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28 Abstract

29 Branched glycerol dialkyl glycerol tetraethers (brGDGTSs) are a family of bacterial

30 lipids which have emerged over time as robust temperature and pH paleoproxies in continental
31  settings. Nevertheless, it was previously shown that other parameters than temperature and pH,
32 such as soil moisture, thermal regime or vegetation can also influence the relative distribution
33  of brGDGTs in soils and peats. This can explain a large part of the residual scatter in the global
34  brGDGT calibrations with mean annual air temperature (MAAT) and pH in these settings.
35  Despite improvements in brGDGT analytical methods and development of refined models, the
36  root-mean-square error (RMSE) associated with global calibrations between brGDGT
37  distribution and MAAT in soils and peats remains high (~ 5 °C). The aim of the present study
38 was to develop a new global terrestrial brGDGT temperature calibration from a worldwide
39 extended dataset (i.e. 775 soil and peat samples, i.e. 112 samples added to the previously
40 available global calibration) using a machine learning algorithm. Statistical analyses
41  highlighted five clusters with different effects of potential confounding factors in addition to
42  MAAT on the relative abundances of brGDGTSs. The results also revealed the limitations of
43  using a single index and a simple linear regression model to capture the response of brGDGTSs

44 to temperature changes. A new improved calibration based on a random forest algorithm was
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thus proposed, the so-called random Forest Regression for PaleOMAAT using brGDGTs
(FROG). This multi-factorial and non-parametric model allows to overcome the use of a single
index, and to be more representative of the environmental complexity by taking into account
the non-linear relationships between MAAT and the relative abundances of the individual
brGDGTs. The FROG model represents a refined brGDGT temperature calibration (R2 = 0.8;
RMSE = 4.01°C) for soils and peats, more robust and accurate than previous global soil
calibrations while being proposed on an extended dataset. This novel improved calibration was
further applied and validated on two paleo archives covering the last 110 kyr and the Pliocene,

respectively.

Keywords: branched GDGTs; global temperature calibration; soil; peat; machine

learning
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1. Introduction

Investigating past climate variations is essential to understand and predict future
environmental changes, especially in the context of global anthropogenic changes. To this aim,
"indirect” indicators of past climates — so-called proxies — have been developed and used
regularly since the last century, including those based on microbial lipids. Microorganisms are
able to modify the lipid composition of their membranes to maintain a functional fluidity and
permeability of the latter. The temperature and pH of the microorganism living environment
are considered to be the predominant factors influencing the membrane lipid distribution
(Lauber et al., 2009; Siles and Margesin, 2016; Hofmann et al., 2016; Shen et al., 2019).

Among microbial lipids, branched glycerol dialkyl glycerol tetraethers (borGDGTSs) have
been increasingly used as temperature and pH proxies in continental settings over the last 15
years. These membrane lipids are produced by still unidentified bacteria, although some of them
may belong to the phylum Acidobacteria (Sinninghe Damsté et al., 2011, 2014, 2018). They
are ubiquitous in terrestrial (Weijers et al., 2007; Peterse et al., 2012; De Jonge et al., 2014;
Naafs et al., 2017a) and aquatic environments (Blaga et al., 2009; Peterse et al., 2009, 2015;
Damsté et al., 2009; Tierney and Russell, 2009; Loomis et al., 2012; Weber et al., 2015). The
analysis of brGDGTs, based on a large number of soils distributed worldwide showed that the
relative distribution of these compounds is mainly related to mean annual air temperature
(MAAT) and soil pH (Weijers et al., 2007; Peterse et al., 2012; De Jonge et al., 2014). The
average number of pentane rings, reflected in the Cyclisation of Branched Tetraethers (CBT)
index (Weijers et al., 2007; Peterse et al., 2012), has been correlated with soil pH, while the
average number of methyl groups, referred to as the Methylation of Branched Tetraethers
(MBT) index, has been initially correlated with mean annual mean air temperature (MAAT)
and, to a lesser extent, soil pH (Weijers et al., 2007 (r2=0.77; RMSE =4.8°C, n=134); Peterse et
al., 2012 (r=0.59; RMSE=5.0°C; n=176). More recently, new brGDGT isomers have been
detected trough improved analytical methods, with methyl groups being present in either 5" |
61", 71" or 8" position (De Jonge et al., 2013, 2014; Hopmans et al., 2016; Ding et al., 2016). It
was observed that 6-methyl isomers were strongly and predominantly dependent on soil pH and
5-methyl brGDGTs on temperature (De Jonge et al., 2014). This led to the development of a
new MBT index excluding 6-methyl isomers - the MBT'sme index - which correlates
preferentially with MAAT (r2 = 0,64; RMSE= 4.8°C; n = 231).

Hence, brGDGTs have emerged over time as robust temperature and pH paleoproxies

in multiple types of settings — lakes (Blaga et al., 2009; Powers et al., 2010; Fawcett et al., 2011;
3
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Harning et al., 2020), peatlands (Weijers et al., 2011b; Coffinet et al., 2018; Wu et al., 2020),
soil/paleosols (Ding et al., 2015 ; Lu et al., 2016 ; Feng et al., 2019 ; Wang et al., 2020) and
speleothems (Baker et al., 2019). Nevertheless, numerous studies showed that additional
parameters other than temperature and pH, such as soil moisture, thermal regime or vegetation
cover, may also influence the relative distribution of brGDGTSs in peat and soils (Weijers et al.,
2011a ; Dirghangi et al., 2013; Huguet et al., 2010, 2013 ; Menges et al., 2014; Davtian et al.,
2016 ; Liang et al., 2019 ). This can explain a large part of the residual scatter in the global
brGDGT soil/peat calibrations with MAAT and pH (De Jonge et al., 2014; Naafs et al., 2017a,
b; Dearing Crampton-Flood et al., 2020).

To overcome these limitations, refinements in the global brGDGT calibrations were
proposed over the years. De Jonge et al (2014) developed a global temperature calibration (R?
= 0.64; RMSE = 4.8°C; n = 231) based on the MBT’sme index, excluding the 6-methyl
brGDGTs isomers. Naafs et al. (2017a) showed that a stronger correlation between MBT sme
and MAAT in soils could be obtained by excluding samples dominated by 6-methyl brGDGTs
(i.e. ratio of 5- vs. 6-methyl brGDGTSs (IReme) higher than 0.5; n = 177; R2 = 0.76; RMSE =
4.1°C). More recently, Dearing Crampton-Flood et al. (2020) used Bayesian statistics instead
of more classically applied single linear regressions to investigate the relationship between
MBT’sme and MAAT in soils (n = 353; R? = 0.64; RMSE = 6 °C). Samples with IReme>0.5
were included in this calibration, as excluding them did not significantly change the strength of
the correlation with MAAT. The robustness of the Bayesian approach relies on the fact that (i)
it considers a given index (e.g., the MBT'sme for brGDGTS) as the variable dependent on
environmental parameters, consistent with the fact that bacterial lipids are produced in response
to the variations of environmental parameters and that (ii) it avoids regression dilution
phenomena, in contrast with most of the models based on linear regressions.

Despite improvements in brGDGT analytical methods and development of refined
models, the RMSE associated with global calibrations between brGDGT distribution and
MAAT in soils and peat remains high (> 4 °C). Part of this uncertainty may be related to our
lack of understanding of the mechanism behind the relationship between MAAT and brGDGT
distribution. This relationship has initially been explained by a biophysiological mechanism,
i.e. the adjustment of the membrane lipid composition by the brGDGT-producing bacteria in
response to changes in environmental conditions (homeoviscous adaptation; Weijers et al.,
2007). Nevertheless, changes in bacterial community composition may also explain changes in
brGDGT distribution, as recently shown by the lipid characterization of Acidobacterial cultures

(Sinninghe Damsté et al., 2018) and the concomitant study of brGDGTs and bacterial

4



126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159

community composition in soils from well-documented experimental sites (De Jonge et al.,
2019, 2021).

Moreover, most of the previous global brGDGT calibrations in soils were based on a
correlation between MAAT and a single index (i.e. MBT'sme; De Jonge et al., 2014; Naafs et
al., 2017a, b; Dearing Crampton-Flood et al., 2020), even though the relative distribution of
brGDGTs is likely to be concomitantly influenced by several environmental parameters. In
contrast, using relative abundances of bacterial lipids rather than a single index in models
appears more representative of the environmental complexity (Wang et al., 2020; Véquaud et
al., 2020; Dunkley Jones et al., 2020). In this way, multiple regression models were also used
to describe the relationships between brGDGT distribution and given environmental variables
(MAAT, pH) in soils (e.g. Peterse et al., 2012; De Jonge et al., 2014) or lakes (e.g. Pearson et
al., 2011; Russell et al., 2018). It was previously shown that the uncertainty in brGDGT
calibrations can be improved through the use of multiple regression methods vs. single predictor
methods (e.g. Loomis et al., 2012; Wang et al., 2020). Nevertheless, as other linear models, the
multiple regression ones cannot take into account non-linear influences, which may occur in
complex environmental settings. Such a limitation can be overcome using non-parametric
models such as machine-learning algorithms. Machine-learning models were very recently used
to develop global calibrations between the relative abundance of isoprenoid GDGTs and sea
surface temperature (SST) in marine settings (Dunkley Jones et al., 2020) and between the
relative abundance of bacterial 3-hydroxy fatty acids and MAAT in soils (Véquaud et al., 2020;
Wang et al., 2021). These models allow overcoming the use of a single index as they are based
on the whole suite of microbial lipids. They are built on a proportion of the total dataset
(randomly defined) and then tested on the rest of the dataset, considered as independent. Such
an approach improves the robustness of the model and avoids the phenomenon of regression
dilution. As they are non-parametric, they also capture non-linear environmental influences, in
line with the intrinsic complexity of the environmental settings.

In the present study, a machine-learning algorithm (random forest) was developed with
the aim of proposing a new global brGDGT calibration for MAAT reconstruction in soils and
peats with a reduced RMSE. It was based on an extended global dataset comprising 775 peat
and soil samples (with 112 samples added to the previous global brGDGT calibration by
Dearing Crampton-Flood et al., 2020). This dataset was statistically separated into clusters to
better understand the parameters affecting brGDGT distribution in soils at the global scale. The
clusters differed by the influence of environmental parameters — MAAT, mean annual

precipitation (MAP), soil pH and the number of frozen days during the year (FRS) on the
5
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relative abundance of brGDGTs. This mechanistic approach highlighted the limitations of the
MBT’sme-MAAT relationship at the global scale and then led to the development of a refined
brGDGT temperature calibration (so-called FROG model) based on a random forest machine-
learning algorithm and the whole suite of individual brGDGTSs. Alternative models were also
proposed to test the influence of confounding variables on the FROG calibration and potentially

further improve its accuracy.
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2. Materials and methods

2.1. Global soil dataset and environmental parameters

The dataset of the present study is comprised of the globally distributed surface peat
and soil samples (n=663) used in previous brGDGT global calibrations (Weijers et al., 2007,
Peterse et al., 2012; De Jonge et al., 2014; Yang et al., 2015; Ding et al., 2015; Xiao et al., 2015;
Lei et al., 2016; Wang et al., 2016; Naafs et al., 2017b; Dearing Crampton-Flood et al., 2020).
This dataset was extended with 112 soil samples from 6 altitudinal transects located in France,
Italy, Tibet, Chile and Peru and for which brGDGT data were recently published (Huguet et al.,
2019; Véquaud et al., 2020, 2021). The details of the dataset (n=775) are provided in Table 1.

