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Abstract

Dissolved organic carbon (DOC) constitutesis the most active carbon pool in soils;which and plays critical roles in

soil carbon cycling, plant productivity, and global climate change. An-aAccuratelye assessment-assessing soil DOC

of the-quantity ef DOC-in-the-soil-is essential to forthe-detailed-elucidateion-of ecosystem functions and services.

However,Nevertheless, the—global driving factors and the spatial distribution of soil DOC remain poorly

inadeguately-quantified, largely due to limitedthe-seareity—of large-scale data. Here, we compile a comprehensive

global database of

soil DOC concentrations, encompassing 12,807 observations extracted from 975 scientific publications published

between 1984 and 2020. We also record Bdetailed geographic locations, climatic variablese, and soil properties were

also—recorded-as predictors-ef-sol-BOC. Machine learning techniques_were employed, including 10-fold cross-

validation and evaluating model performance by R-squared and root-mean-square error,were—employed to assess

predict the relative importance of various predictors in-the-determination-ofand the global distribution of soil DOC

. Fhe-wWorldwide soil DOC

concentrations spanned-a-wide range-{ranged from 0.04 to 7859 mg kg™, averaging 222.78 mg kg ™. The 12 selected
predictors, variables—{including soil properties, month, climate, and ecosystem}-, explained 65_percent% of the

variance in soil DOC concentrations. Among these predictors, Elevationelevation, soil clay, and soil organic carbon

were three-of-the most influentialimpertantpredicters. Using these findings, a global map of predicted soil DOC

concentrations was produced at a 0.05°by 0.05<resolution. Global soil DOC concentrations generally increased

from the equator to the poles—, and Fhe-seH-DOC-stocks-in-the topsoil layer (0-30 cm) holdedameunted-to 12.17 Pg

of soil DOC, with substantial significant—variations ebserved—across different—continents. These results are

nstrumentalfor-informinged strategies-on-soil management practices strategies, ecosystem services_evaluations, and

the-mitigation-of-climate change_mitigation efforts. Furthermore, ex+we envisioned integrating our database-can-be

combined with other carbon pools to advance understanding ofexplere-the total soil carbon turnover and to refine

constrain——Earth systemearben models. The dataset is publicly available at

https://doi.org/10.6084/m9.figshare.26379898 (Ren and Cai, 2024).
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1. Introduction

With global changes over the last few decades, terrestrial ecosystems, which serve as the fundamental safeguard for
biodiversity and function as a carbon sink—en—Earth, have becomeare—beceming increasingly vital inteward
mitigating global climate warming_(Lee et al., 2023). Cumulatively, soil carbon pools constitute the largest carbon
reservoirs ef-in terrestrial ecosystems, containingwhich-are three to four times more carbongreater than that-ef-the
ambient atmospheric carbon pool (Lal, 2004; Zhou et al., 2024a). Even minor fluctuations in soil carbon can have
significantly impaets-affect on biogeochemical cycles and the global C balance. Dissolved organic carbon (DOC),
which-composedeensists of simple organic acids and complex macromolecular substances, is recognized as the most
active carbon pool in the-soil. Currently, the portion of organic carbon that is water-soluble and ean-able to pass filter
through a 0.45 pm microporous filter membrane is referred to as DOC_(Gmach et al., 2019; Guo et al., 2020).
Although soil DOC typically accounts for enby-<less than 2% of the soil carbon pool, it provides a substantial source
of carbon and energy for soil microorganisms, while playing a key role in soil carbon sequestration, transport, and
stabilization mechanisms (Nakhavali et al., 2021; Ren et al., 2024). The lateral transport of DOC is crucial for
linking terrestrial and aquatic ecosystems and plays-a-key-rele-in-the-for evaluatingion-of- terrestrial carbon budgets
(Fichot et al., 2023). Thus, an accurate assessment of soil DOC concentrations is vital, given-due-te its unique
properties—and, roles, andgiven—ts broad variability, whichtiens—that can span up to three orders of magnitude
(Nakhavali et al., 2021; Ren et al., 2024). Despite the-significant variations in soil DOC concentrations, their global
distribution has not yet been systematically quantified. Bridging this knowledge gap is essential for more accurately

representations ofdepicting the carbon cycle in Earth system models.

