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Bacterial lipid branched glycerol dialkyl glycerol tetraethers (brGDGTSs) are a valuable tool for
reconstructing past temperatures. However, a gap remains regarding the influence of bacterial
communities on brGDGT profiles. Here, we identified two distinct patterns of brGDGTs from the
surface sediments of 38 Tibetan Plateau lakes using an unsupervised clustering technique. Further
investigation revealed that salinity and pH significantly change bacterial community composition,
affecting brGDGT profiles and causing brGDGT-based temperatures to be overestimated by up to
2.7 £0.7 °C in haloalkaline environments. We subsequently used the trained clustering model to
examine the patterns of bacterial assemblages in the global lacustrine brGDGT dataset, confirming the
global applicability of our approach. We finally applied our approach to Holocene brGDGT records
from the Tibetan Plateau, showing that shifts in bacterial clusters amplified temperature variations over
timescales. Our findings demonstrate that microbial ecology can robustly diagnose and constrain site-

specific discrepancies in temperature reconstruction.

Quantitative estimates of terrestrial paleotemperature are crucial for deci-
phering Earth’s past climate history'. Reconstructions of global temperature
over the Holocene epoch remain a subject of debate, primarily due to dis-
crepancies between proxy-based reconstructions and climate model simu-
lations, known as the Holocene temperature conundrum™. Among the
wide range of temperature proxies, bacterial lipids called branched glycerol
dialkyl glycerol tetraethers (brGDGT') have been extensively developed and
attracted increasing attention in the last decade due to their potential to
provide global, high-resolution, continuous records that are crucial for
reconstructing paleotemperatures across a broad range of environments”.
Despite the high potential of brGDGTs in paleotemperature reconstruc-
tions, challenges persist, particularly in mid-latitude regions where recon-
structions are frequently inconsistent™”.

The unique and diverse environmental conditions of lakes, such as
seasonality®’, in-situ production versus terrestrial input'*'' and specific
conditions like salinity’, oxygen'?, and lake depth", are recognized as pri-
mary factors influencing lacustrine bacterial lipids, complicating tempera-
ture reconstruction efforts. For example, in mid- and high-latitude regions,

brGDGT production rates decrease in colder seasons'* . Therefore, cali-

brating brGDGTs to the mean temperatures of months above freezing
(MAF) instead of the mean annual air temperature may result in more
accurate reconstructions'”'’. The complexity of factors influencing
brGDGT profiles highlights the need for innovative approaches to accu-
rately interpret brGDGT-based temperature reconstructions. Recent
advances in statistical and machine learning methods have effectively
addressed these complexities'”*". Machine learning calibrations enhance
the precision and reliability of temperature estimates by addressing the
complex, non-linear relationships between brGDGT distributions and
temperature that linear empirical calibrations may not fully capture'”***".
For instance, the lacustrine brGDGT random forest calibration model,
which categorizes brGDGTs into four distinct clusters based on temperature
gradients and geographic locations, enhances predictive accuracy by
accounting for environmental diversity'’. Additionally, the mixed sources of
brGDGTs (ie., both from the lake and the surrounding catchment) also
influence lacustrine brGDGT reconstructions. To this end, the recent
application of machine learning methods has helped disentangle the sources
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of brGDGTs from different depositional environments (soils, peats, and
sediments) worldwide'®.

Advanced chromatography techniques have enabled the separation of
5-methyl and 6-methyl isomers of brGDGTs**”. Studies have shown that
the degree of methylation of 5-methyl brGDGTs (MBT’sy.) has a stronger
correlation with temperature compared to the traditional MBT index, which
includes both 5- and 6-methyl isomers®’. However, when the ratio of 6- over
5-methyl brGDGTs (IRgve) exceeds 0.5, the association between MBT 5y
or MBT’ and temperature becomes weaker in global soil datasets'***. Recent
investigations have demonstrated that incorporating 6-methyl isomers in
empirical temperature calibrations can improve the performance of the
brGDGT paleothermometer in lacustrine™ ™’ and soil™ settings. The high
IRgpe ratio has been associated with significant uncertainty in the appli-
cation of the brGDGT proxy, which may be related to shifts in the bacterial
communities responsible for the production of these lipids™. Nevertheless,
the mechanisms underlying the effects of these isomers, particularly in
relation to bacterial communities, on the paleothermometer remain unclear.
One of the main challenges is our limited understanding of brGDGT-
producing bacteria and their ecology, with only a few species having been
cultured or incubated ™. Understanding how bacterial communities
respond to changing environmental factors beyond temperature is funda-
mental for accurately interpreting brGDGT distribution and developing
reliable brGDGT-based temperature reconstructions.

The Tibetan Plateau, the highest and largest plateau on Earth, hosts
numerous lakes that serve as unique archives for paleoclimate
reconstructions™. Recent studies of Holocene temperature reconstructions
using lacustrine brGDGT's have revealed diverse trends across this region™”,
complicating our understanding of past temperature variations. More
importantly, even after applying different brGDGT-temperature calibra-
tions—including the latest machine learning-based random forest calibra-
tion (RF)”—regional Holocene temperature reconstructions continue to

show significant discrepancies (Fig. 1). For example, applying the subset-
specific brGDGT® and Bayesian (BayMBT)’ calibrations to lakes on the
Tibetan Plateau, such as Bangong Co (BGC), Gahai (GH), and Ngamring
Co (NG), reveals substantial temperature variations ranging from 9 °C to
12 °C over the Holocene. Similarly, the application of RF calibration to these
lakes also indicates considerable variability, around 9 °C. In contrast, other
lakes in the region exhibit significantly smaller fluctuations, regardless of the
calibration method applied (Fig. 1). These discrepancies in temperature
reconstructions persist across different lakes and calibrations, suggesting
that the calibration approach alone may not be sufficient to account for the
observed variability. This raises a critical question: even with advanced
machine learning calibration, can brGDGT' reliably reconstruct past tem-
peratures over long timescales? The variations observed across different
lakes emphasize the need to explore additional factors, such as ecological
shifts or environmental changes, that may be influencing these recon-
structions. Crucially, this issue is not unique to the Tibetan Plateau, as
similar discrepancies have been found in other regions™”, further
emphasizing the complexity of brGDGT-based temperature
reconstructions.