Actual MAAT, pH and MAP values measured from the nearest weather stations, when
available, were used to better determine the environmental reality, diversity and complexity.
Such values were available for most of the samples, i.e. 598 of the 775 samples. Nevertheless,
for the other samples, MAAT and pH values were extracted from the 0.5 gridded CRU TS v.
3.26 dataset (Harris et al., 2014), using the same approach as Dearing-Crampton Flood et al.
(2020). This approach would have been inappropriate for the 6 aforementioned altitudinal
transects, where large temperature variations derive from differences in elevation that can vary
across short distances, as noticed by Pérez-Angel et al. (2020).

To constrain the applicability of the MBT'sme as a temperature proxy in peat and soils,
Naafs et al. (2017a) used a thermal regime indicator, the Growing Degree Days (GDD). This
index is calculated by summing the daily temperatures above 0 °C over a year within a soil
(Choler 2018) and interpreted as a proxy of heat accumulation within the latter (McMaster and
Wilhelm, 1997; Choler, 2018). The GDD better reflects the growth temperatures encountered
by bacterial communities in soils and peats. Unfortunately, as the daily temperatures were not
available for the whole dataset of the present study, the GDD index could not be calculated.
Instead, another thermal regime indicator was used, the number of frozen days during the year
(FRS) for one location, proposed by Harris et al., (2014). The FRS was obtained for most of the
samples (i.e. those with site coordinates available, Table 1).

The MBT’sme index, reflecting the methylation level in 5-methyl isomers of GDGTs
and considered as related to MAAT, was calculated according to De Jonge et al. (2014; Eq. 1):

[Ta+Ib+Ic]
[la+Ib+Icl+ [Ia+I1Ib+1ic]+[II1Ia]

The CBT’ index was calculated as follows (De Jonge et al., 214; Eq. 2):

MBT’sme =

1)
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[Uc)+[Han+IIbr+[Hcr+ [ ar]+[I1Ibr]+[I1Ic"]
[Ial+[l1a+I11a]

CBT’= log ( ) (2)

The IRewme reflects the relative abundance of 6- vs. 5-methyl brGDGTSs, as proposed by Dang et
al. (2016; Eq. 3):

[Iar]+[1IbN+[Icr|+[1HIar+[Ibr+[IIIc] 3)
IIaI]+[IIbI+IICI]+[IIIa’]+[IIIb’]+[IIIC’]+[IIa]+[IIb]+[IIc]+[IIIa]+[IIIb]+[IIIc])

IReme= log ( [

The Roman numerals correspond to the different GDGT structures presented in De
Jonge et al. (2014). The 6-methyl brGDGTs are denoted by an apostrophe after the Roman

numerals for their corresponding 5-methyl isomers.

2.2. Statistical analyses

A Principal Component Analysis (PCA) was performed on the entire dataset with R
software (version 4.0.3; R Core Team, 2020) to observe the distribution of the different samples
based on their brGDGT relative abundances. A cluster classification of the samples based on
the k-means method was proposed. In order to choose the optimal number of clusters, the ratio
of Within-Cluster-Sum-of-Squares (WCSS) over the total sum of squares was calculated. The
WCSS is the sum of squares of the distances of each data point in all clusters to their respective
centroids. The optimal number of clusters corresponds to the minimum value of the ratio of the
WCSS over the total sum of squares (a WCSS = 0 means one sample corresponds to one
cluster). In order to choose the threshold for the optimal WCSS value, and so the optimal
number of clusters, the elbow method was used. It consists in plotting the WCSS values against
the number of clusters, then allowing to derive the optimal number of clusters.

Redundancy analysis (RDA) was first performed on the global dataset and then carried
out on each cluster derived from the PCA analysis to evaluate and compare the influence of the
environmental parameters on brGDGT distribution (i) at the global scale and (ii) in each cluster.
RDA is a "constrained™" analysis, used to directly visualize the variation in the lipid data as a
function of the environmental variables. It allows not only assessing but also quantifying the
influence of each explanatory variable (i.e. environmental variables) on the distribution of
bacterial lipids. RDA vyields the influence of each variable, with regard to the statistical
variance, on the pool of bacterial lipids, and allowed a quantification in percent of the influence
of each parameter (i.e. conditional effect). Conditional effects summarize the effects of each
variable taking into account the effect of variables with the greatest influence (Braak and
Smilauer, 2002). RDA analyses were performed on centered and standardized data using the

8
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CANOCO v. 5.04 software (Braak and Smilauer, 2002). The relationships between each
variable and the dimensions of the RDA were investigated using the corresponding r-values
and the percentages of variance.

In order to refine the threshold of the community index (CI) proposed by De Jonge et
al. (2019), all linear regressions between MAAT and MBT'sme on the global dataset were tested
by successive iteration of Cl values from 0 to 1 (0.001 step) using the R software, version 4.0.3
(R Core Team, 2014).

2.3. Machine learning: Random forest model

The random forest algorithm was used to develop a global calibration between
brGDGT relative abundances and MAAT. The random forest algorithm is a supervised learning
method notably used for regressions (e.g. Ho, 1995; Breiman, 2001; Denisko and Hoffman,
2018). This model works by building a multitude of decision trees from a training dataset and
producing the mean prediction of the individual trees. Decision tree learning is one of the
predictive modeling approaches used to move from observations to conclusions about the target
value of an item.

In order to calculate the model based on the random forest algorithm, the global dataset
was divided into two subsets: a training dataset and a test dataset. The training dataset
corresponds to the samples used to fit the model. The test dataset corresponds to the samples
used to provide an unbiased evaluation of the model previously fit on the training dataset. The
training phase required for the random forest regression was performed on 75% of the sample
set (which allow to neglect the overfit of the model), with 500 trees and an iteration of ten-fold
cross-validations per model. The cross validation allows the optimization of the
hyperparameters (number of variables in each node and minimal node size) of the models. Data
selection was performed randomly on the dataset, but with a stratification modality according
to the MAAT to limit the impact of extreme values. Then, the robustness and precision of the
different models, developed from the random forest algorithm, were tested on the remaining 25
% of samples, considered as an independent dataset. Random forest models were performed
with R software, version 4.0.3 (R Core Team, 2014) using the packages tidymodels (version
0.1.02)- ranger (version 0.12.1).

A R package with a web-application is available on a GITHUB repository (paleoFROG)
for the reconstruction of brGDGT-derived MAAT using the FROG models proposed in the

present study.

9
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The performances of the random forest model were compared with those of the
Bayesian models, BayMBT and BayMBTo, proposed by Dearing Crampton-Flood et al. (2020).
The latter were performed with the MATLAB code available from the GITHUB repository of
Jessica Tierney (https://github.com/jesstierney; Dearing Crampton-Flood et al., 2020), using
MATLAB, version 9.8. The prior mean was set to the MAAT mean for all soil samples (10°C),

with a prior standard deviation of 30°C.

3. Results

3.1. Principal component analysis and clustering on the global dataset

In order to explore the global dataset and understand which samples could explain the
scattering on the global MBT ’sme-MAAT calibration, we performed a statistical clustering of
the extended peat and soil dataset without any a priori assumptions on the basis of their
brGDGT fractional abundances. With this aim, a Principal Component Analysis (PCA) was
performed on the entire brGDGT dataset (Fig. 1). The first 3 axes of the PCA carry most of the
variance (70.3%; Figs. 1a, b, c). Consequently, the description of the analysis will be restricted
to these axes. A cluster classification of the samples based on the k-means method was
performed, yielding 5 clusters (Fig. 1d), based on the Within Cluster Sum of squares and the
elbow method. The distribution of the samples between the different clusters is heterogeneous
(between 76 and 230 samples), with various proportions of soil and peat samples (Table 2). The
clusters are well-differentiated, with different means and amplitudes for MAAT, FRS and pH
(Fig. 2), and also based on their geographical locations (Fig. 3). Clusters B and D contain a
larger proportion of peat samples representative of acidic environments, which can explain the
lower pH values by ca. 1 to 2 units compared to the other clusters (Gorham, 1991; Killops,
2005; Dedysh et al., 2006; Comont et al., 2006) (Table 2, Fig. 2). Cluster A shows samples
mainly distributed over tropical and subtropical latitudes (Fig. 3) associated with high MAAT
(22.4 £ 6.0 °C) and rather high MAP (1069 + 385 mm/yr; Table 2, Fig. 2). Cluster B samples
are distributed over temperate to subtropical latitudes, with precipitation amounts (1237 + 643
mm/yr) as high as for samples from cluster A, but lower MAAT (16.0 £ 7.5 °C; Fig. 3; Table
2). Clusters A and B are characterized by comparable and higher MAATS than those from the
other clusters, and conversely lower FRS (Fig. 2, Table 2). Samples of cluster C are mostly
distributed in China and correspond to loess samples (Fig. 3). Within this cluster, MAP (453 £
643 mm/yr) is the lowest of all clusters and MAAT (6.7 £ 5.1 °C) is on average lower than in

clusters A and B, associated with a higher FRS (Table 2; Fig. 2). The samples from clusters D

10


https://github.com/jesstierney

298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326

327

328
329
330

and E show similar geographical distributions, mostly in the northern hemisphere, at temperate
latitudes, and even polar latitudes (Fig. 3). This results in lower MAP and MAAT especially
for cluster D (784 + 457mm/yr and 3.9 £ 5.9 °C, respectively), and a high FRS, similar to cluster
C (Table 2; Fig. 2). Thus, the statistical differentiation of the brGDGT dataset into different

clusters is reflected through various descriptive environmental parameters.