Fhe—sSoil DOC concentration depends on the dynamic balance between its—sources (e.g., leachates from
decomposing plant litter, ptant-root secretions, and microbial decomposition products) and losses (migration and
microbial decomposition). Therefere;-aAny factors that altersaffeet this dynamic-balance would-also influences-the
soil DOC concentrations. Extensive research has shown that demenstrated—that-the-soil DOC concentration is
affected bythe-eutcome-of climate, vegetation type, as-wel-asand soil properties (Fichotetal ;2023 Ren-et-al;2024-

Smreczak-& Ukalska-Jaruga,—2021)—(Fichot et al., 2023; Ren et al., 2024; Smreczak and Ukalska-Jaruga, 2021),
Each-each faetorplaysing a distinct role in shaping set-DOC dynamics. For example, the-climate, which-isoften

characterized by the-annual mean temperature and precipitation, is typicalhy-recognized as a primary driving-driver
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factor-that-influeneces-theof soil DOC concentrations_(Lenborg et al., 2020). Temperature and precipitation directly

influence soil DOC concentrations—through effects onby—affecting microbial activitiesactivity, organic matter

decomposition rates, its—solubility, and mobility, and indirectly shapemedulate DOC dynamics by
influencingmaniptiating vegetation growth and soil structures_(Ren et al., 2023). Fhe-type-of-\Vegetation type
affectsimpacets soil DOC primarily by alteringeenecentrations—mainhy-by—affecting the input-quantity and quality of

organic matter_inputs (Zhao et al., 2022). Together, climate and vegetation types profoundly affecthave-profound

effects on-soil biological, chemical, and physical properties, allwhich-are closely interconnected-with the ereation

formation and decomposition of soil DOC_(Cotrufo and Lavallee, 2022). Some studies have reported large temporal

variations in soil DOC concentrations at certain field sites (Ding et al., 2022; Zhao et al., 2022), with significantly

higher DOC concentrations in summer _and autumn than in winter and spring. Seasonal effects on soil DOC

concentrations are closely associated with factors such as precipitation, soil moisture, and substrate availability (Ren

et al., 2023). In warmer seasons, soil DOC production can increase due to active organic matter decomposition,

driven by higher microbial activity, as well as greater DOC contributions from root exudation during periods of

more active plant photosynthesis. Although¥he relationships between soil DOC concentrations and environmental

factors have been observed atrevealed-based-on local and regional scales—Hewever—t, the relative importance of

environmental-these factors at the that-predict-seil-DOC-concentrations—on-a-global scale remains unclear.is-stilt
lacking; This lack of understanding hinderswhich—impedes the development of effective strategies for the

rmanagement-of-soil carbon management and mitigation-of-climate change mitigation.

Accurate mapping of the-soil DOC is essential for addressing pressing global challenges, including climate
warming, food security, and eutrophication in aquatic systems (Guo et al., 2020; Langeveld et al., 2020). To the best
of our knowledge, there—are—few global maps of the spatial distribution of soil DOC exist (Guo et al., 2020;
Langeveld et al., 2020). However, these maps have-are subject to considerable uncertainties due to the-limited data

employed-, restrictive factor selections, and the-low interpretation rates. Firstly, the global soil DOC maps produced

by Guo et al. (2020)_and Langeveld et al. (2020)_rely on relatively few observational data points (2890 and 762 pairs,

respectively). thereThere is a lack of valid observational data for Africa, South America, Eastern Europe, and

Central Asia. Second, when assessing the global distribution of soil DOC concentrations, Guo et al. (2020)_and

Langeveld et al. (2020)_have not considered the impact of seasonal changes, even though soil DOC concentrations

can vary substantially with shift of season. Third, topsoil DOC concentrations were treated as constant value by Guo
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et al. (2020)_and Langeveld et al. (2020), overlooking the dynamic nature of soil DOC, which decrease with

increasing depth. In reality, soil DOC concentrations are higher in surface soils (0-10 cm) and decline with depth,

exhibiting a clear vertical gradient. SecendlyFinally, Gue-Guo et al. (2020) and Langeveld et al. (2020)_have

explained only about one-third31% of the variations in the-soil DOC-using—tinear—regression—eguations—while
Langeveld-Langeveld-etal{(2020)-explained-onhy-36% by using multivariate linear equations. Recent advancements
inth—eontrast-to—tinear—regression; machine learning has been—enabled researchers to extensively—applyied such

techniques in-research-due-tobecause of theirits capacities to automate feature extraction, handle large datasets, and
identifyrecognize complex patterns, ultimately which—offerings significant advantages in terms—ef—predictive
accuracy and adaptive learning.