In this study, we investigate bacterial compositional changes upon
environmental factors (e.g., lake depth, Secchi depth, water temperature,
salinity, pH, oxygen, and chlorophyll a) by combining brGDGT and DNA
analysis of modern samples (1 = 38) from the Tibetan Plateau and assess
their impact on Holocene temperature reconstructions. We focus on the
MBT'spp. and simplified IRgpe (IR) indices as MBT’sy, reflects bacterial
physiological adaptation to temperature changes™, while IR accounts for
variations in 6-methyl brGDGT production, which can complicate tem-
perature reconstructions”, particularly in alkaline or saline lakes where
elevated concentrations of 6-methyl isomers are frequently observed”***.
We then integrate these data into an unsupervised probabilistic machine
learning clustering model (Gaussian Mixture Models; GMM), which we
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Fig. 1 | Comparison of Holocene mean temperatures of months above freezing
(MAF) from lakes on the Tibetan Plateau. The three columns represent three
different global lacustrine brGDGT-MAF calibrations: Bayesian calibration
(BayMBT; a, b)’, subset-specific brGDGT calibration (c, d)*, and random forest
calibration (RF; e, f)'". The top row (a, c, e) illustrates reconstructions from lakes
above 3600 m a.s.l., while the bottom row (b, d, f) shows lakes below 3600 m a.s.l.
Temperatures are adjusted to 3600 m a.s.l. using a lapse rate correction of 6 °C/km.
Meteorological data from Lhasa (3600 m a.s.l.) indicate an MAF of 10.0 °C from

1981 to 2020. The right-side ridgeline plots (g, h) display temperature anomalies,
calculated as the deviation of reconstructed temperatures from the averaged MAF
for each lake, highlighting Holocene temperature variation among the different
calibrations (BayMBT: blue; subset-specific: orange; RF: red). The numbers on the
ridgeline plots represent the altitudes of the lakes. Lake abbreviations: Cuogia lake
(CQ), Tiancai lake (TC), Bangong Co (BGC), Ngamring Co (NG), Tengchong-
qinghai lake (TCQH), Lugu lake (LG), Qinghai lake (QH), and Gahai lake (GH).
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Fig. 2 | Analysis of lake surface sediments from
Tibetan Plateau. a Map of 38 lake surface samples

(a) Map
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examined in this study (see Supplementary data for
more details on the lakes); b Application of the
Gaussian Mixture Model (GMM) clustering algo-
rithm on isomer ratio (IR) and the degree of
methylation (MBT’5y,) data from Tibetan surface
sediments, resulting in the identification of two
distinct clusters. Kernel density plots illustrate the
relationship between MBT’5,. and IR ratio for the
sediments, with cluster 1 in blue and cluster 2 in red.
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trained to examine the relationship between MBT’5y;, and IR indices. The
GMM algorithm is an unsupervised learning method that clusters data
based solely on brGDGT indices, without incorporating any environmental
factors. This approach can yield a more accurate and unbiased classification
of the data”. We identified two clusters indicating distinct biases in
brGDGT-temperature reconstruction, each correlated with specific bac-
terial communities (i.e., haloalkaliphilic and freshwater). Therefore, we
named this cluster model the brGDGT-GMM  bacterial assem-
blages’estimator (brGMM-BAE). The brGMM-BAE model also accurately
predicts the distribution patterns of bacterial assemblages in global modern
surface sediments (1 = 415), showing results that are consistent with lake
environmental conditions. Finally, we apply the brGMM-BAE model to
eight Holocene sediment cores from the Tibetan Plateau and find that the
large discrepancies in temperature reconstruction over the past 12,000 years
originate from shifts in bacterial assemblages due to changes in lake salinity
and pH. Overall, our research introduces a novel and holistic study
approach integrating advanced machine learning with brGDGTs and DNA
analysis. This allows us to gain deeper insights into the environmental
factors driving changes in brGDGT profiles, achieve a more precise inter-
pretation of brGDGT temperature reconstruction, and enhance the accu-
racy of paleotemperature reconstruction.

Results

BrGDGT occurrence in lake sediments clusters with distinct
bacterial communities

We performed brGDGT data analysis on 38 lake surface sediments from
the Tibetan Plateau (Fig. 2a) to investigate the distribution of IR and MBT
'sme using Gaussian mixture model (GMM) algorithm. The GMM identi-
fied two distinct clusters (Fig. 2b). Cluster 1 is characterized by higher MBT
'sme (0.3-0.7) and IR values (0.6-1.0), with a positive correlation between
MBT’s5p and IR. In contrast, the indices in cluster 2 are only marginally
positively correlated due to the large spread of IR values (0.4-0.7).

To reconstruct the mean temperatures of MAF, we applied three of the
most used global lacustrine calibrations: RF calibration'’/, Bayesian MAF
calibration (BayMBT)’, and subset-specific brGDGT calibration®. They all
showed discrepancies between reconstructed and observed temperatures.
We chose the RF calibration to reconstruct brGDGT-based temperature in
lake sediments in this study because it resulted in smaller temperature offset
between reconstruction and observation (AMAF) than the others (Sup-
plementary Fig. 1). We observed that brGDGT-based MAF is overestimated
in both clusters identified by the GMM, but with distinct differences
between them. The warm bias is larger in cluster 1 with AMAF values
ranging from 3.8 to 9.6 °C. The estimated bias of cluster 2 predominantly
ranges from —2.4 to 5.2 °C. On average, cluster 1 overestimated the tem-
perature by 2.7 + 0.7 °C compared to cluster 2. The bias was calculated as the
median difference in reconstructed temperature bias (AMAF) between the
two clusters, with uncertainty (+0.7 °C) represented as the standard error
(SE) of the median (Fig. 2¢).

Bacterial DNA data support brGDGT clusters

We then integrated DNA analysis to assess bacterial community compo-
sition from all 38 lakes and its contribution to brGDGT profiles (Fig. 3).
Comparing the 50 most abundant taxa at the family level in our two clusters
showed that some bacteria in cluster 1 were absent or much less abundant in
cluster 2. In particular, cluster 1 contained many bacteria known for their
tolerance of high salinity and alkaline environments, including Pro-
chlorococcaceae, ~ Synthrophomonadaceae, ~Saprospiraceae and  Spir-
ochaetaceae (Fig. 3). In some genomes we identified the presence of GDGT
synthase protein (tetraether synthase, Tes), a key enzyme in the biosynthesis
of archaeal isoGDGTs” and then further applied to the study of bacterial
brGDGTs". This finding supports the hypothesis that these organisms, as
potential brGDGT producers, could influence brGDGT profiles. The
model, trained on Tibetan lake surface sediments, successfully identified two
distinct bacterial communities and revealed the relationship between the IR
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Fig. 3 | Bacterial diversity and Tes homolog presence in surface sediments. The
top 50 most abundant bacterial species at the family level were identified in surface
sediments from the Tibetan Plateau. The two clusters were identified using the
brGMM-BAE model, based on the MBT’5y; and IR values of each sample. The
leftmost section of the figure employs a binary color scheme to denote the presence

60

(black) or absence (white) of Tes homolog genes within these taxa, providing
insights into the genetic traits and potential metabolic capabilities of the microbial
communities in these sediments. A color bar along the side labels each species by its
corresponding phylum. The heatmap shows the relative abundance of bacteria at the
family level.

and MBT’sy. indices. Consequently, we have named this trained GMM
model the brGDGT-GMM bacterial assemblages’ estimator (brGMM-
BAE) model.