3.2. BrGDGT distribution in the global dataset and associated clusters

The fractional abundances of the individual brGDGTSs were determined in the global
dataset and in the five clusters statistically derived from the latter (Fig. 4). In the global dataset,
the acyclic brGDGTSs la, lla and I1a’ were predominant. Distinct brGDGT distributions were
observed in each cluster. In cluster A, the tetra-methylated brGDGTs la and Ib as well as penta-
methylated brGDGT lla are the most abundant. Acyclic brGDGT la is largely predominant (ca.
75% of total brGDGT relative abundance) in cluster B. In cluster C, 6-methyl acyclic isomers
of the penta- and hexa-methylated brGDGTs (I/la’ and Illa’) and brGDGT la represent
altogether ca. 65% of the total brGDGT relative abundance. The brGDGT distribution of cluster
D is dominated by acyclic compounds la and lla. In cluster E, the 6-methyl brGDGTs are
slightly more abundant than the 5-methyl isomers, with acyclic brGDGTSs Ia, Ila, Ila’, llia,
II1a’ and monocyclic brGDGTs Ib, IIb, IIb’ representing each between ca. 10 and 20% of total
brGDGT relative abundance. The obvious differences in brGDGT distribution between the 5
clusters are also reflected in the indices derived from these compounds. Thus, the MBT spme IS
higher in clusters A and B (mean 0.88 + 0.09 and 0.82 + 0.13, respectively) than in clusters C
(0.56 £0.14) as well as D and E (0.47 + 0.09 and 0.49 £ 0.12, respectively, Fig. 5a). Regarding
the CBT’, it is much lower in clusters B and D (mean -1.29 + 0.55 and -0.95 + 0.63,
respectively) than in cluster C (0.40 £ 0.24), E (0.13 + 0.25; Fig. 5b) and A (-0.16 + 0.33),.
Similarly, the relative abundance of 6-methyl vs. 5-methyl brGDGTs (IReswme ratio; Eq. 3) is
much lower in clusters B and D (mean ~ 0.2) than in the other three clusters (mean comprised
between 0.62 and 0.80; Fig. 5c).

3.3. Relationships between MBT’sme and MAAT

A strong and significant correlation between MAAT and MBT'sme is observed when

considering the total soil dataset (Supp. Fig. 1; Eq. 4):
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MAAT (°C) = 35.98 x MBT’sme — 12.74 (n=775; R2= 0.65, RMSE= 5.2°C) (4)

Nevertheless, this global calibration shows a considerable scatter. The linear
regressions between the MBT'sme and MAAT were further explored for each cluster derived
from the PCA analysis (Fig. 1). Clusters A and B show strong significant linear relationships
(R? = 0.61 and 0.77, respectively; p <0.0001) between MAAT and MBT'swme (Fig. 6a, b;)
associated with improved RMSE (3.8°C and 3.6°C, respectively) compared to the global
calibration (Supp. Fig. 1; Eg. 4). In contrast, for the other clusters (Figs. 4c, d, e), especially D
and C, significant (p < 0.0001) but weak relationships between MBT’sme and MAAT are
observed (Fig. 6).

To further investigate the influence of the proposed environmental variables (MAAT,
MAP, pH, FRS) on the brGDGT relative abundance in (i) the global dataset and (ii) the different
clusters, RDA was performed (Fig. 7). Regarding clusters A and B, the first two axes explain
63.9% and 74.6% of the total variance of the dataset, with an explained fitted variation of 97.3%
and 99.9%, respectively (i.e. explained fitted variation; relationship between the fractional
abundances of brGDGTs and the selected environmental variables, calculated as the sum of all
constrained eigenvalues) (Fig. 7a, b; Table 3). The first axis of the RDA for clusters A and B is
well correlated with MAAT (r=0.80; r=0.90 respectively), FRS (r=-0.80; r=-0.81), MAP
(r=0.77; r=0.78) and pH (r=-0.75; r=-0.60) (Fig. 5a, b; Table 3). Axis 2 of cluster A is mainly
correlated with the FRS (r=0.56) and to a lesser extent pH (r=-0.34) and MAAT (r=-0.26), while
axis 2 of cluster B is predominantly negatively correlated with pH (r=-0.76) and to a lesser
extent with MAAT (r=-0.41; Fig. 7a, b; Table 3). The quantification of the combined influence
of the different environmental variables on the brGDGT distribution shows a predominant
effect of the FRS (39.6%) and to a lesser extent pH (18.6%) for cluster A and MAAT (57.3%)
and to a lesser extent pH (16.7%) for cluster B (Table 3). The predominant influence of the
thermal regime (MAAT and FRS) on the relative distribution of brGDGTSs in these two clusters,
despite large variation in pH range, especially in cluster B (Fig. 2), explains why the linear
regressions between MBT’sme and MAAT are stronger (Fig. 6) than that observed for the global
dataset (Supp. Fig. 1; Eq. 4).

The first two axes of the RDAs for clusters C and D explain 34.9% and 53.4% of the
total inertia of the dataset, with an explained fitted variation of 95.7% and 99.4%, respectively
(Fig. 7c, d; Table 3). For these two clusters, axis 1 is strongly negatively correlated with pH
(r=-0.91 and -0.96, respectively) and positively correlated with MAP values (r=0.59 and 0.48,

respectively). Axis 2 is controlled by the thermal regime, being mainly correlated with FRS
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(r=0.74 and -0.68 for clusters C and D, respectively) and MAAT (r=-0.78 and 0.39,
respectively). The quantification of the combined influence of the environmental variables on
brGDGT distribution in clusters C and D shows a predominant effect of soil pH (25.6% and
47.4%, respectively) and, only to a much lesser extent, MAP and MAAT (<6%) (Table 3). This
is consistent with the weak correlation between MBT spme and MAAT for cluster C, and absence
of correlation for cluster D as well as the high scattering of the corresponding values (Fig. 6c,
d).

The first two axes of the RDA for cluster E explain 28.4% of the total inertia of the
dataset and the explained fitted variation is 94.40% (Fig. 7e; Table 3). Axis 1 is mainly
correlated with MAAT (r=-0.76), FRS (r=0.87), pH (r=0.71) and to a lesser extent, MAP (r=-
0.41; Table 3). Axis 2, on the other hand, is mainly influenced by MAAT (r=0.62), and to a
lesser extent pH (r=0.41; Table 3). When examining the combined effect of the different
environmental variables in this cluster, it appears that brGDGT distribution is mainly and
significantly controlled by FRS (15.2%) and to a lesser extent by MAAT (6.6%) and pH (7.7%;
Table 3). The major influence of the thermal regime (FRS, MAAT) on brGDGT distribution in
cluster E is consistent with the relationship (R?=0.44) observed between MBT ’sme and MAAT
(Fig. 6e). Nevertheless, in contrast with cluster A, the additional influence of pH may explain
the moderate determination coefficient of this correlation.

Regarding the global dataset, the first two axes explain 69.5% of the total variance of
the dataset (Fig. 7f; Table 3) and the selected environmental variables explain 99.0% of the
variance of the brGDGT relative abundances (Table 3). Axis 1 is strongly controlled by pH (r=-
0.92) and MAP (r=0.72) and to a lesser extent by FRS (r=-0.54) and MAAT (r=0.48). Axis 2 is
strongly correlated with MAAT (r=0.83), and to a lesser extent FRS (r=-0.58) followed by MAP
(r=0.31) and pH (r=0.34). The quantification of the combined influence of the environmental
variables on brGDGT distribution in the global dataset shows a predominant effect of soil pH
(51.8%) and to a lesser extent MAAT (15.7%), with only a minor influence of FRS and MAP
(<2%; Table 3).

13



394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427

4. Discussion

4.1. Constraints on the MBT’sme-MAAT relationship in soils

4.1.1. Global level

The MBT’sme Was shown to be linearly and strongly correlated with MAAT in the
present extended soil dataset (Supp. Fig. 1; Eq. 2), as previously observed at the global level
(e.g., De Jonge et al., 2014; Dearing Crampton-Flood et al., 2020). Nevertheless, in line with
these previous studies, the RMSE remains high (5.2 °C). This scatter may have multiple
sources, such as the fact that the brGDGT calibrations are achieved against MAAT, whereas
brGDGT-producing bacteria live in soils. Soil temperature is not necessarily equivalent to
MAAT and also depends on the vegetation cover (e.g. Wang et al., 2020), which may explain
part of the scatter. Moreover, another source of uncertainty may be related to the fact that
climatic data derived from the nearest weather stations (gridded datasets) are often used to
develop brGDGT calibrations, while they may not appropriately reflect the local air
temperatures nor the soils ones, as recently reported by Pérez-Angel et al. (2020). Last, part of
the remaining uncertainty in the brGDGT-MAAT calibrations may be due to the influence of
other environmental parameters than MAAT on brGDGT distribution, as discussed below.
The RDA analysis performed on our global dataset showed that soil pH was the main

environmental control on brGDGT distribution besides MAAT (Fig. 7), as also previously
reported (e.g. Weijers et al., 2007; Peterse et al., 2012; De Jonge et al., 2014; Naafs et al.,
2017a). As expected, 6-methyl brGDGTs were all located in the left quadrant along axis 2,
mainly controlled by pH, in line with the positive correlations previously observed between
these compounds and pH (De Jonge et al., 2014; Dang et al., 2016). These isomers were
purposefully excluded from the calculation of the MBT so that it is no more related to pH and
only to MAAT (De Jonge et al., 2014). Nevertheless, the relative abundances of two of the main
brGDGTs involved in the MBT’sme (la and 11a) were shown to be significantly correlated with
pH (R = 0.52 and 0.32, respectively; p < 0.001; Sup. Table 1) in the present dataset, as also
previously observed (De Jonge et al., 2014). Such correlations with pH were even higher than
those observed with MAAT (R? = 0.28 and 0.24 for compounds la and lla, respectively; p <
0.001; Sup. Table 1), which may explain part of the remaining uncertainty in the MBT sme
relationship. Very recently, De Jonge et al. (2021) highlighted the importance of taking into
account the effect of soil pH on MBT’sme Values and associated temperature reconstructions, as
soil pH was shown to be the main factor responsible for concomitant changes in brGDGT
distribution and bacterial community composition in mid- and high-latitude experimental sites

and hypothesized that such conclusions were also valid at the global scale.
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Soil moisture has also been suggested to have an effect on the relative abundance of
brGDGT distribution (e.g. Loomis et al., 2010; Dirghanghi et al., 2013; Menges et al., 2014;
Dang et al., 2016; Naafs et al., 2017a), with weak or no linear relationships between
MBT/MBT’sme and MAAT in arid soils (MAP < 500 mm/yr). The relative soil moisture is
related to pH variations, with arid soils mainly being alkaline (Naafs et al., 2017a). This may
have a role on the diversity of bacterial communities (Lauber et al., 2009; Shen et al., 2019).
Alternatively and/or complementarily, it was suggested that brGDGT producers may change
their membrane composition in response to soil moisture changes (Loomis et al., 2010; Dang
et al., 2016). The relative soil moisture may also impact the capacity of a soil to retain heat
(Idso et al., 1975; Davidson et al., 1998; Balleza et al., 2014; Dang et al., 2016), indirectly
influencing the methylation degree of brGDGTSs. Dang et al (2016) and Naafs et al. (2017a)
especially showed that the MBT sme Was only significantly correlated with MAAT when the
ratio of 5- vs. 6-methyl brGDGTSs (IRewme; EQ. 3) was lower than 0.5. Therefore, to potentially
improve the accuracy of the global MBT ’sme-MAAT calibration (Supp. Fig. 1), the total dataset
was divided into two subgroups based on a threshold value of 0.5 for the IReme ratio as proposed
by Dang et al. (2016) and Naafs et al. (2017a). Two subgroups with similar number of samples
(n=389 for IReme>0.5; N=384 for IRsme<0.5) were thus obtained. The linear regressions between
MBT’sme and MAAT in the two subgroups were statistically similar (Supp. Fig. 2), even though
a slightly higher determination coefficient and lower RMSE were observed when IRgme<0.5.
Moreover, the regressions obtained for the two subgroups did not show obvious improvements
with the one derived from the total dataset. Therefore, a separation of the present dataset based
on the IReme Values does not appear necessary, as previously observed by Dearing Crampton-
Flood (2020) for their dataset, showing that the relative abundance of 6- vs. 5-methyl brGDGTs
only has a limited influence on the MBT ’sme-MAAT relationship at the global scale.