To advance our knowledge of global soil DOCaddress-these-chalenges, we developed a globaleemprehensive
database of glebal-soil DOC concentrations, comprising 12,807 samples from 975 published studies. Utitizing-Using

Random Forest algorithms, we quantified the relative importance of environmental factors; and further-predicted the
soil DOC concentrations on a global scale. The special-specific aims of this study were: (1) to determine‘What-are
the global patterns of soil DOC concentrations?2-, (2) to identify’/hat-are the primary factors that-controlling soil

DOC concentrations on a global scale?—(3), and to estmate-Hew-large-is total global soil DOC storage?-.

2. Material and method

2.1 Data sources and processing

We searched for publications up to December 2022Publication-searchfor-this-study-was-performed using Google

Scholar (https://scholar.google.com), the Web of Science (http://apps.webofknowledge.com), and the China

Knowledge Resource Integrated Database (http://www.cnki.net/) using the following search terms: (dissolved
organic carbon OR dissolved organic matter OR "DOC" OR "DOM") AND-and soil, up to December 2022. The
specific-data flow through the selectiondifferent phases for-the-selected-papers-is shown in Fig. S1. To ensure a
standardized and bias-minimally biasedized dataset, we applied the following inclusion criteria were-applied:.First,
we—4)_included only-B_data must-be-from terrestrial ecosystems_(-—excluding oceans and rivers) to maintain

consistency in environmental factors and ecological interactions:. Second, we used-{2} Qonly the-topsoil fayerdata

(0-30 cm) were-usedto ensure data representativeness and quantity. Third, we recorded:—3} Bduplicate results from

different articles were—recerded—only once_to avoid overrepresentation of certain research groups or locations.;
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Finally,~4) we included Seis-included-agricultural soils that-were-affected by human activities such asthreugh

tilling and fertilization-ete; but excluded did-net-cover-industrial and urban soils_to avoid complexity introduced by

industrial and urban settings. VWe extracted Pdata presented solely in figures were—extracted-using the digitizer

function of Origin 2019-seftware. Before extracting the target data, we employed the Isolation Forest method for

anomaly detection. The algorithm constructs random binary trees, where anomalies are typically isolated more

rapidly, while normal points require more splitting steps.

Based on these criteria, we compiled a total of 12,807 DOC observations ef-sei-DOC-were-compiled-from 975

publications. We also collectedAdditional data onineluded-specifics—ef-the experimental sites (longitude, latitude,

and altitude), climatic—cenditionse (mean annual temperature [MAT]MAT and mean annual precipitation
[MAPTMARY), biomes (e-g-—wetland~—, forest-—, shrubland-—, tundra>—, grassland-—, and cropland) and soil
physical-and-chemical-properties (e-g—soil organic carbon, texture, and pH) (Table 1). These environmental factors
are used as predictors. When these-environmental factors were not reported inmissing-within-the original publication,
the missing data were extracted from the-grid datasets according to the geographic coordinates of each observed site

(Table S1). We extracted elevation, MAT, and MAP data from WorldClim Version 2 (https://www.worldclim.com/),

biome data from NASA's Socioeconomic Data and Applications Center (https://sedac.ciesin.columbia.edu), soil

properties from OpenLandMap version 2.0.0 (https://openlandmap.org), and microbial biomass carbon data from the

open database of figshare (https://doi.org/10.6084/m9.figshare.19556419). There is a significant linear relationship

between the measured values and the corresponding extracted values (Fig. S2). Overall, Fourhis study sites spanned

a wide range of latitudes (—64.81<to 78.85<) and longitudes (—-159.66°to 175.95< (Table 1)), Fhis-database
encompasseding a large gradient-of-climate gradientregimes; with MAT from —11.16 to 28.00°C and MAP from 30
to 4200 mm.

2.2 Data standardization
Ia-For our database, the DOC concentrations were quantified using a mix of physical and chemical techniques.

