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Soil organic carbon (SOC) is the largest carbon pool in terrestrial ecosystems and
plays a crucial role in mitigating climate change and enhancing soil productivity.
Microbial-derived carbon (MDC) is the main component of the persistent SOC pool.
However, current formulas used to estimate the proportional contribution of MDC
are plagued by uncertainties due to limited sample sizes and the neglect of bacterial
group composition effects. Here, we compiled the comprehensive global dataset and
employed machine learning approaches to refine our quantitative understanding of
MDC contributions to total carbon storage. Our efforts resulted in a reduction in the
relative standard errors in prevailing estimations by an average of 71% and minimized
the effect of global variations in bacterial group compositions on estimating MDC.
Our estimation indicates that MDC contributes approximately 758 Pg, representing
approximately 40% of the global soil carbon stock. Our study updated the formulas of
MDC estimation with improving the accuracy and preserving simplicity and practicality.
Given the unique biochemistry and functioning of the MDC pool, our study has direct
implications for modeling efforts and predicting the land—atmosphere carbon balance
under current and future climate scenarios.

soil carbon cycle | microbial derived carbon | methodology

Soil organic carbon (SOC) is the largest carbon pool in terrestrial ecosystems (1), storing
more carbon than vegetation and the atmosphere combined (2, 3). Given its pivotal role
in mitigating climate change and preserving soil fertility, it is imperative to understand the
intricate mechanisms underlying SOC formation and stabilization (4). Historically, it was
believed that most carbon inputs to soil were directly derived from plants (5-7). However,
over the past decade, a new understanding has emerged that easily degradable carbon inputs
undergo a series of microbial transformations of both catabolism and anabolism (8, 9). Cell
debris binds to minerals and stabilizes in soil, forming what is known as microbial-derived
carbon (MDC) (3, 5-7, 10). Compared with plant-derived SOC, MDC has a more resistant
chemical structure (11, 12) and a greater affinity for minerals and metal oxides (13, 14),
making it an important component of the persistent SOC pool (10, 15). A quantitative
assessment of MDC (16, 17) and its contribution to SOC is fundamental to understanding
SOC stabilization mechanisms (10), with critical implications for predicting terrestrial
carbon storage under current and future climate change scenarios (17, 18).

Amino sugar analysis has emerged as the most prevalent and widely accepted method for
estimating MDC concentrations in soils (10, 15, 19, 20), with the potential for upscaling
standardized in situ measurements to global scales (15, 20, 21). Amino sugars are important
biomarkers in microbial cell walls (17) that persist and accumulate in soil after cell lysis (15).
Different amino sugars are associated with specific microbial groups (10), allowing for the
estimation of bacterial- and fungal-derived carbon (BDC and FDC) concentrations by mul-
tiplying the concentrations of muramic acid (MurA) and fungal-derived glucosamine (GlcN)
in soils (10, 22), respectively, by conversion factors (23). It is generally accepted that the
conversion factors for bacteria and fungi are 45 and 9, respectively (S Appendix, Supporting
Information Text 1). However, there remain considerable uncertaintes (SIAppendix,
Supporting Information Text 2 for details) (15, 19, 24, 25). In brief, the limited number of
observations of key parameters used to calculate conversion factors introduces inherent uncer-
tainty. More importantly, neglecting global variations in bacterial group composition can also
contribute to uncertainties in the estimation of the conversion factors. Constant conversion
factors in current formulas were major sources of uncertainty in MDC estimation. Moreover,
other factors such as the number and presentiveness of amino sugar samples, climatic, vege-
tation, and edaphic factors, etc., can also introduce uncertainty. Thus, in addition to updating
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the conversion factors, we also need to leverage artificial intelligence
technology to explore potential contributing factors and reduce the
uncertainty of MDC estimation. Addressing these uncertainties is
central to our ability to estimate the contributions of MDC to global
SOC pool and better understand next-generation SOC studies.