More recently, De Jonge et al. (2019) suggested that the response of brGDGTs to
temperature changes is strongly dependent on the nature of bacterial communities present in
soils. These authors initially showed that the distribution of brGDGTSs in a set of geothermally
warmed soils from Iceland changed when the average annual soil temperature was above 14°C.
This sudden change in brGDGT distribution coincided with an abrupt shift in the bacterial
community composition. A relative increase in brGDGT la vs. homologues lla and Illa was
observed in the soils with annual soil temperature > 14 °C (warm soil cluster). This was
reflected in a change in the community index (CI) proposed by De Jonge et al. (2019; Eq. 5):

Cl = [lIa]/([la] + [IIa] + [IIIa]) (5)
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The Cl index is similar to the MBT'sme (EQ. 1), except that it excludes the compounds
containing cyclopentyl moieties, i.e. those suspected to be pH-sensitive compounds. De Jonge
et al. (2019) proposed a ClI threshold of 0.64 to separate the geothermal soils with an annual
soil temperature higher than 14°C (Cl >0.64) and those with a lower temperature (CI
<0.64).This observation was extended to the global scale, revealing two distinct clusters over
the entire peat and soil dataset compiled by De Jonge et al. (2019) — one considered as a “cold”
subgroup (n=251 soils and peats; MAAT between -8.3°C and 18.2°C) and another one as a
“warm” subgroup (n= 195 soils and peats; MAAT between 0.4°C and 27.1°C) — with different
responses to temperature and pH. The slopes and determination coefficients of the MBT sme-
MAAT relationship were significantly different in the two subgroups, which may explain part
of the uncertainty in the MBT sme-MAAT correlation at the global scale. The extended dataset
proposed in the present study (n=775) was thus divided into two subgroups based on the CI
threshold of 0.64 proposed by De Jonge et al. (2019). A strong linear relationship between
MBT'sme and MAAT was observed for the warm cluster (R2=0.71), while it was much weaker
for the cold subgroup (R?=0.20; Fig. 8), as previously observed by De Jonge et al. (2019) on
their global dataset. The discrimination of samples in clusters based on their different brGDGT
signature and response to environmental changes allows better understanding the MBT  5pme-
MAAT relationship.

The CI threshold (0.64) defined by De Jonge et al. (2019) was based on a smaller
number of soils (n=446) than available in the present study. To refine this value based on the
present extended sample set (n=775), all linear regressions between MAAT and MBT 'sme Were
tested by successive iteration for Cl values from 0 to 1 (0.001 step: Supp. Fig. 3a). The refined
threshold is 0.69 (corresponding to the best adjusted R?2), still in agreement with the clusters
presented in this study (Fig. 5d) and those of De Jonge et al. (2019). It leads to only limited
changes in the slopes and intercepts of the MBT’sme-MAAT relationships in the warm and cold
clusters (Sup. Fig.3b) in comparison with those obtained for the previously defined threshold
of 0.64 (Fig. 8). The CI might be considered first and foremost in any use of the MBT'sme index
to reconstruct paleo-MAATS, as proposed by De Jonge et al. (2019).
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4.1.2. Sample clustering

Complementarily to the empirical approach of De Jonge et al. (2019) described above,
we used statistical tools to (i) classify the samples of the present peat and soil dataset based on
their brGDGT distribution and (ii) investigate and compare the influence of the environmental
factors on the brGDGT distribution in each cluster (Fig. 1).

Clusters A and B, which encompassed soils from temperate and (sub)tropical areas,
were characterized by similarly high MBT sme Values (mean > 0.8; Fig. 5a) and ClI > 0.64 (Fig.
5d) and can be related to “warm” groups as defined by De Jonge et al. (2019). These two clusters
differed by the more acidic nature of samples from cluster B than from cluster A, reflected in
the much lower CBT’ values in cluster B, consistent with the positive relationship usually
observed between CBT’ and pH (De Jonge et al., 2014). In line with the increase in the
fractional abundance of 6-methyl brGDGTs with pH previously observed in soils (De Jonge et
al., 2014), the samples from cluster A were also characterized by higher IRewme ratio than those
from cluster B. Despite these differences related to pH, the brGDGT distributions of these
clusters were mainly impacted by the thermal regime (Table 3). Thus, moderate (R? > 0.25) to
strong correlations (R? > 0.50, p < 0.001) between acyclic 5-methyl brGDGTSs (la, lla and 1)
and MAAT were obtained in clusters A and B, respectively, as previously observed at the global
level (De Jonge et al., 2014; Naafs et al., 2017a). This was reflected in the strong positive
correlations observed between MBT’sve and MAAT in clusters A and B (Fig. 6a,b), with non-
significant differences between slopes, intercepts and RMSE, highlighting the overall similar
response of brGDGT source microorganisms to temperature changes in soil and peat samples
from the two “warm” subgroups.

In contrast with clusters A and B, the three other clusters were characterized by Cl <
0.64 (Fig. 5d), corresponding to “cold” groups (De Jonge et al., 2019). They encompassed soil
and peat samples from cold to (sub)temperate zones (Fig. 3), with similar range of MBT’sme
values, which were much lower than those of clusters A and B, consistent with the increase of
the methylation degree of brGDGTs at lower temperatures (Weijers et al., 2007). Samples from
cluster D were more acidic than those from cluster C and E, leading to distinct brGDGT
distributions, and especially lower average CBT’ values in cluster D. The differences in
brGDGT distribution between the three “cold” clusters were also reflected in the IReme ratio,
the highest values of the latter in cluster C being consistent with the higher relative abundance
of 6-methyl vs. 5-methyl brGDGTs generally observed in arid/alkaline soils (e.g. De Jonge et
al., 2014; Naafs et al., 2017a), as those from cluster C (Table 2). In addition, the three clusters

largely differed in their dependence to environmental parameters. Thus, brGDGT distributions
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in clusters C and D were predominantly influenced by pH and to a lesser extent by the thermal
regime (Table 3). This led to weak (or no) correlations (R? < 0.1) between individual brGDGTs
and MAAT (or FRS) (Supp. Tables 4, 5), explaining in turn the weak relationships between the
MBT’sme and MAAT in these two clusters (Fig. 6c¢, d). In contrast with clusters C and D, the
influence of the thermal regime (MAAT/FRS) on brGDGT distribution in samples from cluster
E was higher than the one of pH, with weak to moderate correlations (R? 0.2-0.45) only between
the relative abundance of tetramethylated brGDGTs Ib and Ic and hexamethylated brGDGT
Illa and MAAT (Sup. Table 6; Fig. 7e), as also observed at the global level (De Jonge et al.,
2014). Nevertheless, no correlations between brGDGTs la/lla and MAAT were observed in
cluster E. This contrasts with observations made at the global level in the previous (De Jonge
etal., 2014; Naafs et al., 2017a) or present soil datasets (Sup. Table 1), where these compounds
were considered as temperature-sensitive. This explains the more moderate correlation between
the MBT’sme and MAAT in cluster E (R? 0.44) than in clusters A and B or the total dataset (R?
> 0.6; Fig. 6). It should be noted that in the cold soil cluster of De Jonge et al. (2019), the MAAT
was similarly only correlated with the relative abundances of brGDGTs la and lllc, leading to
a weak correlation between MBT’sme and MAAT (R? 0.28). Nevertheless, in the global cluster
cold defined by De Jonge et al. (2019), brGDGT la was significantly negatively correlated with
pH (R? 0.69; p< 0.001), in contrast with cluster E (R2 0.16; p = 0.0003). Such a difference may
be related to the smaller size (n = 77) and different samples constituting cluster E vs. the global
cold cluster (n = 251) of De Jonge et al. (2019).

Overall, the brGDGT distribution was differently impacted by environmental variables
in each of the clusters of the present study (Fig. 7; Table 3), the effect of the thermal regime
being predominant only in the two warm clusters (A and B) and to a lesser extent cold cluster
E. We also observed a different dependency of the brGDGT distribution to temperature in the
two warm clusters vs. cold cluster E, leading to distinct correlations between MBT’sve and
MAAT for the two types of clusters, consistent with previous observations by de Jonge et al.
(2019). Despite the smaller size of the cold cluster E (n =77) vs. the two warm clusters A (n=76)
and B (n =174) altogether, the relationship between MBT’sme and MAAT for the global dataset
(n = 775) was observed to be driven by the one of cluster E, as revealed by the similar slopes
and intercepts (Fig. 6). This implies that the MBT sme proxy is much more influenced by the
temperature changes encountered in cold cluster E than in the other warm clusters. Such a
difference in sensitivity between warm and cold groups has also been previously reported by
De Jonge et al. (2019), who suggested that different bacterial communities, with different

brGDGT fingerprints, may be associated with the warm and cold groups. Similarly, this shift
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in bacterial communities could at least partly explain the different MBT’sme-MAAT
relationships in clusters A/B vs. E. Additionally, the thermal regime may influence the activity
of brGDGT-producing microorganisms and associated biosynthesis, as several previous studies
suggested that brGDGTs may be preferentially produced during warm seasons (Weijers et al.,
2011b; Huguet et al., 2013; Deng et al., 2016). As the thermal regime is much higher in the cold
clusters (C, D and E), they should be the most impacted by the seasonal production of
brGDGTs, thus weakening the relationships between MAAT and brGDGT distribution. Raberg
et al. (2021) very recently proposed to replace MAAT by a warm season index (mean
temperature of months above freezing) to take into account the thermal regime effect (especially
large at high-latitude), thus improving brGDGT calibrations in lake sediments. Similarly,
Dearing Crampton-Flood et al. (2020) showed that the MBT 5w in soils and peats was better
correlated with the average temperature of months above 0 °C (BayMBTO0 model, R? 0.70) than
with MAAT (BayMBT, R? 0.64), with a reduced RMSE (3.8 vs. 6.0 °C for the BayMBT and
BayMBT, respectively).