Environmental variables and bacterial communities influence
brGDGT compositions

The distribution patterns of brGDGT compounds substantially differ
between our two clusters (Fig. 4a). Tetramethylated brGDGTs (Ia, Ib, and
Ic) are more abundant in cluster 1 (19%) than in cluster 2 (12%). Conversely,
hexamethylated brGDGTs (I1Ia, IIIb, Illc, [IIa’, ITIY, and IIIc’) are more

abundant in cluster 2 (48%) compared to cluster 1 (34%). Similarly,
5-methyl pentamethylated brGDGTs (IIa, IIb and Ilc) also show a higher
relative abundance in cluster 2 (18%) versus cluster 1 (11%). In contrast,
6-methyl pentamethylated brGDGTs (II’, IIb/, and II¢’) are more abundant
in cluster 1 (35%) than in cluster 2 (22%).

Furthermore, the two clusters behave differently in response to salinity,
pH, and dissolved oxygen levels at the bottom water of lakes (DOpottom)
(Fig. 4b). Cluster 1 shows preference for brackish to saline (1-133 g/L) and
alkaline (pH from 8 to 10) conditions, with DOpoom ranging widely from 1
to 10 mg/L. In contrast, cluster 2 shows a tendency for freshwater lakes with
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Fig. 4 | Profiles of brGDGTs, environmental

(a) Distribution of brGDGTs between clusters

variables, and modeling of biotic and abiotic
variables affecting brGDGT indices in lakes from
Tibetan Plateau. a The relative abundance of
brGDGT compounds across two clusters identified
in the Tibetan Plateau, with illustrations of brGDGT
simplified structures. b A boxplot of environmental
factors (salinity, pH, and dissolved oxygen of lake
bottom water (DOpqttom)) shows a significant
impact on the clusters. The comparison of corre-
sponding brGDGT compounds and environmental
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low salinity (around 0.2 g/L) and low alkalinity (pH from 7 to 9), and
dissolved oxygen levels around 5 mg/L.

To identify which environmental factors may influence brGDGT
indices MBT's). and IR, we employed a Structural Equation Model (SEM)
(Fig. 4c). We found that the MBT'sy, index is positively influenced by
changes in the bacterial community (standardized effect size: §=0.78,
P <0.001) and air temperature (8 =0.21, p < 0.1). While lake temperature,
salinity, and pH impact MBT’s). indirectly through their effects on the
bacterial community, both salinity (8 =0.41, p <0.05) and pH (8 =0.37,
P <0.05) have direct effects on the bacterial community, explaining 32% of
its variation. In contrast, the IR index is primarily influenced by the bacterial
community (f=0.78, p<0.001). Air temperature directly impacts lake
water temperature (8=0.56, p<0.001), which in turn affects salinity
negatively (8 = —0.44, p < 0.05).

Validating brGDGT clusters to global surface samples

We then applied our brGMM-BAE model to determine if similar patterns of
bacterial assemblages could be predicted in global lake surface sediments
based on MBT’sy;. and IR indices, which were used as input data for the
model. Using these indices, the model predicted whether the bacterial
communities were associated with haloalkaliphilic or freshwater

assemblages, and these predictions were then compared with measured
salinity and pH values of lakes for validation. Results were classified into
three categories: “both match” (both salinity and pH correctly predicted),
“partial match” (either salinity or pH correctly predicted), or “no match”
(both incorrectly predicted). Given the model’s capability to accurately
predict freshwater-low/neutral pH and saline-high pH environments, we
further examined cases where only one parameter matched. For instance, a
lake observed as freshwater-alkaline but predicted as a haloalkaliphilic
cluster is considered a partial match. We obtained a “both match” in ~59%
of the predictions, a “partial match” in 24%, and “no match” in only 17%
compared to the measured lake conditions (Fig. 5a). Specifically, for salinity,
the model correctly predicted freshwater and saline species with accuracies
of 66% and 80%, respectively (Fig. 5b). For pH, the accuracies were 60% for
acidic/neutral lakes and 74% for alkaline lakes (Fig. 5c¢).

The brGDGT-derived temperatures from global lake surface sedi-
ments using lacustrine RF calibration' indicate that the average AMAF
across the four types (freshwater, brackish/saline, acidic/neutral, alkaline
lakes) is approximately 0°C (Fig. 5d). However, for haloalkaline lakes,
temperatures reconstructed using brGDGTs show a large bias, with a
standard deviation of ~3.1°C (Fig. 5d). Additionally, the brGMM-BAE
model predicted that lakes with haloalkaliphilic bacterial assemblages also
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Fig. 5 | Global evidence of bacterial assemblages using the brGMM-BAE model
compared to observed environmental conditions. a The accuracy of predicted
microbial assemblages in relation to lake salinity and pH. Red dots (Both match):
both salinity and pH were correctly predicted; Yellow triangles (Partial match):
either salinity or pH was correctly predicted; Blue stars (No match): both were
incorrectly predicted; Light gray dots (NA): salinity/pH data were not available.
Confusion matrices provide a quantitative assessment of the model accuracy:
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predicted bacterial assemblages correlate with observed salinity levels. ¢ Confusion
matrix for bacterial clusters with observed pH, illustrating the alignment of predicted
assemblages with actual pH values in lake environments. Violin plots of temperature
bias, defined as the difference between brGDGT-derived temperature and observed
MAF, are analyzed for different types of lakes based on (d) observed lake conditions
and e predicted bacterial clusters from both matched and partially matched sites. In
the violin plots, black box plots are used to show the median and quartiles of
temperature bias.

have a large temperature bias compared to those with freshwater bacterial
assemblages, which have a standard deviation of ~2.9 °C (Fig. 5e).

We hypothesize that patterns predicted by modern brGDGT-based
bacterial assemblages can be used to infer changes in bacterial community
dynamics over time. To test this hypothesis, we extended our approach to
Holocene lacustrine brGDGT records from the Tibetan Plateau (Fig. 2a).
We analyzed brGDGTs from a Holocene lake sediment core (~11.6 ka)
collected from Bangong Co (BGC), along with previously published
paleorecords from other lakes in the Tibetan Plateau (n = 7; ~12 ka)™*'™*.
Throughout the Holocene, lakes NG, QH, and LG were concentrated in the
higher IR values, while lakes TCQH, GH, CQ, and TC were mainly found in
the lower IR values. During the early and middle Holocene, lake BGC was
primarily concentrated in the moderate IR values, whereas in the late
Holocene, lake BGC was concentrated in the higher IR values (Fig. 6).