Physical methods included soil solution collection using lysimeters or ceramic suction. Chemical methods employed
various solvents like distilled water, potassium chloride (KCI), or potassium sulfate (K,SO,) as described by Li et al.
(2018). Over 74.32% of the DOC was determined using chemical techniques, which highlighted their reliability. For
consistency, the DOC values derived from physical approaches was converted to chemical method values using the

following equation:
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DOCii = (DOCoiution?V<1000)/W>{1/(V>(1-W) xBD>1000000)] (1)
where, DOC,,; represents soil DOC concentration determined by chemical methods (mg g); DOCggution i the
concentration measured by physical methods (mg L™); W denotes the volumetric soil moisture (m3m'¥; V is the
volume of the soil column for solution extraction (m3; and BD is the soil bulk density (g cm™$ The factor 1000
converts m3o L, and 1,000,000 converts m3o cm3¥ollowing theprotecel-established by Guo (Guo, Z. et al., 2020).

This standardization allowed for a consistent comparison and analysis of the DOC data across various studies.

2.3 Predictive modeling
The driving factors of soil DOC concentrations were divided into four categories—. climate, ecosystem, soil

properties, and temporal variationebservation-time}. Fhe-sSoil properties included physical attributes (clay, sand,

bulk density, and depth), chemical attributes (SOC, pH), and a biological attributes (microbial biomass carbon)

attributes. Fhe-Temporal variationebservation-time was represented by month. Climate referred-tocomprised MAT,

MAP, and elevation. Ecosystems encompassed wetland, forest, shrubland, tundra, grassland, and cropland. In our

predictive models, correlated predictors may-could substitute for each other, causingsueh-that their importance wit

to be shared;- and thus potentially underestimatedwhich-results-inan-estimated-importance-that-isless-than-the-true

value. Consequently, we excludedthe soil total nitrogen, silt, and the aridity index because were-notincluded-as-they

were correlated with the-soil organic carbon, sand, and MAP, respectively (Fig. S2S3). Further, we did not include

some variables because they were netincluded-due-to-rarely report in the target papers.

To develop and optimize a predictive model for soil DOC, we employed an array of regression methods—was
empleyed, which encompassed three linear and four nonlinear approaches (Table S2). The linear-+regression methods
included a least absolute shrinkage and selection operator (LEAPS), elastic net (ENET), and standard linear
modeling (LM) to identify the most important predictor variables-in-a—+regression-medel, while minimizing therisk
of—overfitting. The nonlinear regression—methods included the random forest (RF) algorithm, boosted tree
(BOOSTED), bagged tree (Bagged), and cubist (CUBIST) models. Each model was-had eguipped—with-intrinsic
feature selection processes, and wewsas fine-tuned them to improve accuracy and control complexity. During the
optimization phase, various actions were implemented;-. LEAPS models were educated to accommodate the highest

largest numbereeunt of variables. We applied penaltiesFe-diseiptine-the-modelsthe-penalty for feature condensation

(diminishing the role of less impactful variables in the resultant linear formula) varied—between 0 and 0.1,

incremented by 0.01, to discipline the models. RF medels-growth was restrictedeapped at a maximum of 1,000 trees;
7
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and limited the number ofmedels predictors were—restricted—to a-one-third of the pessible-maximum_possible,

ensuring a balance between complexity and manageability. BOOSTED models underwent training with 10 to 100a

trees, eountranging—from—ten—to—ahundred,—where—each having between ltree-had-a—noderange—of-one to 7

nodesseven. WeThey incorporated-a shrinkage rates of either-0.01 or 0.1, withand a maximum tree size oflimit-sette

five_b—optimizing—the—modelslearning—process. For CUBIST model, we explored —utilized—a—seguence—of

neighboring values from 1 to 9 with-in increments of 2_and varied;-alengside community sizes fromspanning 1 to

100, te-refininge-its predictive accuracy. In every instance, the models were evaluated using Monte Carlo cross-
validation-which-rvehed with 100 iterations, employingef-dataresamphing-with ana 8670/20-15/15 split between
training-and, validation, and testing setsdatasets (Fig. 2b and Fig. S6);-ensuring—-an-accurate-estimation-of-model
uneertainty—and-safeguarding—against-over-fitting. The root mean square error and R=2values were calculated to

evaluate model accuracy and residual variance, which served as criteria for ranking model performance (Table S2).