In any case, the fact that (i) a strong relationship between MBT’smeand MAAT is only
observed for the warmer clusters (Fig. 6), (ii) the MBT ’sme-MAAT relationship at the global
level is driven by the moderate correlation of cold subgroup E containing only ca. 10% of the
samples from the total dataset and (iii) weak correlations between MBT’sve and MAAT are
observed for ca. 55% of the dataset (clusters C and D) highlights the limitations of using a single
index and a simple linear regression model to capture the response of brGDGTs to MAAT
changes. Thus, very recently, Pérez-Angel et al. (2020) showed that the fractional abundance
of brGDGT la was non-linearly related to MAAT in a dataset comprised of tropical soils
(n=175). Other models taking into account such non-linear trends should be complementarily
developed to better reflect this complex response to MAAT changes. Machine-learning models

can be used to this aim and will be tested in the following.

19



585
586

587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617

4.2. A novel global calibration between MAAT and brGDGT distribution using the

random forest algorithm

4.2.1. Model development

A machine-learning model — the random forest algorithm — was tested to potentially
derive stronger and more accurate global MAAT calibration from brGDGT distributions than
single linear regressions based on the MBT sme index.

The random forest algorithm was first "trained™" during the learning phase to estimate
MAAT from brGDGT relative abundances. During this phase, the model produces decision
trees that will automatically discriminate the compounds whose relative abundances are not
influenced by temperature, and thus selects those to be used to estimate MAAT, while taking
in account the interdependency of environmental parameters. The developed model was called
“random Forest Regression for PaleOMAAT using brGDGTs” (FROG).

As the 5-methyl brGDGTSs are considered to be mainly correlated with MAAT in
contrast with 6-methyl isomers (De Jonge et al., 2014), the random forest model was initially
applied to the fractional abundances of the 5-methyl brGDGTs only (FROGswme). After training
on the sampling dataset (75% of the global dataset; n=583), a strong (R%z = 0.80) global
calibration between 5-methyl brGDGT relative abundance and MAAT was obtained (Fig. 9a),
with a RMSE of 4.12 °C. The random forest algorithm was then separately trained and tested
using the relative abundances of all brGDGTs including the 6-methyl isomers (FROG). This
"alternative™ global calibration (R2=0.81 and RMSE =4.09 °C; Fig. 9b) appeared similar to the
FROGsve model (Fig. 9a). The RMSE of both random forest calibrations (FROGswme and
FROG) are lower than those of the simple linear regression between MBT’sme and MAAT (Fig.
9c, d; Table 4), with no clear trends in the residuals of the models. As observed by Naafs et al.
(2017a) and Dearing Crampton-Flood et al. (2020) in their global MBT’sme-MAAT calibration,
a major part of the uncertainty in the FROG model is likely due to the wide dispersion of
predicted temperatures for MAAT < 10°C (Fig. 9c, d), corresponding to samples from high
latitudes and/or high elevations. The characteristics of the FROG and FROGsme model for the
whole dataset and test dataset (R2, RMSE, variance in residuals) were provided in Table 4 and
are comparable, which shows that the FROG models do not overfit the data or, if so, to an
extremely moderate extent.

Even though the random forest algorithm agnostically selected the set of brGDGTs
which best describes the variability of MAAT, it presents the advantage of not being a blackbox,

as the mechanism behind it can be described. First, the independent variations in the individual

20



618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651

brGDGT variations with estimated MAAT for the FROG model can be compared, with non-
linear trends for all the compounds (Sup. Fig. 4), showing the interest of using a non-linear
model to describe the relationship between brGDGT distribution and MAAT. For example, the
relative abundance of tetramethylated brGDGT la was observed to non-linearly increase with
predicted MAAT, in contrast with compounds Ila and Illa (Sup. Fig. 4). This is consistent with
the trends obtained from the linear regression models both on the present extended dataset (Sup.
Table 1) and on previous soil datasets (e.g. De Jonge et al., 2014; Naafs et al., 2017a), reflecting
the decrease in the methylation degree and thus increase in the MBT ’sme With MAAT (Supp.
Fig. 1; Eq. 2).

Second, the weight of the different variables used to define the random forest model
with MAAT could be quantified using the permutation importance method (Fig e, f; Breiman,
2001). This method consists in considering each compound separately and determining how
much model performance decreases if this compound is removed from the model. The
brGDGTs la, lla, Illa were the homologues predominantly used by the FROGswme model (Fig.
9e), consistent with the major influence of these compounds in the MBT’sme (De Jonge et al.,
2014) and the existing linear relationship between this index and MAAT (Sup. Fig. 1). Other
brGDGT homologues, considered as being less temperature sensitive than the aforementioned
acyclic brGDGTs (e.g. De Jonge et al., 2014), were also taken into account by the FROGswe
model, especially compounds Ib and Ilb, which contain one cyclopentyl moiety. These
compounds were similarly selected by a stepwise forward selection method to develop brGDGT
calibration with MAAT, e.g. for East African lacustrine sediments (Russell et al., 2018) or
Chinese soils (Wang et al., 2020). Therefore, different statistical models suggest that
homologues Ib and 11b can improve the brGDGT-MAAT relationship in various environments,
as it might take into account the covariations between MAAT and other environmental
parameters. In contrast, brGDGTSs Ic and llc, which are low-abundant in the peat and soil
dataset, have only a minor weight in the FROGsme model (Fig. 9e).

Regarding the random forest model established with all brGDGTs (FROG model), the
predominant homologues were also the acyclic brGDGTSs la, lla, and Illa, and to a lesser extent,
compound Ib as well as compounds Illa‘, lla‘, i.e. 6-methyl isomers, pointing to their
contribution to MAAT reconstruction. 6-methyl brGDGTs were usually considered as being
predominantly influenced by pH variations (De Jonge et al., 2014b). Nevertheless, they were
also included in some recent local soil calibrations between brGDGT fractional abundances and
MAAT in China (Wang et al., 2020) and Mongolia (Dugerdil et al., 2021) and in a regional

calibration based on tropical soils (n=175; Pérez-Angel et al., 2020). These compounds were
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shown to be part of those sensitive to temperature and improved the correlation with MAAT
(R? and RMSE) in comparison with linear MBT’sme-MAAT regression. It should also be noted
that both linear and non-linear regression models were tested for the development of the
aforementioned pan-tropical soil brGDGT calibration with MAAT (Pérez-Angel et al., 2020).
The non-linear multiple regression showed slight improvements over the linear multiple
regression based on brGDGT fractional abundances, which was interpreted as showing the
importance of taking into account non-linear influences when establishing brGDGT
calibrations in warm environments. In agreement with these recent results, the FROG model
integrates both types of brGDGT isomers, including 6-methyl ones, thus reflecting the
environmental reality, as the whole distribution of brGDGTSs, and not only 5-methyl ones, can
be concomitantly and non-linearly influenced by environmental parameters including MAAT
(Sup. Fig. 4).
The respective weights of the different brGDGTs were observed to differ between the

FROG and FROGswme calibrations (Fig. 9). Nevertheless, the comparison of the statistical
characteristics of these models do not allow favoring one vs. another, as both of them showed
similar determination coefficients, RMSE and estimation ranges (Table 4). Therefore, both
models will be tested on modern soil samples and sedimentary archives and compared in section
4.4,

4.2.2. Comparison of the FROG model with previous global soil calibrations

The FROG/FROGsme model were compared with previously published global soil/peat
linear calibrations based on Ordinary Least Square (De Jonge et al., 2014), Deming (Naafs et
al., 2017a) and Bayesian (Dearing Crampton-Flood et al., 2020) regressions. The FROG and
FROGswme models are characterized by a higher determination coefficient and lower RMSE (Fig.
9; R?=0.81 vs. 0.8 and RMSE=4.09 °C vs. 4.12 °C, respectively) than available calibrations (De
Jonge et al., 2014: R2=0.61, RMSE=4.8°C; n =231; Naafs et al., 2017a: R2= 0.71, RMSE=
4.1°C, n=177; Dearing Crampton-Flood et al., 2020: R?=0.64, RMSE=6.0 °C, n=343; Table 4),
while being obtained from a larger dataset (n=775).

In order to make a direct statistical comparison of the different models, the calibrations
by De Jonge et al. (2014), Naafs et al. (2017a) and Dearing Crampton-Flood et al. (2020;
BayMBT model) were applied to the same dataset as the one used for the random forest model
(Fig. 10; Table 4). This confirms that the FROG model performs better in terms of robustness
and accuracy than the previously published global soil and peat calibrations (De Jonge et al.,
2014; Naafs et al., 2017a; Dearing-Crampton Flood et al., 2020). The FROG model and the
BayMBT both increases the upper limit of MAAT estimation by > 3 °C and 5 °C, respectively,
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in comparison with the calibrations by De Jonge et al. (2014) and Naafs et al. (2017a; Table 4).
In contrast, the lower limit of MAAT estimates for the random forest model is higher than that
of the other linear calibrations by De Jonge et al. (2014), Naafs et al. (2017a) and especially
Dearing Crampton-Flood et al. (2020). This difference is related to the fact that the extended
peat and soil dataset contains a lower number of samples collected under cold climates (12%
with MAAT < 0°C). The low representation of such type of samples is a limitation for the
training phase of the random forest model. In contrast, by definition, the linear models are able
to reach higher or lower limits, even without the presence of « extreme » samples in the dataset.
Nevertheless, machine-learning algorithms are flexible and the lower limit of temperature
prediction of the FROG model could be decreased by analyzing brGDGTSs in a larger number
of soil/peat samples from cold settings and adding them to the model.

The higher robustness and accuracy of the FROG model compared to those based on
the MBT swme (Table 4) could be explained by its non-parametric nature and the fact that it takes
into account non-linear influences on the brGDGT distribution (Supp. Fig. 4), unlike the linear
models (De Jonge et al., 2014; Naafs et al., 2017a; Dearing Crampton-Flood et al., 2020). In
addition, one of the prerequisites of the Bayesian model, as recently proposed by Dearing
Crampton-Flood et al. (2020), is to determine a prior, before analysis. Nevertheless, as shown
in this study, the influence of environmental parameters on brGDGT distribution in soils/peat
is sample-dependent (e.g. Fig. 7; Table 3). Therefore, it seems difficult to determine a prior
adapted to all the samples in such a large dataset. Bayesian models could be more efficient
when applied to local/regional calibrations, where the prior can be determined more precisely.
In any case, this study shows that efficient statistical approaches are useful to improve brGDGT
calibrations.

4.3. Development of alternative MAAT calibrations

Although the FROG MAAT calibration presents a strong determination coefficient,
the associated RMSE is still ca. 4 °C (Table 4). To test the influence of the thermal regime and
MAP on the FROG model and potentially improve its accuracy, alternative submodels based

on different subsets of the extended dataset were developed.