To address the uncertainties in conversion factors and improve
MDC quantification, we employed machine learning techniques
to refine the formula based on a global data collection. This refine-
ment reduced the uncertainty resulting from sample size and bac-
terial group composition effects, while preserving the simplicity
and feasibility of the formula. Based on this, we estimated the
concentration, contribution, and stock of global MDC. By
addressing the uncertainty in global MDC estimates, our study
provides critical information for modeling and predicting the
atmosphere—soil C cycle under climate change.

Results and Discussion

Determination of Amino Sugar Concentrations in Bacterial and
Fungal Strains. To address the limitations of previous formulas and
reduce uncertainty, we calculated the mean MurA concentrations of
the Gram-positive (GP) and Gram-negative (GN) bacterial strains
using our expanded dataset (S/ Appendix, Appendix 1). The results
indicated that the mean MurA concentrations of the GP and GN
strains were 24.1 mg g’1 [95% confidence interval (CI): 21.9 to 26.3,
relative standard error (RSE) = 4.7%] and 3.3 mg g1 (95% CI: 3.0
t0 3.7, RSE = 5.4%), respectively (Fig. 14). Notably, our estimated
mean MurA concentration in the GP strains was significantly
greater than that reported for the commonly used formula (23)
(P<0.05, S Appendix, Fig. S1). This discrepancy may be attributed
to the inclusion of several high MurA-containing GP strains (e.g.,
Gaffkeya, Aerococcus, etc.) that were not part of the previous limited
dataset (23) (S Appendix, Table S1). Furthermore, our results
showed that the mean MurA concentration of Actinobacteria (28.4
mg g, 95% CI: 24.5 to 32.7) was significantly greater than that
of Firmicutes (20.9 mg gfl, 95% CI: 18.8 to 23.3, Fig. 1A4). This
suggests that when calculating the mean MurA concentration of
bacteria, it is necessary to consider the concentration and weight
of Firmicutes and Actinobacteria separately, as we did for GP and

We calculated the bacterial conversion factor by dividing the
mean carbon content of the bacterial biomass [~460 mg C g-! dry
cell weight (26)] by the mean MurA concentration of the bacterial
strains as follows (see details in SIAppendix, Supporting
Information Text 1):

Bacterial conversion factor
_ 460 (1]
T 209X a+284xb+33x(1—a-b)

where 2 and & represent the proportions of the Firmicutes and
Actinobacteria phyla in the soil bacterial community, respectively.
The method employed to determine the fungal conversion fac-
tor followed a similar strategy to that used for bacteria. Our find-
ings revealed that the mean GIcN concentration of fungal strains
was 42.7 mg g (95% CI: 40.3 to 45.2, RSE = 2.9%, Fig. 14).
Since soil GleN is not solely derived from fungi (15, 27), the
conventional method for estimating fungal-derived GIcN con-
centrations involves subtracting the bacterial GIcN concentration
from the total GIcN concentration in soil (10, 15, 27). The former
was estimated by assuming a molar ratio of 2 (95% CI: 1.32 to
3.05, RSE = 22.1%) for GIcN to MurA in bacterial cells, estimated
from only eight observations in previous formulas (27). Here, we
collected data on the molar ratios of GIcN to MurA from 352
bacterial strains (87 Appendix, Appendix 4). There were no signif-
icant differences in the molar ratios of Firmicutes, Actinobacteria,
or GN bacteria (P> 0.05 in ANOVA), and the mean molar ratio
of the bacterial cells was 1.63 (95% CI: 1.61 to 1.76, RSE = 2.3%,
Fig. 1B). Therefore, the formula for estimating the FDC is as
follows (details in S Appendix, Supporting Information Text 1):