We input the brGDGT indices MBT’5;. and IR from these cores into
the trained brGMM-BAE model to identify the different bacterial clusters in
each lake over time. Reconstructions of paleo-bacterial assemblages indi-
cated that lake QH was dominated by bacterial cluster 1 (haloalkaliphilic
type) throughout the Holocene, while lakes GH, CQ, LG, TC, and TCQH
were consistently dominated by cluster 2 akin to freshwater bacterial
assemblages (Figs. 6a, 7a). The reconstructed bacterial clusters from the
topmost sample of these lakes closely matched the current salinity condi-
tions (Fig. 6d). However, lake GH, which was incorrectly predicted to be a
freshwater lake with neutral to slightly acidic conditions, is actually char-
acterized by freshwater (salinity = 0.02 g/L) but with a high pH (pH = 9.3). It
is clearly shown that the bacterial cluster in GH during the early and late
Holocene shifted from a community similar to the slightly acidic TCQH
(modern pH = 5.8) to communities more akin to the neutral TC (modern
pH =7.5) and slightly alkaline BGC (modern pH = 8.2) (Fig. 6b, d).

The brGMM-BAE model reconstructed BGC was predominantly
inhabited by freshwater taxa (cluster 2) in the early and mid-Holocene,

shifting to more haloalkaliphilic taxa (cluster 1) in the late Holocene, and
reverting back to freshwater ones in modern times (Figs. 6, 7a). NG lake was
dominated by freshwater taxa (cluster 2) during the early and middle
Holocene but completely changed to haloalkaliphilic taxa (cluster 1) after
5ka (Figs. 6, 7a).

Constraining temperature on shifts in bacterial assemblages in
Holocene records
Substantial variations were observed in Holocene temperature reconstruc-
tions across eight lakes (Fig. 1). Lakes NG, BGC, and GH exhibited tem-
perature shifts up to ~9 °C contrast to the other five lakes, where changes
were ~2 °C (Fig. 1). These findings were corroborated by predictions from
the brGMM-BAE model, which highlighted significant shifts in bacterial
communities specifically in NG and BGC. For example, NG showed a
community shift from cluster 2 (freshwater type) in the middle Holocene to
cluster 1 (haloalkaliphilic type) in the late Holocene (Fig. 6¢, d), resulting ina
temperature rise of 4.3 °C (Fig. le). Similarly, BGC demonstrated a notable
community transition from cluster 2 (freshwater type) to cluster 1
(haloalkaliphilic type) ~1ka (Fig. 6a), coinciding with a temperature
increase from 7.5 °C to 13.7 °C (Fig. 1e). In the last century, GH transitioned
from conditions resembling the more acidic lake TCQH to those akin to the
more neutral and alkaline lakes TC and LG (Fig. 6d). Therefore, we assume
that this bacterial community shift correlates with the 8.4 °C temperature
rise observed in the last century (Fig. le). In contrast, the bacterial com-
munities in the other five lakes (QH, TC, CQ, LG, and TCQH) displayed
stability throughout the Holocene (Figs. 6, 7a), with temperature recon-
structions derived from brGDGTs showing consistent trends and magni-
tudes of change (Fig. 1).

Substantial temperature fluctuations in the paleorecords were found to
relate to shifts in bacterial assemblages, highlighting the need to account for
the influence of bacterial communities on temperature reconstructions.
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Fig. 6 | The relationship between MBT'sy;. and IR for eight lakes across different
periods of the Holocene from Tibetan Plateau. Each subplot represents a different
Holocene period: a Holocene (all periods), b Early Holocene (12-8.2 ka), ¢ Middle
Holocene (8.2-4.2 ka), and d Late Holocene (after 4.2 ka). The scatter plots use
specific colors and shapes to distinguish data points from different lakes: BGC (red,
cross), NG (purple, square), GH (brown, plus), CQ (green, diamond), QH (yellow,
circle), TCQH (gray, star), LG (light blue, triangle), and TC (black, asterisk). The

color of kernel density plots is based on predicted bacterial assemblages using the
brGMM-BAE model, with cluster 1 (haloalkaliphilic) in blue and cluster 2 (fresh-
water) in red. Numbers in (d) represent the corresponding ages (in BP) for lake GH,
illustrating the shift in taxa composition over time. This transition reflects a change
from bacterial communities associated with an acidic lake environment to those
indicative of more neutral to alkaline conditions during the past century. Modern pH
and salinity (g/L) values for each lake are provided in parentheses (pH; S).

Analysis of surface sediments from the Tibetan Plateau reveals that lakes
dominated by haloalkaliphilic bacterial assemblages consistently yielded
temperatures 2.7 + 0.7 °C higher than those from freshwater-dominated
lakes (Fig. 2c). While this temperature overestimation related to cluster
shifts can be quantified, the community effects driven solely by pH- or
salinity-induced changes remain difficult to quantify. Therefore, we applied
a 2.7 °C constraint to the reconstructed temperatures only of BGC and NG
lakes, which experienced cluster shifts during Holocene (Fig. 7a). Before
constrained, the reconstructed temperatures were 13.9 °C at the topmost
sample of NG (4304 m asl) and 10.9 °C at BGC (4224 m asl). By limiting the
bias from shifts in bacterial assemblages, the temperatures at both NG and
BGC were ~11 °C (Fig. 71, g). Both sites exhibit low temperatures during the
early Holocene. BGC shows temperature increases at ~8, 5, 3.5, 2, and 1 ka,
while NG primarily exhibits warming at around 5.5, 2, and 0.6 ka.

Discussion

Clustering of MBT'5c and IR indices reveals distinct temperature
reconstructions linked to bacterial communities

Our study identified two distinct clusters associated to brGDGT distribution
(based on the IR and MBT’5), indices) and bacterial community compo-
sition (based on the 16S rRNA genes) in lake surface sediments from the
Tibetan Plateau (Figs. 2, 3). Both clusters overestimated the reconstructed
modern temperatures, with cluster 1 yielding much warmer temperatures

compared to observed temperatures than cluster 2. This implies that the
distribution of brGDGT's may respond to factors other than air temperature,
such as bacterial community, salinity or pH, as has also been reported for
other saline lakes™".

Our results show that more haloalkaliphilic bacterial taxa were enri-
ched in cluster 1 (Fig. 3), suggesting that bacterial community composition
may play a role in causing the discrepancies observed in brGDGT-based
temperature reconstructions. Similarly, a study on soil brGDGT from
Tibetan Plateau has found that brGDGT distributions are influenced by
bacterial communities'. Also in marine sediments it was shown that bac-
terial communities exert a stronger influence on brGDGT compounds, with
members of Gemmatimonadetes, Planctomycetes, and Proteobacteria
identified as potential brGDGT producers®.