4.3.1. Alternative model considering the influence of thermal regime
The FRS was shown to have a significant impact on the brGDGT distribution of the

extended soil dataset based on RDA analyses, especially on the 5-methyl isomers (Fig. 7; Table
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3). The FRS can be considered as an indirect indicator of the thermal regime which may
influence the growth of brGDGT source microorganisms and the production of these lipids.
Nevertheless, the impact of the thermal regime on brGDGT distribution and concentration was
the object of contrasting observations. The latter was not observed to be affected by seasonal
temperature variations in mid-latitude soils (Weijers et al., 2011b; Lei et al., 2016). In contrast,
several studies suggested that brGDGTs may be preferentially produced during summer in mid-
to high latitude peats (Weijers et al., 2011a; Huguet et al., 2013) or soils (e.g. Deng et al., 2016),
reflecting an effect of the seasonality on the brGDGT production, with an enhancement of the
latter during the seasonal optimum, for example at the warm season when the soil is not frozen.
An increase in the microbial biomass production was reported in unfrozen soils (Schimel and
Clein, 1996; Nedwell, 1999; Schimel et al., 2007).

To take into account the potential influence of the thermal regime on brGDGT
distribution, an alternative Bayesian calibration was proposed by Dearing Crampton-Flood et
al. (2020). This model (BayMBTo) estimates the average temperature of all months that have
an average temperature above 0 °C using the MBT’sme index. The BayMBTo model (R2=0.70;
RMSE = 3.8°C; lower limit = 0.9°C, upper limit = 27.1°C; Dearing Crampton-Flood et al.,
2020) improves the strength and accuracy of the BayMBT model but does not allow
reconstructing negative temperatures. To evaluate the influence of the thermal regime on the
FROG model, the same approach as that proposed by Dearing Crampton-Flood et al. (2020)
was applied.

In the present extended dataset, monthly temperatures are available for 661 out of the
775 soil samples. This excludes some of the samples, collected in the French Alps, Peruvian
Andes, Mts Pollino, Shegyla and Italy (Véquaud et al., 2020). The alternative calibration based
on the average temperature of all months that have a temperature above 0 °C (FROGy) is as
strong as the global random forest calibration (FROG; Fig. 11), with an R2=0.84, and is more
accurate (RMSE = 2.5 °C) than the latter (Table 4, Supp. Fig. 6), even though it is based on a
slightly reduced dataset (n=661). The FROGo calibration also performs better than the
BayMBT, model (R2 = 0.56; RMSE = 4.1°C), with a higher R?, lower RMSE but with a slightly
lower range of MAAT estimation (Table 4). Overall, the present study, through RDA analyses
(Fig. 7) and the FROGo model, highlights the effect of the thermal regime on brGDGT
distribution. In particular, it can be assumed that the activity of brGDGT source organisms will
be reduced within frozen soils. In addition, snowfall can isolate the soil from the atmospheric
compartment, decoupling atmospheric temperatures from soil temperatures during the cold

season. This confirms the interest of using alternative models including this effect to improve
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the accuracy of MAAT reconstruction, as also suggested by Dearing Crampton-Flood et al.
(2020).

4.3.2. Alternative model considering the influence of MAP

As previously discussed, the brGDGT distribution may be largely impacted by soil
moisture (e.g., Dirghangi et al., 2013; Naafs et al., 2017a). In the present study, MAP was used
as a proxy of the soil water content (SWC), which varies as a first approximation according to
the precipitation regime, although other factors can play a role, such as relief (topography),
evapotranspiration, grain size or vegetation cover (Crave and Gascuel-Odoux, 1997; Gomez-
Plaza et al., 2001).

The influence of MAP was tested with the FROGsg random forest model. This
alternative to the FROG model excludes all the samples with MAP < 500 mm/year,
corresponding to soils previously defined as dry, and generally described as alkaline soils from
arid regions, poor in organic matter (Peterse et al., 2012; Naafs et al., 2017a; Dearing Crampton-
Flood et al., 2020). The FROGsoo model contains 442 samples and only shows a slight
improvement in MAAT reconstruction in comparison with the FROG calibration, with a
slightly higher determination coefficient (R?> =0.85) and lower RMSE (3.5°C; Table 4). The
slight decrease in the RMSE of the FROGsoo vs. the FROG model (by ca. 0.5 °C) is likely
related to the large reduction of the dataset size by more than 300 samples. Therefore, the use
of the FROGs00 model, as the BayMBTsoo proposed by Dearing Crampton-Flood et al. (2020),
does not seem preferable, as its performance is only slightly better than the original FROG

calibration, even though it contains a much lower number of samples.

4.4. Paleo application of the FROG global calibration

The statistical characteristics including determination coefficients and RMSE are not
sufficient enough to discriminate between calibrations for paleotemperature reconstructions, as
recently noticed by Dugerdil et al. (2021). Therefore, the performance and validity of the FROG
models were tested and compared with the temperature record from Pliocene sediments from
the North Sea basin (Dearing Crampton-Flood et al., 2018, 2020) and from a Chinese loess-
paleosol sequence covering the last 110 kyr (Gao et al., 2012; Lu et al., 2016; Wang et al.,
2020). These archives were the object of previous paleostudies, providing a context for the
interpretation of the MAAT data from the FROG models.
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4.4.1. Application of the FROG models to sediments from the Pliocene

The performance and reliability of the FROG models were tested using a paleorecord
based on Pliocene sediments from the North Sea basin (Dearing Crampton-Flood et al., 2018,
2020). BrGDGTs were previously analyzed in this archive, with subsequent reconstruction of
past temperature variations during the Pliocene using the MBT’sme (Dearing Crampton-Flood
et al., 2018). More recently, the validity of the BayMBTo model proposed by Dearing
Crampton-Flood et al. (2020) was tested on this archive and compared with the MAAT records
derived from the soil brGDGT calibrations by De Jonge et al. (2014) and Naafs et al. (2017a).

The aforementioned calibrations, as well as the FROG/FROGswme models (Fig.11a),
showed an overall decrease in MAAT during the Pliocene, consistent with the global cooling
that is documented in the literature (Lisiecki and Raymo, 2005; Dearing Crampton-Flood et al.,
2018, 2020). The MAAT records derived from the different models showed similar qualitative
trends over the reconstructed period, even though the range of variation appeared slightly
smaller (3-4°C) for the FROG model than for the other calibrations (Fig. 11a). The FROG and
FROGswme calibrations provided similar results, implying that the inclusion of the 6-methyl
isomers in the models did not significantly change the paleotemperature reconstructions in the
present case.

The absolute temperatures reconstructed by the different brGDGT models (Fig. 11a)
were generally lower than those expected in NW Europe (13-14 °C) over the Pliocene and
derived from pollen assemblages and model outputs (Dearing Crampton-Flood et al., 2020 and
references therein). The BayMBT record showed the lowest MAAT estimates, with very large
oscillations and negative temperatures during the late Pliocene, in contrast with the other global
calibrations (Fig. 11a). Nevertheless, it is unlikely that temperatures went below 0°C during the
Pliocene based on the presence of pollen assemblage of warm-adapted species found in Dutch
sediments of this period, as specified by Dearing Crampton-Flood et al. (2020). That is why
Dearing Crampton-Flood et al. (2020) favored the use of the BayMBTo model, based on the
mean temperature of all months above 0 °C, for MAAT reconstruction, as it is more accurate
(RMSE = 3.8°C) than the BayMBT model (RMSE = 6°C). The BayMBTo model indeed
provided higher absolute MAAT estimates than the BayMBT and much more consistent with
temperatures estimated from other proxies (i.e. 13-14°C; Fig. 11b).

Although the FROG model did not result in such negative reconstructed MAAT, the
FROG, model was also applied to the Pliocene archive to compare with the BayMBTy record
(Fig. 11b). Both models showed a decreasing trend in temperature over the Pliocene, although
the BayMBTo model displayed larger oscillations (between 3.5 °C and 16.2°C; mean 10.7°C)
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than the FROGo one (between 10 °C and 13.1°C; mean 11.7°C). As the MAAT estimates from
the FROGo model are associated with a smaller error (2.5 °C; Table 4) than the other global
brGDGT calibrations including the BayMBTo one (3.8 °C; Dearing Crampton-Flood et al.,
2020), an improvement in the accuracy of the paleoreconstruction over this period can be
anticipated when using the FROGo model. This model, unlike the FROG model, estimates the
mean temperature of all months above 0°C, which can be considered as more reflecting warm
season temperature. Unlike the FROG model, the FROGo model can neglect the thermal and
nival influences on the samples, and so on the source organisms of brGDGTs. We suggest that
the FROGo model should be used in addition to the FROG model rather than alone, in order to
obtain complementary information on annual and seasonal temperatures dynamics in

paleoclimate studies.

4.4.2. Application of the FROG model to a Chinese loess-paleosol sequence

The FROG calibration was also applied to the Lantian loess-paleosol sequence (LPS),
located in the southern Chinese Loess Plateau (Fig. 1 in Gao et al., 2012) and covering the last
110 kyr (Gao et al., 2012). BrGDGT data from this 8.5 m sequence and associated
paleotemperature reconstructions were previously published (Gao et al., 2012; Lu et al., 2016;
Wang et al., 2020). Recently, Wang et al. (2020) analysed brGDGTs in 149 modern soils
covering a large climate gradient in China and calibrated brGDGT distribution against both
mean annual soil temperature (MAST) and MAAT. They applied these local MAST and MAAT
brGDGT calibrations as well as the global MAAT calibration (MATm:) by De Jonge et al.
(2014) to the LPS sequence over the last 60 kyr and showed that the local MAST calibration
provided more reasonable variations in the past continental temperatures than the local (Wang
et al., 2020) and global (Peterse et al., 2012; De Jonge et al., 2014) MAAT calibrations. This
was notably related to past changes in vegetation coverage which may affect the relationship
between MAST and MAAT.

Regarding the modern period, Wang et al. (2020) collected six surface soil samples
adjacent to the Lantian LPS to serve as a reference for the present time. The reconstructed
MAAT based on the FROG (11.9 £ 0.8 °C) and FROGswme (11.9 £ 0.9 °C) for these soils are in
agreement with the recorded MAAT at this site (12.6 °C; Wang et al., 2020), suggesting that
these calibrations can at least be applied for modern MAAT reconstruction in the region. At
this site, MAAT, can be considered as close to MAAT, as a winter (December; January;
February) mean air temperature of ~1 °C was reported (Gao et al., 2012). The FROGo model

provided temperature estimates (14.3 = 0.3 °C) consistent with the expected one. In contrast
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with the different FROG calibrations, the temperature estimates derived from the BayMBTg
model (16.8 + 2.0 °C) were much higher than expected, with a large variability between the 6
soil samples. As for the local MAST calibration by Wang et al. (2020), it provided temperatures
(12.8 = 1.4°C) consistent with those measured in soils nearby as previously reported (Wang et
al., 2020) (Fig. 12a).

So as to assess the reliability of the calibration, the local MAST calibration by Wang
et al. (2020) was applied to the whole LPS covering the last 110 kyr and compared with the
MAAT records derived from the different FROG models (FROG, FROGsme and FROG) as
well as the BayMBT) (Dearing-Crampton Flood et al., 2020). The BayMBTo model was chosen
rather than the BayMBT one, as it provides most accurate temperature reconstructions, as
reported by Dearing Crampton-Flood et al. (2020) and specified above. Nevertheless, it should
be noted that the BayMBTo model, as the FROGo ones, allow the reconstruction of the mean
temperature of all months >0 °C (MAAT)) instead of the MAAT.