460
Fungal 7 tor = —— = 10.8,
ungal conversion factor 7

Fungal necromass C

_ GleN —1.63x MurA
179.17 251.23

)><179.17><10.8

GN in the estimation. = (GleN — 1.16 X MurA) x 10.8, [2]
A 120 B
’7* n =700 4l n =352
90 n =288
- n =208 e <
o o =} 3
o L
£ g 3
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Fig. 1. Muramic acid (MurA) concentrations in bacterial strains, glucosamine (GIcN) concentrations in fungal strains (A), and the molar ratio of GIcN to MurA in
bacteria (B). GP and GN bacteria refer to Gram-positive and Gram-negative bacteria, respectively. The red points represent the mean values, with the box limits
indicating the upper and lower quartiles and whiskers extending to 1.5 times the interquartile ranges. The symbol * denotes a significant difference between
their averages since their 95% Cl do not overlap. Only bacteria possess muramic acid; hence, there are no fungi represented in panel B.
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where GleN and MurA are the concentrations of GleN and MurA
in the soil, respectively, and 179.17 and 251.23 are the relative
molecular masses of GIcN and MurA, respectively.

Determination of the Optimal Ratio of Bacterial Group Composi-
tion. To minimize the impact of global variations in bacterial
group composition on predicting BDC concentrations, we utilized
machine learning approaches to estimate the global distributions of
Firmicutes:GN (R*=0.82, S/ Appendix, Fig. S2A), Actinobacteria:GN
(R*=0.76, ST Appendix, Fig. S2B), MurA (R*=0.81, ST Appendix,
Fig. S3A4), and GIcN concentrations (R* = 0.94, SI Appendix,
Fig. S3B) in soils. Based on these global maps, we estimated the
global distributions of BDC concentrations using Eq. 1. Sliding
window analysis was employed (see Materials and Methods), and the
R* between the estimated BDC map and the predicted BDC maps
reached a maximum when the assumed Firmicutes:Actinobacteria: GN
ratio was 0.48:0.12:0.40 (Fig. 24). The results indicated that when
this assumed Firmicutes:Actinobacteria:GN ratio was used, the global
average error in the predicted BDC was 7.5%, and only 27% of the
area had a relatively large error (>10%) (SI Appendix, Fig. S4A). In
contrast, when using the current prevailing ratio (GP:GN = 0.65:0.35)
(23), the predicted BDC had an average error of 12.5% globally, and
more than 50% of the area had a large error (SI Appendix, Fig. S4B).
Furthermore, we found that the predicted values could explain 97.6%
and 99.9% of the global changes in BDC and MDC, respectively,

0.976
0.975
0.973

0.500

Actinobacteria(%)

29 28

4
Firmicutes(%)

assuming a Firmicutes:Actinobacteria:GN ratio of 0.48:0.12:0.40
(ST Appendix, Fig. S5). Therefore, we suggest replacing the current
prevailing ratio with a new ratio (0.48:0.12:0.40) to estimate the
bacterial conversion factor to improve confidence in estimating the
BDC concentration. Overall, the formula for estimating the BDC
is as follows:

Bacterial conversion factor
_ 460
20.9 x 0.478 + 28.4 x 0.119 + 3.3 x 0.403

=31.3,

Bacterial necromass C = MurA x 31.3. (3]

Albert Einstein once said, “Everything should be made as simple
as possible, but not simpler”. Although the constant bacterial
conversion factor (31.3) we reported here was shown to predict
the global distribution of BDC concentrations well, our growing
understanding of microbial biogeography (28, 29) highlights
the need to consider regional differences in conversion factors
in some cases. Therefore, we employed sliding window analysis
to determine the optimal bacterial conversion factor for each
specific ecosystem under each climate, ranging from 28.8 (tropical

wetland) to 34.2 (cold glacier) (S/ Appendix, Table S2). As such, for
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---------- /,’/ \\\\
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] 1
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GlcN -1.16 x MurA) x 10.8
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Fig. 2. Determination of formulas for bacterial- and fungal-derived carbon. (A) Determination of the optimal Firmicutes:Actinobacteria:GN ratio for minimizing the
impact of global variations in bacterial group composition on estimating bacterial-derived carbon. The data on the x-, y-, and z-axes are nonlinearly distributed.
Please refer to the Materials and Methods section for more detailed information. (B) The formulas for estimating bacterial- and fungal-derived carbon. MurA and