A 10-fold cross-validation method was used to evaluate model performance. A flowchart for model selection process

was shown in Fig. Sb.

To evaluate the impaets-effects of independent variables on the-soil DOC, a variable importance analysis was
conducted using permutation variable importance measurements-(Fig—2}. This analysis was performed stilizing-with
the variable importance tool integrated into the R packages for the RF model that exhibited the highest accuracy-and
predictive quality. In essence, this method assessed prediction errors within the model by calculating mean square
errors for each regression tree. The models’* variable importance scores assessed the influence of predictor variables
on the outcomes. For enhanced comparability of all model inputs, the independent environmental variables were

scaled to a 0-to—100% range_to; facilitate comparisons ofreflecting their proportional contribution to the model's

predictions.
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Partial dependence analyses were employed to examinetest the relationships between-the predicted soil DOC and

independent variables across theirthe entire value ranges-spectrum-ofpotential-values-considered in the RF model

{Fig—3). These analyses allowed us to isolate the effects of specific independent variables by removing the influence

of the others. Partial dependence plots offered insights into the average marginal effects of one or more independent

variables on model predictions.H-€

e- For instance, partial
dependence-these plots ean—could reveal expoese-whether relationships werethe—connection—between—a—predicted
variable—and—an—independent—centrels linear, monotonic, or more complex. By examiningFhe curvature and

inflection points, we could identify o

an-independent-variable exerts-exerted a-hetably-strong-and, immediate effects or where their influences were more

subtle and possibly mediated by other variablesen-theforecasted-outcome. Additionaty—it-can-indicate-where-the

facilitate-the-interpretation-of-the-partial-dependenceplots;We reported the x-axis for-as athe standardized value, was

reported;—which-ensuringed a clear progression from low to high values-in-al-eurves. When we generated partial

dependence with RF, several uncertainties arose. The high model complexity sometimes slowed predictions,

especially with many trees. The limited interpretability of the RF models could complicate understanding partial

dependence. Sensitivity to noise potentially led to overfitting and reduced accuracy. Variable importance

measurements could also be biased by varying feature scales or categories, potentially skewing interpretations of

feature-outcome relationships.

2.4 Global soil DOC mapping

The global distribution of the-soil DOC and the relative uncertainties of our predictions were generated {(Figs—4-S5)-

TFhese—maps—were—derived-by combining-utitizing our DOC dataset in—cenjunction—with the RF model, which

incorporated the—global climate, vegetation, and soil-rasterized datasets (Figs. 4, S5 and Table S1). We first

producedgenerated factor maps from the key input variables, focusing on the 12 distinct variables associated with

9
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each raster cell. Subsequently, the factor maps were employed to derive a spatially detailed global map of soil DOC.
To achieve Fer-global--scale mapping, we processed the driving factors were-initialy-processed-at a 0.05 “resolution
to calculate the-soil DOC values. Areas that did not meet the following criteria were excluded from our prediction:
(1) absence of data for any essential predictors, (2) soil order and biomes not aligning with the previously discussed
aggregated land use systems, or (3) locations in climate zones outside the scope of our model's focus. To evaluate
the—uncertainty associated—with—map—creation—due to data resampling and any—unexplained variability not
accountedunaceounted for by the independent variables, we analyzed finer-finer-resolution (5 km=f grids-in-regiens

where driving factors were availableaceessible at this detailed-level. This analysis clarifiedilluminated the overall

uncertainty inherent in our global soil DOC estimation. A-map-representing-therelative prediction-unecertainty-was

The corresponding map of relative uncertainty of prediction was built by displaying the standard deviation divided

by the mean prediction, based on our final random forest RF model. The standard deviation reflected the range of

possible predictions derived from the iterative build-up of decision trees after 500 model runs.