When applied to the Lantian LPS, the different calibrations showed the same
qualitative trends (Fig. 12b). Thus, the temperature oscillated between 110 and 60 kyr (with
different amplitudes depending on the calibration) and then showed a continuous cooling trend
between 60 kyr and 30 kyr, the lowest values being reached between ca. 22 and 27 kyr BP,
corresponding to the local Last Glacial Maximum (LGM), as previously observed by Gao et al.
(2012) and Lu et al. (2016). Then, the temperature increased rapidly and peaked at the Early
Holocene before decreasing toward the present-day values. Such general trends are similar to
those previously reported for the Lantian LPS (Gao et al., 2012; Lu et al., 2016; Wang et al.,
2020). Local insolation (35 °N) was previously shown to be the dominant factor impacting the
temperature records of this site, as similarly observed in other LPSs of the southern plateau
(Peterse et al., 2011, 2014; Jia et al., 2013). Thus, the temperature maxima at ca. 12-15 kyr, 63
kyr and 82 kyr BP were consistent with insolation maxima, while the low temperature observed
at ca. 90 kyr, 75 kyr, 25 kyr and the late Holocene coincided with insolation minima (Wang et
al., 2008, Fig. 1; Gao et al., 2012, Fig. 3; Lu et al., 2016). The brGDGT-derived temperature
records and the 380 record from Chinese speleothems (Wang et al., 2008), related to monsoon
intensity, displayed roughly similar patterns (Fig. 12b), showing the relationship existing
between the temperature and precipitation intensity, even though the temperature record was
generally observed to precede the §'80 record, as already noticed in the Lantian LPS (Gao et
al., 2012; Wang et al., 2020) and other sites of the southern plateau (Peterse et al., 2011, 2014;
Jiaetal., 2013). The FROG, FROGswe and FROGo calibrations showed especially well-defined
peaks over the period between 75 kyr and 110 kyr BP, corresponding to the glacial and
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interglacial substages of Marine Isotope Stage 5. These extrema, also apparent when using the
local MAST calibration by Wang et al. (2020) and, with a more reduced amplitude, the
BayMBTo model, were similarly observed in the Chinese speleothem §'80 record (Wang et al.,
2008; Fig. 12b), although the exact timing differed probably in relation to age modelling
uncertainties (Wang et al., 2008).

The results derived from the brGDGT calibrations were in general agreement with the
previously published records and climate models. Thus, the temperature estimates for the LGM
derived from the FROG/FROGsme/FROGo and local MAST (Wang et al., 2020) calibrations
were, respectively, ca. 2 °C and 4 °C lower than those of the present-day surficial sediments
(Fig. 12a), consistent with the difference of ca. 2-4 °C derived from East Asian climate models
(Ju et al., 2007). As for the BayMBTq calibration, the difference in temperature estimates
between LGM and present-day (ca. 3 °C, respectively) should be interpreted with care, as the
temperature derived from the top-core sediment (ca. 17 °C) is abnormally high compared to the
recorded MAAT (ca. 12 °C), as discussed above for soils surrounding the Lantian LPS, hence
BayMBT seems to be less relevant than FROG models.

After the local LGM (at ca. 21-24 kyr BP), the temperature was shown to increase by
ca. 8 to 11°C (depending on the calibration) between the LGM and the peak at the Early
Holocene (Fig. 12b), consistent with the increase of ca. 10 °C observed during this deglaciation
based on lacustrine records from central eastern Europe (Sanchi et al., 2014) and western North
America (Feakins et al., 2019). The FROG model showed a higher warming trend (by ca. 3 °C)
than the FROGswme one. Such a difference is likely related to the inclusion of the 6-methyl
isomers in the FROG model. Loess deposits are developed under arid conditions, which favors
the domination of 6-methyl vs. 5-methyl brGDGTs (De Jonge et al., 2014; Naafs et al., 2017a),
as it is the case in the Lantian LPS (average IReme Over the whole sequence: 0.58 + 0.07). The
high abundance of 6-methyl brGDGTs in arid/alkaline soils (i.e. IReme > 0.5) was shown to
make complex the applicability of the MBT sme (Naafs et al., 2017a). In the Lantian LPS, this
led to the development of specific local calibrations, such as the one proposed by Wang et al.
(2020) to reconstruct MAST, based on stepwise regression method and including several 6-
methyl brGDGTs (/la’, IIb’, Illa’) to improve temperature reconstruction. Similarly, it may not
be excluded that the presence of 6-methyl brGDGTs in the FROG model could help in
improving paleotemperature reconstructions in comparison with the FROGswme calibration
containing only 5-methyl brGDGTSs. Nevertheless, except in the early Holocene, the difference
in temperature estimates between the FROG and FROG5me models was generally <1.5 °C,
which is much lower than the RMSE of these calibrations (ca. 4 °C; Table 4). As both of them
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provided similar qualitative trends, this does not favor one calibration vs. another for
paleotemperature reconstruction of this archive.

To conclude, the FROG, FROGswme and FROG calibrations were able to accurately
reconstruct present-day temperatures at the Lantian LPS, in contrast with the BayMBTo model.
The reliability of the FROG model was further demonstrated when applied to the whole
sedimentary record. It showed documented climatic variations, with a reduced error (4°C)
compared to previous global soil calibrations (Peterse et a., 2012; De Jonge et al., 2014), and

consistent with the trends derived from a local MAST calibration (Wang et al., 2020).

5.  Conclusions

Several global brGDGT calibrations for MAAT reconstruction in soils and peats have
been proposed over the last years. Nevertheless, the uncertainty in brGDGT-based temperature
estimates is still substantial, largely due to the influence of the various environmental variables
in addition to MAAT on brGDGT distribution. A statistical clustering and analysis of the
globally distributed brGDGT dataset allowed hierarchizing the parameters affecting brGDGT
distribution in soils and thus the MBT’sme-MAAT relationship at the global scale. pH was
shown to be the main environmental control on brGDGT distribution, followed by MAAT, over
the whole dataset. The five statistical clusters were well-differentiated based on environmental
parameters (MAAT, FRS, MAP, pH) and geographical locations and were characterized by
distinct brGDGT distributions. A strong relationship between MBT’sve and MAAT was only
observed for the warmer clusters while the MBT ’sme-MAAT relationship at the global level
was shown to be driven by the moderate correlation corresponding to a cold subgroup
containing only ca. 10% of the samples from the total dataset. This highlighted the limitations
of using a single index and a simple linear regression model to capture the response of brGDGTs
to temperature changes.

A new improved MAAT calibration based on random forest algorithm was then
proposed, the so-called Random Forest Regression for PaleOMAAT using brGDGTs (FROG).
The FROG model, which is multi-factorial and non-parametric, appears to be more robust and
accurate than previous global calibrations while being proposed on an extended soil and peat
dataset. This is related to the fact that it takes into account the non-linear influences on the
relationships between MAAT and the relative abundances of individual brGDGTs. Finally, the
FROG model was applied to two existing paleorecords and compared with available

calibrations, showing its suitability for paleoreconstructions. Application of this new model
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should improve the accuracy of brGDGT-based MAAT reconstructions in soils and peats,
especially in environments where the MBT’sme Shows some limitations because of potential
confounding factors. As the random forest algorithm is adaptative and flexible, the FROG
model, freely available to the community through an R package, could be easily further
improved by the implementation of additional samples in the dataset. The machine-learning
approach proposed in this study for calibrating the brGDGT-MAAT relationship could be
applied to other settings, such as lacustrine ones.

Research data. FROG models presented in this study are freely available using a R package
with a web-application on a GITHUB repository (paleoFROG). The soil dataset used in this
study will be added on Pangaea.
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Figure and table captions

Figure 1. Principal Component Analysis performed on the global dataset (n=767) with the k-
means clustering. (a) PC2 vs PC1, (b) PC3 vs PC1, (c) Variance explained (%) for each
component, (d) Optimal number of clusters according to the elbow method, based on the
observation of the Within Cluster Sum of Squares (WCSS).

Figure 2. Boxplot showing the distribution of the 4 environmental variables considered: (a)
pH, (b) MAAT (°C), (c) MAP (mm/year), (d) FRS. Interquartile range (IQR) = Q3 — Q1 where
Qs is the 75" percentile and Qs is the 25™ percentile. Outliers are defined with a 1.5 coefficient
on the IQR. Letters on the panel show the differences between each cluster according to
Kruskall-Wallis and Dunn post-hoc tests.

Figure 3. Spatial distribution of samples in the global dataset. The colors correspond to the
different clusters.

Figure 4. Fractional abundances of the individual brGDGTs determined in the (a) Cluster A,
(b) Cluster B, (c) Cluster C, (d) Cluster D, (e) Cluster E and (f) in the global dataset.

Figure 5. Boxplot showing the distribution of the (a) MBT-sme, () CBT’, (¢) IReme, (d)
Community Index (ClI; Eq. 5; defined by De Jonge et al. (2019) for the 5 clusters defined after
PCA analysis (Fig. 2). The Cl thresholds of 0.64 and 0.69 separating “warm” and “cold” groups
as proposed by De Jonge et al. (2019) and in the present study, respectively, are represented in
panel (d). Letters on the panels show the differences between each cluster according to
Kruskall-Wallis and Dunn post-hoc tests.

Figure 6. Linear regressions between MBT’sme and MAAT (°C) for (a) cluster A, (b) cluster
B, (c) cluster C, (d) cluster D, (e) cluster E, (f) the whole dataset. Grey dots correspond to soils
and green dots to peats samples.

Figure 7. Redundancy analysis between brGDGT distribution and environmental variables for
(@) cluster A, (b) cluster B, (c) cluster C, (d) cluster D and (e) cluster E.

Figure 8. Comparison of the linear regressions between MBT’sme and MAAT (°C) in the two
subgroups derived from the extended dataset: “cold” cluster (CI <0.64) and “warm” cluster (CI
> 0.64). The community index (CI; Eq. 3) was defined by De Jonge et al. (2019). The dashed
line corresponds to the linear relationship between MAAT (°C) and MBT’sme in the global
dataset used in this study (n=775).

Figure 9. MAAT predicted by the random forest models using the relative abundances of (a)
5-methyl brGDGTs (FROGswme) and (b) all brGDGTs (FROG model). Residuals of the (c)
FROGsme model and (d) FROG model with all brGDGTs plotted against predicted MAAT.
Importance of the individual brGDGTs in (e) the FROGswme and (f) FROG model with all
brGDGTSs, according to the permutation importance method (Breiman, 2001). These results
were obtained from the test dataset. Grey dots correspond to soils and green dots to peats.