GlcN represent the concentrations of MurA and GlcN in the soil, respectively.
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Fig. 3. Global distributions of concentrations (A), contributions (B), and stocks (C) of microbial-derived carbon (MDC). The data in the histograms are presented
as the mean * the SE across climates (in red) and ecosystems (in blue). The purple dotted lines indicate the global mean. In panel B, the number in brackets
indicates the weighted mean contribution, while the number outside brackets indicates the arithmetic mean contribution. In panel C, numbers in columns
indicate the percentage of total global MDC stock (unit in percentage). All maps have a spatial resolution of 5 arcminutes (~10 km).

some studies, particularly those involving cross-climatic research,
we recommend using a variable bacterial conversion factor based
on the specific ecosystem and climate rather than relying solely
on a constant bacterial conversion factor (31.3).

It is important to note that there are still limitations in con-
verting soil amino sugar concentrations into MDC concentra-
tions. Certain peptidoglycans resist degradation, resulting in the
preservation of amino sugars within their intact cell wall (10, 30,
31). This preservation is supported by the consistent 1:1 ratio of
MurA to d-alanine found in bacterial peptidoglycan, although at
different positions than MurA (10, 31). Moreover, even within
the same bacterial strain, bacteria in substrate-limited soils may
exhibit higher MurA concentrations than those in nutrient-rich
soils due to the smaller cell sizes of starving soil bacteria (21). This
could lead to an overestimation of the bacterial conversion factor
in nutrient-poor soils, resulting in the contribution of MDC to
SOC exceeding 100% in these areas. Our analysis showed that

https://doi.org/10.1073/pnas.2401916121

the area with MDC contributions exceeding 100% accounted for
1.0% of the global area according to the previous formulas but
only 0.5% according to the revised formulas. This disparity indi-
cates that our study partially mitigates this constraint, yet addi-
tional investigation is warranted. Addressing these limitations
remains challenging.

Estimation of the Global MDC Stock. We estimated the global
distributions of MDC concentrations, contributions, and stocks
in topsoils (0 to 30 cm) and subsoils (30 to 100 cm) (ST Appendix,
Figs. S6-S8). Our findings indicated that the global mean
concentration of total MDC was 11.3 g kg'1 in topsoils, and
its contribution to SOC was 43.3% in topsoils, with bacteria
contributing 12.5% and fungi contributing 30.9%. In subsoils, the
mean concentration of total MDC was 5.5 g kg’1 on a global scale,
contributing 57.6% of the total SOC, with bacteria contributing
24.5% and fungi contributing 33.1%. We estimated the global

pnas.org
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total MDC stock to be approximately 758 Pg, with 311 Pg stored
in topsoils (67 Pg for bacteria and 244 Pg for fungi) and 447 Pg
stored in subsoils (130 Pg for bacteria and 317 Pg for fungi).

The contribution of MDC to SOC in tropical climates (55.2%)
was comparable to that in cold climates (54.2%). However, the
bulk of the MDC stocks remains predominantly in high-latitude
boreal regions due to the large SOC pool (Fig. 3). Our estimates
showed that the average MDC concentration was 12.2 mg g™ in
cold and polar climates, representing 490 Pg MDC or 65% of the
total global MDC stock (Fig. 3). This may be attributed to the slow
turnover of microbial biomass at low temperatures (32). It is impor-
tant to note that these regions store the most substantial amount
of MDC but are experiencing warming at rates faster than at lower
latitudes (33). As a consequence, the stored MDC is subject to
decomposition, potentially exerting considerable impacts on the
atmospheric carbon pool. Furthermore, the replenishment of MDC
stocks is projected to require a prolonged period, potentially span-
ning several decades or even longer (10, 15). The MDC loss in these
regions may have lasting effects on local ecosystems. Therefore,
accurately assessing the stocks of MDC is crucial for developing
effective policies and implementing measures to counteract the
challenges posed by climate change.