Further support for the relationship between brGDGTs and bacterial
communities is provided by the detection of tetraether synthase (Tes) gene
homologs in the genomes of bacteria identified in the lake surface sediments
(Fig. 3). The Tes enzyme, essential for the production of archaeal isoGDGT's
through the condensation of two archaeal molecules”, has been found in
various bacterial genomes, including in Acidobacteria, highlighting its role
in bacterial brGDGT biosynthesis™"*. Our results show that lakes in
cluster 1 contain more haloalkaliphilic bacteria, and within these bacteria,
we found the presence of the Tes gene (Fig. 3). This suggests that changes in
bacterial communities are related to the distinct patterns of the two clusters

Communications Earth & Environment| (2024)5:759


www.nature.com/commsenv

https://doi.org/10.1038/s43247-024-01925-3

Article

a o Cluster1 e Cluster2
© QH—® ©eeee omeme ¢ 060 00 @ 060 oo
o @ BGC 0000 0os0 0000
- O
%%’ NG (XYY Y}
€.Q GH —{60000 0000000000000 © 0 © 000000000 000
% % ca
3 & TCaH oo o °
o © LG
o
TC
32
b =
24 =
L >
16 s} ..é
83
n
0
G 60— C
= 0
T 4
3 &
IS
82 20
o
T 0
A. alpigena
d P. brevistriata 90 o] @
=)
60 gv
Z )
0 &§
O®
0 35
e P. brevistria
g 100 C.dubius
23
T~ 80
e
gg 60
=S 40
O%
-5 20
f —Raw  ——Constrained — 18 8
15 ‘2<L
12 s
9 O
O]
6 m
9
) 20 —Raw  —Constrained
o 15
<
= 10
V]
P4

Density
of samplilng
S
MAF stack (°C)

Age (ka)

Fig. 7 | Holocene records including reconstructed bacterial assemblages, envir-
onmental conditions, and reconstructed temperature in lakes from Tibetan
Plateau. a Reconstructed shifts in bacterial community clusters throughout the
Holocene, inferred from the brGMM-BAE model. Published lake salinity and pH
reconstructions employing other proxies: b QH lake, salinity reconstruction inferred
from Ostracod Strontium/Calcium ratio®'; ¢ BGC lake, salinity inferred from oli-
gosaline and mesosaline diatom species**'"', including Achnanthes affinis, Gyro-
sigma attenuatum, Navicula cincta, Navicula halophila, Navicula oblonga, and
Nitzschia amphibia; d Acidic and freshwater conditions inferred from diatom spe-
cies (Aulacoseira alpigena and Pseudostaurosira brevistriata) in TC lake®’; e LG lake
freshwater conditions during the Holocene, inferred from the freshwater diatom
species (Pseudostaurosira brevistriata and Cyclostephanos dubius)”. Holocene
temperature reconstruction (blue line), based on RF calibration from lakes (f) BGC
and (g) NG, with shaded area representing +2¢ uncertainty and temperature bias
constraints derived from shifts in bacterial assemblages (red line). h BrGDGT-
derived temperature stack based on RF calibration in lakes QH, TCQH, LG, TC, and
CQ, where bacterial communities remained consistent throughout the Holocene.
The gray shading bars highlight periods of temperature increase in the tempera-
ture stack.

predicted by the brGDGT indices from surface sediments. In addition, there
is growing evidence that the accuracy of brGDGT-based temperature
reconstruction is impacted by lake’s abiotic and biotic factors such as sali-
nity, pH, oxygen, and bacterial communities'>*"”*. These findings
emphasize the key contribution of bacterial community composition in
shaping specific brGDGT profiles and prompt us to further consider the
influence of environmental conditions, given bacteria’s rapid response to
environmental changes.

Understanding the interactions between environmental factors,
bacterial community composition, and brGDGT profiles

The SEM model quantified the relative influence of abiotic and biotic factors
on brGDGT indices (Fig. 4c). Air temperature is widely recognized as a
primary driver of MBT’sy;. index”>”. The SEM analysis showed that air
temperature not only affects MBT’ s, directly but also indirectly through its
influence on biotic components. Although we tested all variables in the SEM
which may influence bacteria community or brGDGT indices, lake tem-
perature did not exhibit a significantly direct effect on them. This could be
due to salinity and pH that are dominant roles over other environmental
factors in controlling both bacterial communities and brGDGT production.
The SEM results also highlight a direct positive relationship between air
temperature and lake surface water temperature, which in turn inversely
affects lake salinity. Since meltwater is the primary source of these lakes in
Tibetan Plateau, increased meltwater influx from rising temperatures
reduces salinity, countering the traditional salinity increase from evapora-
tion at high temperatures.

Furthermore, the SEM model demonstrates that salinity and pH
impose selective pressure on the bacterial communities, with similar effects
observed at both regional®** and global scales™**. Increased salinity and pH
result in high relative abundance of haloalkaliphilic bacteria, such as
members of the Bacteroidetes and Gammaproteobacteria phyla™ and the
families Paracoccaceae, Saprospiraceae, and Spirochaetaceae™*. Our results
are consistent with the other observations from Chinese lakes, which found
that salinity and pH are crucial factors in both water and sediments,
influencing bacterial diversity and community structure’”*.

Significant differences between the two clusters in our samples were
also found regarding the dissolved oxygen in lake bottom water (Fig. 4b).
Our results revealed a phenomenon similar to that observed in culture
experiments, where oxygen limitation can trigger the production of
brGDGTs"". However, the SEM analysis did not show a significantly direct
impact of dissolved oxygen on the bacterial communities or brGDGT
indices. Instead, a direct correlation was identified between dissolved oxygen
and salinity, which can be attributed to stratification driven primarily by
salinity gradients in this region. This salinity-induced stratification leads to a
decrease in dissolved oxygen at the bottom water of lake™, suggesting that
salinity gradients are the dominant driver influencing the ecological
dynamics of lakes at mid-latitude. Therefore, the relationship between lake
microbial communities and brGDGTs is more complex in lakes than
observed in culture.

Our findings further indicate that changes in bacterial communities in
response to lake salinity and pH, correlate with MBT’5y, indices and IR
values. This correlation with microbial trait distributions supports and
extends previous studies”, confirming that salinity and pH are critical
factors controlling brGDGT distributions. A recent study of soil samples in
the Okavango Delta found that all brGDGT concentrations increased with
decreasing pH, and 5-methyl brGDGTs increased faster than 6-methyl
brGDGTs in arid soils due to aridity-driven soil chemistry changes®. Taken
together, these results highlight the crucial role of abiotic environmental
factors, such as temperature, salinity, and pH, in shaping bacterial com-
munities and, consequently, the brGDGT compounds they produce.