Soil DOC concentration varied significantly with temporal changes and soil depth (Fig. 2). Sampling time (month)

was used to represent seasonal variations in soil DOC concentration. Soil DOC concentration decreased with soil

depth and reached a turning point at approximately 10 cm (Fig. 2). Therefore, when extrapolating the RF model to

the entire globe, we used a month range from 1 to 12 and depths of 5 (0—10 cm) and 20 (10—-30 cm). From this, we

generated a total of 24 maps of global soil DOC concentration. We combined these 24 maps into a single map

representing the global distribution of soil DOC concentration based on soil depth. Finally, we calculated the global

soil DOC stock using the following equation applied to the combined map of global soil DOC concentration:

SOC, =¥ SOC; x BD; x (1 — f) X T x M; )

where SOC; is SOC stock and SOC; is SOC concentration. The subscript i is the number of global grid. BD, f, and T

are soil bulk density, the volumetric percentage of coarse fraction (>2 mm), and the depth of soil layer, respectively.

M is the effective area of each grid.

3. Results

10
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3.1 Soil DOC concentrations in different ecosystems globally
A total of 12,807 soil DOC observations were compiled from 975 publications_thatwhich spanned six continents, as

well as major biomes and terrestrial ecosystems (Fig. 1}—). We found thatand the natural logarithm of soil

DOCdatabase concentrations conformed to a normal distribution (Fig. 1b). Fhe-gGlobal soil DOC concentrations
ranged fromvaried-between 0.04 and-to 7859 mg kg™. The global average, median, and standard deviation were

222.78, 101.01, and 445.78 mg kg™, respectively (Table 2). We observed that soil DOC Fhe-concentrations of-seil

DOC-varied across different-ecosystems. Tundra had the highest average and median soil DOC concentrations at

470.78 and 241.90 mg kg, respectively.soit- DOC concentration{470-78-mg-kg *)-while shrubland-had-the towest

{160-24-mgkg™). Grassland averaged 327.77 mg kg with a median of 126.48 mg kg™, while forest averaged

256.18 mg kg™ with a median of 115.51 mg kg™, Wetland averaged 218.53 mg kg™ with a median of 107.11 mg kg™,

cropland averaged 165.98 mg kg™ with a median of 83.00 mg kg™, and shrubland averaged 160.24 mg kg™ with a

median of 127.84 mg kg™ (Table 2).

3.2 Model performance and drivers of soil DOC concentrations

We estimated RMSE and R=for all tuned models and used these statistics to analyze residual variance and accuracy,

as well as to rank model performance (Table S2). To facilitate interpretation of uncertainty, we also calculated

relative RMSE by dividing the absolute error by the global mean soil DOC concentration. RF model resulted in the

best performance within one standard error of the minimal RMSE and were thus used for further analyses of

variable importance. The residual plot of train, validation, and test data for RF model were randomly distributed

near zero (Fig. S7). Overall, nonlinear models (R== 0.42—0.65; RMSE = 250-332) outperformed linear models (R=

= 0.101-0.108; RMSE = 410-427) (Table S2). The RF model vielded the lowest RMSE within one standard

deviation range and was therefore selected for subsequent analyses of variable importance (Fig. S3). We based the

relative importance of soil DOC drivers and the global map of soil DOC on averaged RF model results.

The RFRandem-forest model explainedaceounted-for 65% of the variability in soil DOC concentrations across all

sites and achieved —with-the lowest RMSE compared with other models (Fig. 2, Table S2). Soil properties were the

Fhe-most important predictor categories-6

with elevation and the-soil clay content exerting the greatest influenceemerging-as—the-most-significant. Meantime

11
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elevation and soil organic were the most sensitivity factors of RF model (Fig. S8). Although less influential, other

predictors still contributed; among them,were-nenetheless-considered;—~with soil organic carbon and soil pH having

the—mostwere notable—effects(Fig—2a). Although the-mean annual precipitation, and mean annual temperature,
microbial biomass carbon, bulk density, sand, depth, month, and ecosystem also affected soil DOC-concentrations,
their relative-contributions were lower than those of the top aferementioned-four predictors-{Fig—2}. Elevation has

strong interaction with soil pH, bulk density, and microbial biomass carbon (Fig. S9). Partial dependence analysis

produced shewed-similar—results (Fig. 3) similar to Pearson correlation analysis—analyses (Fig. S4). and—\We

foundindicated-that-there-was a positive correlation between the-soil DOC and both the-elevation and soil organic

carbon (Fig. 3g)-), Cenverselysand a negative correlation between-the soil DOC and bothwas-negativelycorrelated

with mean annual temperature and soil pH (Fig. 3h).