Taken together, we have refined the formula for quantifying
MDC concentrations. We estimated the MDC contributions
to SOC at an average of 50.5% globally and the global total
MDC stock at approximately 758 Pg. Our results not only
enhance the precision of MDC estimation but also preserve the
simplicity and practicality of the estimation formulas. This
advancement is crucial for several reasons. First, it enables more
accurate parameterization of next-generation microbial models,
which is essential for predicting SOC dynamics. Second, it con-
tributes to a deeper comprehension of the soil-atmosphere car-
bon cycle, offering insights that could help mitigate climate
change by promoting atmospheric CO, sequestration on land.
Moreover, the integration of Al techniques in our study demon-
strates their significant potential in the field of soil science. These
techniques have been instrumental in quantifying global pat-
terns of amino sugars and microbial group composition, show-
casing the vast applicability of Al in advancing our understanding
of soil ecosystems.

Materials and Methods

Compilation of the Global Database. To compile acomprehensive database, we
utilized the Web of Science (http://apps.webofknowledge.com), Google Scholar
(https://scholar.google.com), and the China National Knowledge Infrastructure
Database (http://www.cnki.net) to search for peer-reviewed articles published
before April 1, 2023. This process resulted in the collection of six datasets.

The first dataset included the MurA concentrations of various bacterial strains.
The search was conducted using the keywords "bacteria” and "muramic acid”. A
total of 358 bacterial strains, including 120 Firmicutes, 88 Actinobacteria, and
150 GN bacteria, were extracted from 57 articles. The MurA concentrations of
these strains are expressed in terms of cell dry weight. For bacterial strains for
which only MurA concentrations in cell walls were reported, we converted these
values to cell dry weight using a conversion factor of 0.465 (23). After calculating
the mean value, outliers were identified as data points falling outside 1.5 times
the interquartile range. Accordingly, four outliers for Actinobacteria, six outliers
for Firmicutes, and eight outliers for GN bacteria were removed from the box
plots. Please refer to S/ Appendix, Appendix 1 for further details on this dataset.

The second dataset included data on GIcN concentrations in fungal strains.
The search was conducted using the keywords "fungi” and "glucosamine or hex-
osamine”. Atotal of 700 fungal strains were collected from 123 articles, providing
their GlcN concentrations in terms of cell dry weight. For fungal strains in which
only GlcN concentrations in cell walls were reported, we converted these values

PNAS 2024 Vol.121 No.35 2401916121

to cell dry weight using a conversion factor of 0.2 (23). After calculating the mean
value, outliers were identified as data points falling outside 1.5 times the inter-
quartile range. Accordingly, ten outliers were removed from the box plot. Please
refer to SI Appendix, Appendix 1 for further details on this dataset.

The third and fourth datasets include data on MurA and GIcN concentrations in
soils on a global scale. These datasets were compiled from six previous meta-analyses
focusing on soil MurAand GleN concentrations (please refer to S/ Appendix, Appendix
2 for detailed information). To avoid duplication, the same articles from different
meta-analyses were included only once in our dataset. Additionally, data on environ-
mental variables were collected. In total, we gathered 1,604 and 1,636 observations
of MurA and GIcN concentrations in soils, respectively. Data on latitude, longitude,
elevation, mean annual air temperature (MAT), mean annual precipitation (MAP),
mean annual potential evaporation (PET), ecosystem type, SOC, soil total nitrogen
(TN), soil total phosphorus (TP), microbial biomass Cand N (MBC, MBN), pH, and soil
texture (clay, silt, and sand) were also collected. Please referto S| Appendix, Appendix
2 for detailed data.