Inferring spatial and temporal ecological changes of bacterial
assemblages using brGDGTs

The estimated bacterial assemblages based on the MBT's). and IR indices
from global surface sediments suggest spatial variations in lake salinity and
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pH (Fig. 5a). Although the brGMM-BAE model shows strong potential in
capturing spatial patterns of bacterial assemblages globally, it was primarily
trained on data from lakes on the Tibetan Plateau. However, its accuracy
could be further improved by incorporating more microbiological data from
lakes across globally diverse environmental and ecological conditions. This
is emphasized by the finding that around 24% of the sites showed partial
matches, suggesting that some lakes may exhibit characteristics of either
halophilic-acidic or freshwater-alkaline conditions. These partial matches
highlight the intricate complexity and ecological diversity of lacustrine
environments™”’, which complicate the relationship between brGDGT
indices and bacterial communities.

Over temporal scales, we observed changes in bacterial assemblages
within lakes in the Tibetan Plateau, allowing us to reconstruct variations in
bacterial communities across various lakes during the Holocene period.
Lake QH was dominated by haloalkaliphilic bacterial assemblages, aligning
with the salinity reconstruction inferred from the Sr/Ca ratios of fossil
ostracods (Fig. 7b)"'. Lakes TC and LG are characterized by freshwater
bacterial assemblage (cluster 2) during the Holocene, which are consistent
with freshwater diatom species also identified (Fig. 7d, €)*>*.

Contrary to these stable conditions, lakes BGC and NG experienced
significant shifts from freshwater to brackish conditions during the Holo-
cene, which was reflected by the changes in bacterial communities derived
from different brGDGT clusters (Fig. 7a). These transitions are supported
by saline diatom assemblages from lake BGC* (Fig. 7c) and current che-
mical properties measurements—0.5 g/L salinity and pH 8.2 in BGC* and
5 g/L salinity and pH 9.5 in NG*. The topmost sample from lake BGC was
reconstructed as freshwater, indicating that the lake is undergoing a tran-
sition from haloalkaline to freshwater conditions. Significant changes in the
bacterial communities of the two lakes may be attributed to variations in lake
conditions, shifting from freshwater conditions to haloalkaline conditions.
It has been found that increases in salinity from freshwater habitats lead to
more significant shifts in bacterial community composition compared to
changes in habitats already characterized by high salinity’". Our results show
strong correlations between bacterial assemblages and brGDGTs, revealing
specific transitions in microbial communities that correspond with changes
in freshwater and haloalkaline conditions. Modern spatial investigation of
lakes across the Tibetan Plateau has similarly shown microbial communities
adapting to changes in salinity™”. These results highlight the adaptive cap-
abilities of bacteria to their surroundings and emphasize the need to
improve our understanding of the temporal dynamics that drive microbial
adaptation to a changing environment.

A potential limitation in reconstructing past bacterial communities
from sediment cores is the influence of active bacterial cells on ancient
signals, potentially leading to overprinting®. Previous study has shown that
lacustrine samples contain phosphohexose brGDGTs—a post-depositional
source of brGDGTs that can persist in sediments for millennia®’. This raises
the possibility that in situ GDGT production in deeply buried sediments
may be linked to the cell membranes of active prokaryotes, a process that
cannot be entirely ruled out and could complicate the interpretation of
paleoenvironmental signals”*’. In our study, we compared brGDGT-
reconstructed bacterial assemblages with measured salinity and pH values
across various spatial and temporal scales. We found consistent correlations
between these environmental factors and the reconstructed microbial
communities. This alignment supports the interpretation that the bacterial
assemblages likely reflect past environmental conditions, though the
potential influence of in situ microbial activity remains a consideration.

Linking microbial ecology to Holocene temperature
reconstruction

The largest Holocene temperature fluctuations based on brGDGT data
originated from lakes NG, BGC, and GH (Fig. 1). It has been found that
temperature reconstructions based on soil brGDGTs in high-altitude
regions (>3000m) tend to overestimate temperatures’. To investigate
whether the large variations in reconstructed temperatures result from the
altitude amplification effect, we compared temperatures at similar altitudes.

For instance, a total temperature variation of 8.7 + 2.1 °C was found in BGC
at 4224 m throughout the Holocene, while other lakes at nearly the same
altitudes, such as TC (3898 m) and CQ (3960 m), exhibit much smaller
temperature changes of 4.2 £ 0.7 °C and 1.1 £ 0.2 °C, respectively (Fig. 1).
Even though the lakes are at similar altitudes, their temperature changes are
not the same. This suggests that the altitude amplification effect is unlikely to
be the primary factor causing the observed site-specific discrepancies in
reconstructed temperatures.

The reconstructed bacterial assemblages could explain the large
brGDGT-based temperature fluctuations in lakes during the Holocene.
Both BGC and NG exhibited pronounced species changes in response to
salinity and pH shifts, leading to reconstructed temperature variations that
were markedly greater than those reconstructed in other lakes (Figs. 1, 6).
Despite the reconstruction of a single freshwater bacterial assemblage
(cluster 2) in lake GH, large pH variations were still observed (Fig. 6d). This
suggests that another bacterial assemblage, possibly a freshwater-alkaliphilic
group, may have been present in the lake during the early and late Holocene
(Fig. 6). The lake level reconstructed from grain sizes in the same core of lake
GH reveals significant fluctuations throughout the Holocene®. Lake GH
had particularly lower levels during the early and late Holocene compared to
higher levels in the middle Holocene®, likely contributing to changes in pH
levels. It has been found that pH plays a critical role in freshwater lakes,
determining the interplay between niche-related processes and influencing
bacterial communities”.

Constraining the temperature based on shifts in bacterial assemblages
reduced the site-specific discrepancy of reconstructed temperatures in these
two lakes (Fig. 7f, g). Compared with the temperature stack from lakes with a
single bacterial assemblage (Fig. 7h), the NG and BGC lakes exhibited
greater variation than the stack. BGC had a thermal maximum during the
early Holocene around 8 ka, which also appeared in temperature stack. Most
reconstructions have shown that there was a warming period during Bronze
Age at around 3-4 ka, which was found also by summer temperature
reconstructed using alkenone from lake Sayram at the northeastern Tibetan
Plateau. It has been found that humans settled at high altitudes on the
northeastern Tibetan Plateau during this period (~3.6 ka)”'. Our tempera-
ture stack and newly reconstructed records provide further evidence that
favorable environmental conditions promoted expanded occupation of this
high-altitude plateau. Another warm interval was found in our recon-
structed temperature record around 1 ka, supported by pollen Artemisia/
Chenopodiaceae records indicating a warm and dry climate during this
period”. Additionally, diatom-based salinity records from BGC lake
(Fig. 7c)*, as well as ostracod-based (Fig. 7b)*" and alkenone %37:4>*
records in QH lake showed increased salinity, further supporting the
occurrence of higher evaporation caused by increased temperatures during
this period.