Figure 10. Comparison of the global MBT’sme calibration proposed by (a) De Jonge et al.
(2014), (b) Naafs et al. (2017a) and (c) Dearing Crampton-Flood et al. (2020; BayMBT model)
using the same dataset as the FROG model (n = 192). Grey dots correspond to soils and green
dots to peats.
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Figure 11. Reconstructed MAAT for the Pliocene marine sediment sequence from the Hank
core located in the Netherlands (Dearing Crampton-Flood et al., 2018, 2020) (a) derived from
the calibrations by De Jonge et al. (2014), Naafs et al. (2017a), Dearing Crampton-Flood et al.
(2020; BayMBT) and from the FROG/FROGsme models and (b) derived from the calibrations
by Dearing Crampton-Flood et al. (2020; BayMBTo) and from the FROGo model. Grey zones
are the 95% intervals for the FROG and FROGgo models

Figure 12. (a) Estimated temperatures from the 6 surface soils collected adjacent to the Lantian
LPS, serving as a reference for the present time (Wang et al., 2020), derived from the BayMBT)
model (Dearing Crampton-Flood et al. 2020) and FROG/FROGsme/FROGo models (this study).
(b) Comparison of the MAAT estimates from the Lantian LPS sequence covering the last 110
kyr, derived from local MAST calibration (Wang et al., 2020) the BayMBTo model (Dearing
Crampton-Flood et al. 2020) and FROG/FROGsme/FROGo models (this study), with a 50
record from a Chinese speleothem (in green; Wang et al., 2008).

Table 1. Location, number, and references for soils and peat samples used to establish the new
global brGDGT calibration proposed in this study. Available parameters for the different
sampling sites are shown: MAAT (Mean Annual Air Temperature (°C), pH, MAP (Mean
Annual Precipitation (mm/yr), FRS (Number of frost days per year). Asterisks represent the
new samples added to the global dataset.

Table 2. Quantitative description of the 5 clusters obtained after k-means on PCA on the
brGDGT distribution of the total dataset.

Table 3. RDA correlation coefficients of the selected environmental variables along axes 1 and
2 for each cluster, and quantification of the influence of the different environmental variables
on brGDGT relative abundances. Statistical significance (p<0.05) is shown with an asterisk.

Table 4. Characteristics of the different brGDGT models compared in this study to estimate
MAAT in terrestrial settings: R2, RMSE (or RMSEP; i.e. Root Mean Square Error of Prediction,
for the results on the test dataset), variance of the residuals and the upper and lower limits of
estimation. The "training™ samples (75%) were used to develop the different machine learning
models, which were then tested on the remaining sample set. Characteristics are presented for
the test dataset and all the dataset (under brackets, in italics). Previous calibrations from De
Jonge et al. (2014), Naafs et al. (2017a) and Dearing Crampton-Flood et al. (2020) are indicated
with asterisks.

Supplementary figure 1 Linear relationship between MBT’sme and MAAT (°C) in the global
dataset used in this study (n=775).

Supplementary figure 2 Comparison of the linear regressions between MBT’sme and MAAT
(°C) in the global dataset for samples with IReme >0.5 and IReme <0.5.

Supplementary figure 3 (a) Estimation of the community index thresholds, for each linear
regression between MAAT and MBT sme; (b) Comparison of the linear regressions between
MBT’sme and MAAT (°C) in the two subgroups derived from the extended dataset: “cold”
cluster (Cl < 0.69) and “warm” cluster (CI > 0.69). The dashed line corresponds to the linear
relationship between MAAT (°C) and MBT’sme in the global dataset used in this study (n=775)



Supplementary figure 4. Partial plots of the individual brGDGT variations in the FROG model
proposed to estimate MAAT.

Supplementary figure 5. Partial plots of the individual brGDGT variations in the FROGswe
model proposed to estimate MAAT.

Supplementary figure 6. (a) MAAT predicted by the FROGo model using the relative
abundances of all brGDGTs. (b) Residuals of the FROGg model. (c) Importance of the
individual brGDGTs in the FROGo model, according to the permutation importance method
(Breiman, 2001). These results were obtained from the test dataset.

Supplementary Table 1. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT'5Me, the community index (CI) and
the IReme in the global dataset presented in this study (n=775). The values given are the R2. (b)
p-values of the correlations shown in the supplementary table 1a.

Supplementary Table 2. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT'sme, the community index (ClI) and the
IRsme in the Cluster A. The values given are the R2. (b) p-values of the correlations shown in
supplementary table 2a.

Supplementary Table 3. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT 'sme, the community index (Cl) and the
IReme in the Cluster B. The values given are the R2. (b) p-values of the correlations shown in
supplementary table 3a.

Supplementary Table 4. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT 'sme, the community index (ClI) and the
IRsme in the Cluster C. The values given are the R2. (b) p-values of the correlations shown in
the supplementary table 4a

Supplementary Table 5. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT 'sme, the community index (ClI) and the
IReme in the Cluster D. The values given are the R2. (b) p-values of the correlations shown in
the supplementary table 5a.

Supplementary Table 6. (a) Correlation matrix between the fractional abundances of the
brGDGTs, and the MAAT, MAP, pH, FRS, CBT', MBT 'sme, the community index (Cl) and the
IRsme in the Cluster E. The values given are the R2. (b) p-values of the correlations shown in
the supplementary table 6a.
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Location N (samples) Reference Available parameters

Italy* 13 Véquaud et al., (2020) MAAT, pH
Italy* 11 Huguet et al., (2019), Véquaud et al., (2020) MAAT, pH
Tibet* 17 Véquaud et al., (2020) MAAT, pH, MAP
Peru* 14 Véquaud et al., (2020) MAAT, pH, MAP
Chile* 8 Véquaud et al., (2021) MAAT, pH
France* 49 Véquaud et al., (2021) MAAT, pH
Globally distributed 229 Weijers et al. (2007a), Peterse et al. (2012), De Jonge et al. (2014b) MAAT, pH, MAP, FRS
India 46 Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
Russia/Siberia 4 Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
New Zealand 1 Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
China 15 Dearing Crampton-Flooed et al., (2020) MAAT, pH, MAP, FRS
China 27 Xiao et al. (2015), Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
China 26 Yang et al. (2015), Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
China 27 Ding et al. (2015), Dearing Crampton-Flood et al,, (2020) MAAT, pH, MAP, FRS
China 44 Lei et al. (2016), Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
China 148 Wang et al. (2016), Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
Globally distributed 96 Naafs et al. (2017b), Dearing Crampton-Flood et al., (2020) MAAT, pH, MAP, FRS
TOTAL 775

Table 1



Cluster A Cluster B Cluster C Cluster D Cluster E All

Soll 73 131 207 193 75 679
Peat 3 43 2 46 2 96
Samples 76 174 209 239 77 775
Min pH 5.6 3.0 4.9 3.4 4.0 3.0
Max pH 8.1 7.9 8.7 7.5 9.3 9.3
Mean pH 71 5.2 75 5.4 7.2 6.3
Min MAAT (°C) 10.8 0.4 -6.0 -17.7 -6.7 7.7
Max MAAT (°C) 28.0 274 18.0 174 18.5 28.0
Mean MAAT (°C) 224 16.0 6.7 3.9 6.5 9.5
Min MAP (mm/yr) 106 383 168 128 156 106
Max MAP (mm/yr) 2770 3584 10585 2177 1191 3584
Mean MAP (mmlyr) 1069 1237 453 784 756 855
Min FRS 0 0 3 0 2 0
Max FRS 11 19 29 26 27 29
Mean FRS 2 5 15 14 13 11

Table 2



Variables

RDA correlation coefficients

Conditionnal

Axis 1 Axis 2 effects (%)

pH -0.75 -0.34 18.6*

MAAT (°C) 0.8 0.26 5.3*

MAP (mm/year) 0.77 0.08 2.2
Cluster A FRS -0.8 0.56 39.6*

Expl. variation (%) 59.10 4.82

Expl. fitted variation (%) 89.97 7.34

pH -0.6 -0.76 16.7*

MAAT (°C) 0.9 -0.41 57.3*

MAP (mm/year) 0.78 -0.06 0.2
Cluster B FRS -0.81 0.29 0.5

Expl. variation (%) 68.99 5.62

Expl. fitted variation (%) 92.42 7.52

pH -0.91 -0.02 25.6*

MAAT (°C) -0.05 -0.78 4,5*

MAP (mm/year) 0.59 -0.05 5.7*
Cluster C FRS -0.2 0.74 0.7

Expl. variation (%) 30.41 4,51

Expl. fitted variation (%) 83.36 12.37

pH -0.96 0.18 47.4*

MAAT (°C) 0.17 0.39 1.5*%

MAP (mm/year) 0.48 0.1 3.4*
Cluster D FRS -0.36 -0.68 1.5%

Expl. variation (%) 51.58 1.88

Expl. fitted variation (%) 95.9 3.5

pH 0.71 0.41 7.7%

MAAT (°C) -0.76 0.62 6.6*

MAP (mm/year) -0.41 0.29 0.6
Cluster E FRS 0.87 -0.26 15.2*

Expl. variation (%) 18.19 9.6

Expl. fitted variation (%) 62.5 31.9

pH -0.92 0.34 51.8*%

MAAT (°C) 0.48 0.83 15.7*

MAP (mm/year) 0.72 0.31 1.1*

Whole — cos -0.54 0.58 1.6

dataset

Expl. variation (%) 59.34 10.16

Expl. fitted variation (%) 84.52 14,46

Table 3




Variance in

n (samples) R RMSE (°C) residuals (°C) Lower limit (°C) Upper limit (°C)

Global Calibration

FROG:sne 192 (775) 0.8 (0.78) 4.12 (4.14) 17.0 (17.1) -2.06 (—3.50) 27.33 (27.47)
FROG 192 (775) 0.81 (0.79) 4.09 (4.01) 16.7 (16.1) —2.38 (—4.23) 27.47 (27.58)
Naafs calibration* 192 (775)  0.70 (0.64) 5.01(5.23) 25.1(27.4) ~7.81 (~7.81) 24.59 (24.59)
De Jonge calibration® 192 (775) 0.66 (0.61) 531 (5.45) 28.2(29.7) -3.19(-3.19) 22.88 (22.88)
BayMBT* 192 (775) 0.52 (0.43) 6.33 (6.58) 40.1 (43.3) -15.89(—15.89) 29.83 (29.83)
MBT'spe (this study) 192 (775) 0.70 (0.65) 5.01(5.20) 25.1(27.0) —6.73 (—6.73) 23.29 (23.29)
Alternative

Calibration

FROG, 164 (661)  0.83 (0.85) 2.53 (2.34) 6.4 (5.5) 5.39 (4.58) 27.02 (27.72)
BayMBT,* 164 (661) 0.56 (0.54) 4.07 (4.07) 16.6 (16.6) 2.68 (1.43) 27.02 (27.68)
FROGsoo 108 (442) 0.85(0.82) 3.56 (3.66) 12.7(13.4) -1.27 (-1.82) 27.48 (27.79)

Table 4