The fifth dataset includes data on the Firmicutes:GN and Actinobacteria:GN
ratios in soil bacterial communities from various locations worldwide, including
our own experiments. The search was conducted using the keywords "bacteria,”
"ratio," and "Gram." To minimize publication bias, the data were screened based
on specific criteria. First, bacterial biomass was measured using phospholipid
fatty acids (PLFAs), and bacterial group identification followed the methods
of Joergensen (34). Second, the latitude and longitude of the soil collection
sites were reported. Third, laboratory-incubated soils were excluded unless the
blank treatment soil was used in the incubation experiments. Fourth, pot exper-
iments were not considered. Fifth, only undisturbed soils were included, and
sieved soil was excluded. Sixth, plant litter layers were not taken into account.
The data were extracted from the graphs using GetData software (v.2.22).
Additionally, our own data from cropland soils, comprising 414 observations,
were incorporated into this dataset. In total, the dataset comprises 3,063 and
2,066 observations of Firmicutes:GN and Actinobacteria:GN ratios, respectively,
from different global locations. Please refer to S/ Appendix, Appendix 3 for
detailed information on the dataset. The PLFA approach enables the differen-
tiation of bacteria into Gram-positive (GP) and Gram-negative (GN) categories,
with further capability to distinguish GP bacteria into specific groups such as
Firmicutes and Actinobacteria (34). Importantly, these bacterial groups can
be identified using the conventional PLFA method without necessitating any
extra experiments. This means that our refined estimation formulas preserve
the simplicity of the original models, ensuring their continued applicability
and ease of use in future studies.

The sixth dataset includes data on the molar ratio of GIcN to MurAin bacterial
strains. The search was conducted using the keywords "bacteria” and "muramic
acid." The molar ratios of a total of 353 bacterial strains, comprising 216 GP, 124
GN, and 12 unidentified strains, were collected from 115 articles. For those bacte-
rial strains for which only the MurAand GlcN concentrations in the cell dry weight
or cell walls were reported, we calculated their molar ratios based on their relative
molecular masses (179.17 for MurA and 251.23 for GlcN). After calculating the
mean value, outliers were identified as data points falling outside 1.5 times the
interquartile range. Accordingly, thirty outliers were removed from the box plot.
Please refer to S/ Appendix, Appendix 4 for further details on this dataset.
Furthermore, for some observations in the third, fourth, and fifth datasets, the
environmental variables were not reported in the text. To address this issue, miss-
ing data were filled in using the following global databases:

e The SOC, TN, TP, pH, and soil texture were obtained from the gridded Global
Soil Dataset at a 0.083° spatial resolution. (http://globalchange.bnu.edu.cn/
research/soilw).

e MBC and MBN were obtained from the Oak Ridge National Laboratory
Distributed Active Archive Center (https://daac.ornl.gov/cgi-bin/dsviewer.
pl?ds_id=1264).

* PET data were obtained from the CGIAR Data Science Academy (https://cgiarcsi.
community/data/global-aridity-and-pet-database).

Prediction of the Global distributions. To minimize the effect of global differ-
ences in bacterial group composition on the estimation of BDC, we used machine
learning to map the global distributions of Firmicutes:GN, Actinobacteria:GN,
MurA, and GlcN concentrations in soils. The proposed machine leaming approach
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consists of four steps, namely, data preprocessing, model pool construction,
hyperparameter optimization, and model training and selection, which are
introduced as follows.

Data preprocessing. The tasks of predicting the global distributions are tab-
ular regression tasks, where the four labels to be predicted (i.e., the output of
a machine learning model) are In(Firmicutes:GN) (logarithmic form for better
prediction), In(Actinobacteria:GN), MurA, and GlcN. These tasks have 19 variables
(also known as features, i.e., the input of a machine learning model), including 13
soil variables (SOC, TN, TP, SOC/TN, SOC/TP, TN/TP, MBC, MBN, MBC/MBN, pH, clay,
silt, sand), 3 climatic variables (MAT, MAP, PET), elevation, latitude, and ecosystem
type.Among these variables, only "ecosystem type” is categorical. We handled it
by using a widely adopted technique called one-hot encoding, which transforms
each category value into a 0-1 vector, thereby enhancing the model's predictive
performance. For each task, we randomly split the data into a training setand a
test set (70%:30%).

