eemian palaeoclimate reconstructions were prepared for mean July
temperature (Tj,) and mean January temperature (Tjan). These variables were chosen due to
their ecological influence on vegetation®>” and their low correlation (r = 0.27) in the
calibration data, which facilitates the modelling of the independent effect of each variable®. A
third, potentially ecologically influential variable, water balance (WAB), was not included
due to a smaller independent influence in partial CCA’s run with the calibration data
(implemented in VEGAN version 2.2-0%), with WAB having 1.9 % independent influence (Tju
and Tja, as covariables) and Tjan 4.8 % independent influence (Tju and WAB as covariables). It
is likely that Tja, and WAB have generally co-varied in the past, with both increasing with the
incursion of Atlantic low-pressure systems, making the choice between these variables non-
critical.

Calibration methods. Six different calibration methods were used to create pollen—climate
models: weighted averaging'® (WA) and weighted averaging-partial least squares™ (WA-
PLS) regression, maximum likelihood response surfaces® (MLRC), the modern analogue
technique® (MAT), and two machine-learning approaches based on regression tree
ensembles, the random forest’* (RF) and the boosted regression tree** (BRT). The
reconstruction algorithms were implemented in R (version 3.0.3)", using the libraries GBMm
(version 2.1)'®, RANDOMFOREST (version 4.6-10)*, and Riosa (version 0.8-7)'8. For further
details about the calibration models see Table S1.

Validation of climate reconstructions. Reconstruction errors, estimated by 10-fold cross-
validations, are in the range of 1.12-2.05°C for Tj, and 1.79-3.44°C for Tj., depending on
model (Table S1). Although the model performance was assessed by modern cross-validation,
there is a possible further error component in palaeoreconstruction due to fossil samples
lacking good modern analogues in the calibration data’®. The problem of non-analogue
samples in palaeo-reconstruction is acknowledged in literature, however the sensitivity of
individual reconstruction algorithms remains poorly understood. Some recent studies using
simulated non-analogue fossil data have suggested that regression-tree ensemble models
(here, RF and BRT) may be more robust in non-analogue conditions compared to classical
methods such as WA, WA-PLS, and MAT?*?. Due to these challenges in model evaluation,



we use all six methods as they all showed acceptable performance in cross-validations, as
well as generally similar and realistic reconstructed palaeoclimate patterns. To estimate the
likelihood of non-analogue errors, we estimated for each fossil pollen sample the
compositional distance (squared chord distance) to the closest analogue in the modern pollen
data. To assess the Eemian analogue distances, we also calculated the mean modern analogue
distance for late-Holocene samples from a nearby lake core?.

As a further validation step, we test the statistical significance of the palaeoclimate
reconstructions using a test*® implemented in the PALAEOSIG library (version 1.1-2)** for R.
This test uses redundancy analysis to assess whether the palaeo-reconstruction explains more
fossil data variation compared to reconstructions of 999 random variables. Testing with
reconstructions prepared from simulated fossil data® have suggested that this significance test
is more reliable in identifying robust reconstructions compared to cross-validations run with
the modern calibration data. The significance tests were run for the MAT reconstruction, as
the other methods may be susceptible to false negatives with fossil data characterized by a
small effective number of species?, and this is the case with our Eemian dataset (Hill’s N2 =
2.87). Given the similar patterns in reconstructed Tjy and Tja, with most methods (Fig. 3A,B),
the significance of the MAT reconstruction is taken as representative for the multi-method
median. In implementing the test, we first tested the entire fossil sequence. This produced a
significant result for Tjy (p = 0.001) but not for Tj., (p = 0.456). Following this, we ran the
significant test for Tja, by incrementally leaving out pollen zones from both ends of the
sequence, to identify the longest continuous segment of the fossil record to produce a
significant reconstruction. A significant result (p = 0.011) was found for pollen zones V and
VI, including 140 out of 217 fossil pollen samples and spanning the mid-to-late Eemian.

Some recent literature has highlighted the challenges in reconstructing so-called
secondary variables, with a comparatively small ecological effect®**?*. Such secondary
variables are typically correlated with the primary variable in the used calibration data. Using
reconstructions from simulated fossil data®®, it is suggested that these calibration-data
correlations may induce spurious reflections of the past variability of the primary variable in
the palaeo-reconstruction for the secondary variable. In the present work, these challenges are
particularly relevant for the presented Tjs reconstruction, as analyses of northern European
surface pollen data® show summer temperature to be the dominant ecological driver.
However, literature on northern European modern vegetation®"? and surface pollen datasets®
suggest a signal of winter temperature in a subset of taxa or pollen types, and thus an
ecological case for Tj, reconstruction exists. The structure of the prepared models, as
analysed by the most important used predictors (taxa) in BRT’s (Tables S2 and S3), is
consistent with this ecological knowledge. The relative contribution to the Tj, model is
distributed between a variety of taxa, while the Tj.,, model is more selective in the use of taxa
and includes the well-understood winter indicators Corylus and Quercus®’?® among the three
most important predictors. In the palaeo-reconstructions for Tj, and Tjan, the first-order trends
in the reconstructions are opposite (falling Ty, rising Tjan; Fig. 3) and thus the trend in Tja, IS
unlikely to be driven by the weak positive correlation with Tjy (r = 0.27) in the calibration
data. The first-order trend of increasing Tja, is supported by independent diatom data®’ and
the statistical significance testing®.
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