Previous studies on globally distributed lake surface sediments have
demonstrated substantial deviations in temperatures reconstructed from
brGDGTs in mid-latitude lakes™”, raising concerns about the accuracy of
lacustrine brGDGT's for quantitative temperature reconstructions in this
region. Our findings suggest that lacustrine brGDGTs from mid-latitude
lakes remain a valuable tool for reconstructing temperature. By constraining
the biases caused by changes in lake bacterial ecology, we can effectively
diagnose and constrain discrepancies in reconstructed temperatures, lead-
ing to a more accurate temperature record.

Perspectives of future lacustrine brGDGT reconstruction

Early efforts in brGDGT-temperature calibration primarily relied on
advanced statistical methods, ranging from linear regression”*” to more
sophisticated machine learning techniques'”"**, to better delineate the
relationship between brGDGT compounds and temperature. For instance,
loess reconstructions using global soil Bayesian neural network calibration
have demonstrated improved accuracy, particularly during cold periods
such as the Last Glacial Maximum?. However, these calibrations focus
primarily on the correlation between temperature and brGDGTs, while
overlooking other critical factors such as microbial community shifts and
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environmental changes. For example, brGDGT-derived temperatures from
Qinghai Lake were overestimated by as much as 10 °C during the early to
mid-Holocene, likely due to changes in lake environments caused by shifts
in brGDGT producers adapting to environmental variations’.

To address these biases and improve the accuracy of lacustrine
brGDGT-based temperature reconstructions, we recommend using the
brGMM-BAE model, which is driven by the MBT’sy;. and IR indices, to
assess shifts in bacterial communities throughout the reconstruction time-
scale. This model helps identify bacterial community shifts from freshwater
to haloalkaliphilic assemblages, which influence temperature reconstruc-
tions. To mitigate this bias, we recommend applying a 2.7 + 0.7 °C correc-
tion to the reconstructed temperatures during transition from freshwater to
haloalkaliphilic assemblages. It should be noted that this method is limited
by its focus on species shifts between haloalkaliphilic and freshwater
assemblages, and we are still unable to isolate the specific community effects
driven solely by salinity or pH on brGDGT-based reconstructions. Future
research should not only focus on developing advanced statistical calibra-
tions but also integrating ecological insights to refine the accuracy of
paleoclimate reconstructions. Combining these ecological insights with AI-
enhanced calibration offers a powerful approach to capturing the complex
interactions between environmental variables and brGDGT distributions,
significantly improving temperature reconstructions across diverse
ecosystems.

Materials and methods

Surface sediments and temperature reconstructions from Tibe-
tan Plateau and global sites

We collected 38 lake surface sediment samples in the Tibetan Plateau
(longitude 63°-105°E and latitude 20°-45°N), each lake containing relative
abundances of brGDGTs, limnological data, and DNA dataset (Supple-
mentary data)*>**””. Temperature reconstruction for these lake surface
sediment samples was conducted using three calibrations: RF calibration”,
Bayesian MAF (BayMBT) calibration’, and full-set MAF calibration’.

To verify whether the pattern we discovered on the Tibetan Plateau is
also present globally, we collected a total of 965 surface lake sediment
brGDGT datasets from published papers spanning from 2017 to 2024
(Supplementary data)®!'-1*!6!1723264350765 " However, only 415 of these
included both salinity (or conductivity) and pH data, so we used this dataset
for global validation. Conductivity (uS/cm) was converted to salinity (g/L)
using an empirical formula by multiplying it by 0.00065. We used a salinity
threshold of 0.2 g/L to differentiate between brackish/saline and freshwater
lakes”, and a pH threshold of 8 to classify lakes as acidic/neutral or alkaline.

Regional Holocene temperature compilation

We spatially focused on Holocene records from the Tibetan Plateau, which
were derived from this study and previously published studies. The lakes
were carefully selected based on several criteria, including: 1) they were
alpine lakes situated on the Tibetan Plateau, 2) the records from these lakes
were analyzed both 5-methyl and 6-methyl brGDGTs, and 3) these records
were continuous throughout the Holocene. Among the lakes that met these
criteria, we analyzed eight of them: Bangong Co (BGC, this study), Cuogqia
Lake (CQ)*, Gahai Lake (GH)", Lugu Lake (LG)*, Ngamring Co (NG)*,
Qinghai Lake (QH)’, Tengchongginghai Lake (TCQH)* and Tiancai Lake
(TC)*. Geographical and limnological data for these eight lakes are pro-
vided in Supplementary Table 1. The chronology of BGC was based on
studies of the same core™ ", while the chronology of the other seven lakes
was based on published papers"~*. These records were reanalyzed using the
same global random forest calibration” to reconstruct Holocene
temperatures.

To create the temperature stack used in this study, we re-ran the Bacon
age model for these lakes. To ensure robust comparison and synthesis, we
integrated the uncertainties from the age-depth models to interpolate
reconstructed temperature values at regular 100-year intervals. Using a
Monte Carlo framework, we sampled age and temperature values from their
respective distributions for each sample, accounting for a wide range of

possible scenarios. We then calculated the density of these scenarios for each
100-year time slice, to estimate climate reconstructions with associated
uncertainties. Finally, we employed curve stacking to enhance the signal-to-
noise ratio and reduce uncertainties from individual records”. The tem-
perature stack was adjusted to the average altitude of 3600 m using an
assumed constant lapse rate of 6 °C/km. Lhasa, a city in Tibet (3600 m a.s.1.),
with a meteorological MAF of 10.0 °C (average from 1981 to 2020)" is used
as the reference point.

Lipid extraction and analyses
Approximately 5-6 g of freeze-dried sediments from BGC were ultra-
sonically extracted for 15 min three times with dichloromethane (DCM):
methanol (MeOH; 9:1, v/v) to obtain a total lipid extract (TLE). The TLE
was separated over an Al,O; column, employing n-hexane:DCM (9:1, v/v)
and DCM:MeOH (1:1, v/v) as eluents for isolating nonpolar and polar
fractions, respectively. The polar fraction, containing lipid GDGTs, was
filtered using a 0.45 um PTEE filter prior to analysis using high-performance
liquid chromatography atmospheric pressure chemical ionization-mass
spectrometry (HPLC-APCI-MS), according to previously published
methods”. BrGDGTs were separated over three silica columns in sequence
(100 x 2.1 mm, 1.9 um; Thermo Fisher Scientific, USA) with a flow rate of
0.2 ml/min. For each sample, 10 pl was injected. The mobile phase consisted
of 84% n-hexane and 16% ethyl acetate. The chromatography of separation
was compared with two columns according to ref. 23 and provided in the
Supplementary Fig. 5. Detection was performed in selected ion monitoring
(SIM) mode via [M + H]* at m/z 744 for the internal standard, and 1050,
1048, 1046, 1036, 1034, 1032, 1022, 1020,1018 for brGDGTs. Peaks were
identified manually, and peak areas were integrated manually.