Model pool construction. We built a pool of machine learning models that
included as many representative models as possible. Currently, regression
methods are primarily divided into two categories: classical models and deep
neural network models (35). Within classical models, tree ensemble methods
have achieved impressive results in a series of practical applications and com-
petitions (e.g., KDD Cup and Kaggle competitions) (36). Hence, we selected six
representative tree ensemble methods, including Random Forest (37), extreme
gradient boosting model-XGBoost (38), light gradient boosting machine model-
LightGBM (39), category gradient boosting decision trees model-CatBoost (40),
Deep Forest (41), and Auto-Sklearn (42). We also selected the classical model,
multilayer perceptron-MLP, which is the basis of neural networks. For deep neu-
ral networks, we used three models, convolutional neural networks-CNN (43),
ResNet (44), and feature tokenizer Transformer-FT-Transformer (45), which have
different network structures.

Hyperparameter optimization. The hyperparameters of machine learning mod-
els significantly impact their performance; thus, their optimization is necessary. We
used an advanced hyperparameter optimization algorithm, Bayesian optimization
(46), in this work. Bayesian optimization is a sample-efficient approach for expen-
sive black-box optimization (with applications including hyperparameter tuning,
experimental design, and protein design) that approximates the objective function
by a Gaussian process surrogate model and then selects the most valuable point
for evaluation by optimizing an acquisition function based on the posterior of the
surrogate model. It can utilize all historical evaluation information about the objective
function and has the ability to automatically decide where to explore the search space
and where to prune. Recent works have shown that Bayesian optimization is efficient
for hyperparameter optimization[e.g., tuning the hyperparameters of AlphaGo (47)
and tuning the Swiss Free Electron Laser (48)] and has won many machine leaming
hyperparameter tuning competitions (49). Thus, in this work, the hyperparameters of
amachine learning model are tuned by the popular Bayesian optimization module
Optuna, where the search space is the space of all hyperparameter configurations
of the machine learning model, and the objective function is defined as the mean
squared error (MSE) of a fivefold cross-validation to be minimized. The experimental
resultsin S/ Appendix, Table S3 also show that Bayesian optimization is more suitable
than grid search for our task.

Model training and selection. After the model hyperparameters are deter-
mined, we select a good model for each task. To mitigate the impact of training
randomness, we repeated the training processes of each model multiple times
(e.g., five times in our experiments) and conducted a statistical significance test
to compare these trained models, as shown in S/ Appendix, Table S4. Specifically,
on each task, a t-test with a confidence level of 0.05 is performed between the
best-performing model (i.e., having the highest R? and the lowest MSE) and each
other model, and those models that are almost equivalent (i.e., have no significant
difference) to the best-performing model are selected as good candidate models.
If a good candidate model is unique, we select it directly as the final model. If
there are multiple good models whose performance has no significant difference,
we further perform explainable model analysis by Kernel SHAP (which can esti-
mate the importance of each feature for the prediction) (50) and finally make an
integrated decision based on model performance and feature importance with
knowledge and experience in soil science.

The results in S/ Appendix, Table S4 show that ResNet is significantly better than
allthe other models on the In(Firm:GN) task, and the FT-Transformer is significantly
better than all the other models on the GlcN task. Thus, ResNet and FT-Transformer
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are selected as the final models for these two tasks. However, there are models that
are almost equivalent to the best-performing model on the tasks In(Act:GN) and
MurA, and model selection relies on explainable model analysis. For the In(Act:GN)
task, ResNet and FT-Transformer are two good candidate models (S/ Appendix,
Table S4) that recognize feature elevation and soil pH as the mostimportant, respec-
tively, as shown in S/Appendix, Fig. S9A. Because the bacterial group composition is
more likely to be influenced by soil pH than by elevation based on the knowledge
and experience in soil science, the FT-Transformer was chosen for the task In(Act:GN).
For the MurA task, CatBoost, Deep Forest, and FT-Transformer are three good can-
didate models (S/ Appendix, Table S4). Because soil nutrients (for example, TN, TP
and their stoichiometry) are generally considered to be the environmental factors
closely linked to amino sugars, the Deep Forest model was chosen for the task MurA,
which recognizes the N:P (ratio of TN to TP), TN, and TP as the three most important
factors according to Kernel SHAP, as shown in S/ Appendix, Fig. S9C.

Detailed information on the above four steps is provided in S/ Appendix,
Supporting Information Text 3. The results showed that the most suitable models
for predicting the global distributions of In(Firmicutes:GN), In(Actinobacteria:GN),
MurA, and GlcN were ResNet, FT-Transformer, Deep Forest, and FT-Transformer,
respectively. All mapping was performed using ArcGIS. We also provided the
code, Python libraries, and installation guidelines in S/ Appendix, Supporting
File to make our results easier to reproduce and to make our approach easier
to apply to other prediction tasks in scientific research. Please see S/ Appendix,
Supporting Information Texts 4 and 5 for the systematic difference verification
and reproducibility, respectively.

Determination of the Optimal Ratio. First, we transformed the global dis-
tributions of Firmicutes:GN and Actinobacteria:GN into those of the bacterial
conversion factor (based on Eq. 1). We multiplied the global distribution of the
bacterial conversion factor with that of the soil MurA concentration in the form of
araster to estimate the global distribution of BDC (hereafter referred to as Map A).
Second, we assumed a Firmicutes:Actinobacteria:GN ratio and input this assumed
ratio into Eq. 1, resulting in a constant value for the bacterial conversion factorat a
global scale. We multiplied the global distribution of the soil MurA concentration
by the constant bacterial conversion factor in the form of a raster to obtain the
global distribution of the assumed BDC (hereafter referred to as Map B). Third, we
divided the global Firmicutes:GN map by the global Actinobacteria:GN map in the
form of a raster to obtain a global Firmicutes:Actinobacteria map. Based on the
mean MurA concentrations of Firmicutes (20.9 mg g'1)and Actinobacteria (28.4
mg g~ ), we transformed the global map of Actinobacteria:GN into that of the
weighted average MurA concentrations of GP bacteria. Then, we assumed a GP:GN
ratio and entered this assumed ratio into the equation in S/ Appendix, Supporting
Information Text 1 to obtain a global distribution of the bacterial conversion factor.
We multiplied the global distribution of the soil MurA concentration by that of the
bacterial conversion factor in the form of a raster to obtain the global distribution
of the assumed BDC (hereafter referred to as Map C).

In brief, the data on Map A were calculated based on the results of machine
learning (Real data), while the data on Maps B and C were calculated based
on the assumed Firmicutes:Actinobacteria:GN ratio (Assumed data). As the
assumed Firmicutes:Actinobacteria:GN ratio changed, the global distributions
of Maps B and C changed, resulting in varying R? values between Maps A
and B and between Maps Aand C. When the product of these two R? ratios is
maximized, the assumed Firmicutes:Actinobacteria:GN ratio represents the
optimal ratio that can minimize the effect of global differences in bacterial
group composition on the estimation of the BDC. Sliding window analy-
sis was employed to determine the optimal Firmicutes:Actinobacteria:GN
ratio (step length = 0.01). The results showed that when the assumed
Firmicutes:Actinobacteria:GN ratio was 0.441:0.152:0.407, the R? (that is,
the R? in the z-axis in Fig. 24) was maximized.

Estimation of Carbon Stocks. The carbon stock can be estimated as follows (51):

C concentration < SIT x BD x 100 — sand’

1,000 100

where C stock is the carbon stock (unitin kg m~2), C concentration is the carbon
concentration (unitin g kg”), SLTis the soil layer thickness (unitin m), BD is the
bulk density (unit in kg m®), and sand is the volumetric fraction of sand in soils
(unitin percent).

C stock =
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Data, Materials, and Software Availability. All study data and code are
included in the article and/or supporting information.
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