The methylation index of branched tetraethers was developed
(MBT‘SMe)zz:

Ian+1b+Ic

MBT.,, =
SMe ™ g+ Ib + Ic + Ha + IIb + IIc + Illa

)

The ratio of 6- over 5-methyl brGDGT's was initially proposed as IRgpe
ratio”, which was later simplified as IR™:

R — IIa' + I11a'
" IHla+ lla + Il + IIId

)

Bioinformatics analyses

The taxonomic assignment was performed using the SILVA database
(version 132 NR) and extract Operational Taxonomic Unit (OTUs) with
>97% similarity™. To eliminate the influence of rare OTU in the analysis, we
focused on the OTUs that were detected in at least two lakes and with a
relative abundance above 0.01%. Approximately a total of 8000 OTUs were
selected in each lake and used for further analysis.

BLASTP searches for tetraether synthase (Tes) homologs were con-
ducted in the NCBI’s non-redundant protein sequences (nr) database using
the Tes (MA_1486) sequence of Methanosarcina acetivorans C2A as the
search query and default parameters"’. BLASTP was performed against the
top 50 species we identified (e-value < le — 50, identity >20%, length >400
aa). The findings are presented in Fig. 3.

Statistic methods

GMM clustering, which is an unsupervised learning method capable of
clustering without providing environmental factors other than brGDGT
indices, was used to discover the distinct patterns in lake surface sediments
from the Tibetan Plateau. The GMM accounts for the probabilistic dis-
tribution of the dataset by modeling the data as a combination of multiple
Gaussian distributions, thereby capturing the data characteristics more
effectively”. This property is especially suitable for nonlinear data dis-
tributions. GMM clustering method has been successfully employed in
identifying thermal behaviors of archaeal glycerol dialkyl glycerol
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tetraethers”. We used the GaussianMixture() function from the Scikit-learn
package in Python to perform the GMM analysis®. The GMM process
iteratively estimates multiple Gaussian distributions to model the joint
distribution of IR and MBT’5 indices, ensuring the best fit to the data. We
assessed GMMs by testing cluster counts varying from 2 to 10. For each
model, the Bayesian Information Criterion (BIC) and the silhouette score
were computed to evaluate clustering quality. The optimal clustering dis-
tinctness, indicated by the highest silhouette score and the lowest BIC value,
was observed at two components (Supplementary Fig. 2). Therefore, we
selected to divide these lakes into two clusters based on the GMM clustering
result for further analysis.

The non-parametric Kruskal-Wallis test was used to determine whe-
ther environmental variables and relative abundance of brGDGT com-
pounds had significantly different distributions between the two clusters.
We conducted a Kruskal-Wallis test on data from 38 lakes using the krus-
kal.test() function from the stats package in R. This test is recommended
when predictor variables are not normally distributed or are spatially
autocorrelated.

The structural equation model (SEM) analysis employed a piecewise
SEM” to assess the direct and indirect influences of environmental factors
and bacterial community on the brGDGT indices (MBT’5y. and IR). SEMs
require the definition of a priori model that specifies the directionality of
potential relationships between variables. Air temperature and lake envir-
onmental variables were considered as exogenous variables, as they directly
influence both bacterial communities and brGDGT indices, with bacterial
communities also acting as an intermediary that affects brGDGT indices.
We initially characterized the environment with 15 variables, including
depth, Secchi depth (SD), pH, salinity, surface water DO (DOupper), bottom
water DO (DOpgtom)» averaged lake water column DO (DO,yerqge)> Surface
water Chlorophyll a (chl agf,ce), bottom water Chlorophyll a (chl apotiom)
averaged water Chlorophyll a (chl a,yerage), lake surface water temperature
(LST), lake bottom water temperature (LBT), averaged lake water tem-
perature (LMT), mean annual air temperature (MAT), and mean tem-
peratures of months with temperatures above 0 °C (MAF). To minimize
collinearity, we reduced these to seven statistically independent variables
using a pairwise correlation matrix (Supplementary Fig. 3). Further, we also
evaluated these variables using the Kruskal-Wallis test, selecting those with
significant differences for inclusion in our model. The environmental
variables MAF, LST, salinity, pH, and DOpom Were thus included in our
SEM model.

We employed linear discriminant analysis (LDA) to reduce the
dimensionality of our bacterial dataset, which included the 50 most abun-
dant bacterial species at the family level, and represented changes in the
bacterial communities (Supplementary Fig. 4). Unlike principal component
analysis (PCA), which identifies linear combinations of input variables that
best explain the variance in the data without considering cluster labels, LDA
explicitly uses these cluster labels to model and highlight differences
between groups. This approach has been previously used to evaluate the
relationship between environmental factors and bacterial community
structure”™. Our classifications were derived from GMM model, which
grouped the species into two distinct clusters that reflect variations in bac-
terial community compositions. The LDA scores, calculated using the Ida()
function from the MASS package in R, facilitated a quantitative comparison
of the community structures between the two distinct bacterial groups”.

Finally, we utilized the gls() (Generalized Least Squares) function
within the piecewiseSEM package in R'” on strictly filtered data to establish
SEM model. Our SEM model was developed with a series of structured
equations, specified through linear modeling functions in R, enabling them
to handle non-normal distributions, hierarchical structures, and a variety of
estimation procedures. The lacustrine brGDGT indices were potentially
affected by air temperature, lake water temperature, DOpotom> PH, salinity,
and bacterial communities. For the bacterial communities, we assumed a
potential causal effect of DOpoytoms PH, and salinity. The goodness-of-fit
tests for both the full and component models included calculating Akaike’s
information criterion (AIC) scores, returning scaled parameter estimates,

plotting partial correlations, and generating predictions. We evaluated
model fit using Fisher’s C and AIC statistic, which assesses all directed
separation tests. The model also aided in identifying missing paths, leading
to a more exploratory approach due to the absence of prior hypotheses for
these paths. AIC-based model selection confirmed that our model, con-
sidering specific environmental factors and bacterial community, provided
the best prediction of the mechanism of how these variables influence
brGDGT indices.

Data availability
The dataset collected and compiled in this study is available in the Figshare
repository: https://doi.org/10.6084/m9.figshare.26521102.v1.

Code availability

The code used for this manuscript is available in the following GitHub
repository: https://github.com/jieliangbio/brGMM_BAE. For users unfa-
miliar with Python, we also provide a graphical user interface (GUI) for the
brGMM-BAE model in the Figshare repository, enabling predictions
without the need to install or run Python code: https://doi.org/10.6084/m9.
figshare.27643836.v1.
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