3.3 Global soil DOC patterns

The RF model has the ability to predict soil DOC in wetland (R?=0.87), forest (R?=0.84), shruland (R*=0.84), tundra

(R?=0.70), grassland (R?*=0.95), and cropland (R?=0.90) ecosystems (Fig. S10). We observed Ourpredicted-global

soH-DOC-mapping—imphed—that-there—was—a-significant spatial heterogeneity in predicted globalef soil DOC
concentrations (Fig. 4a). Fhis—revealed-—alatitudinal-pattern—that-sSoil DOC concentrations increased from the

equator toward thete poles (Fig. 4b). High soil DOC concentrations were found in high-altitude plateaus and

mountain ranges at low latitudes, including—{e-g- the Andes, African Highlands, and West Indies} (Fig. 4a). The
global average soil DOC concentration was 237.56 mg kg™ (Table 3), andwhile the topsoil (0-30 cm) DOC stock in
the-topseH-{0-30-em)-was 12.17 Pg.

Asia had the highest soil DOC concentration (274.43 mg kg™), followed by North America (263.63 mg kg™)—Next

were, Europe (227.34 mg kg™), and South America (227-34-and-215.81 mg kg '—+espectively)—with. Oceania and

Africa having-had the lowest soil DOC concentrations (198.13 and 186.35 mg kg™, respectively). For predicted soil

DOC stocks, Asia and North America remained rankedin first and second place{at 4.8 and 2.45 Pg, respectively).

Despite its relatively low the-marginal-predicted soil DOC concentrations, in-Africa;-its-predicted-soH-DOC-stocks

ranked third in total DOC stock (2.07 Pg) because of due-te-its large landvast area. South America followed atwas-in

fourth-place-with-a-predicted-soi-DOC-stock-of 1.37 Pg, while—Finalhy Europe and Oceania hadshewed the lowest
predicted-sel-DOC-stocks at-{ 0.88 and 0.59 Pg, respectively).
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4 Discussions
4.1 Variations in soil DOC between ecosystems
Given the substantial number of measurements included in our study (12,807 observations), the range of topsoil (0—

30 cm) DOC concentrations (0.04—7859 mg kg™) was broader than previously that-reported for a database of by

Guo-{3,8692,890 observations} (Guo et al., 2020). Our reperted-global average-median soil DOC concentration was
222.78101.01 mg kg (Table 2), in contast to a previouslyGue's reported average of only 77.39 mg kg*. For

different ecosystems, the median soil DOC concentrations of wetlands, tundra, and shrublands in our study aligned

with previously reported valuesthese—ef-previous—research (Guo et al., 2020), which—was—primarily due to the

relatively lewer—small number of observations for these ecosystems—in—cemparison—withethers, with tundra
comprising only 1% of our database. However, significant differences emergedwere-found in forests, grasslands, and

croplands compared with previousGue's data. Tundra had the highest soil DOC concentration (Table 2). This can be

attributed to low soil temperatures and limited microbial activity, which slow the decomposition of organic material

and lead to higher soil DOC concentrations (Propster et al., 2023). In addition, prolonged soil freezing in tundra

areas reduces evaporation and oxygen supply, further slowing organic decomposition. Soil DOC concentrations

were also relatively high in grassland, forest, and shrub ecosystems because leaves, dead branches, and plant root

exudates provide abundant organic C inputs (Cai et al., 2021). However, our results indicated that DOC

concentrations in forest soils were consistently lower than in grasslands (Table 2). Grassland ecosystems often have

higher plant diversity, including legumes and weeds, whose residue decomposition contributes to increased DOC

concentrations (Perrot et al., 2023). In contrast, the cooler conditions in forest soils limit microbial activity and slow

organic matter decomposition, reducing DOC consumption. Additionally, grassland soils tend to have better water

conditions, promoting higher microbial activity and organic matter breakdown, thus increasing DOC concentrations

(Deng et al., 2023). Differences in land use and management, forests being less disturbed while grasslands may be

more frequently disturbed by grazing, can also influence soil organic matter decomposition and DOC levels. These

combined factors of vegetation type, microbial activity, water conditions, and land use practices result in varying

soil DOC concentrations between these two ecosystems. The lowest median soil DOC concentration appeared in

cropland ecosystems, likely due to decreased soil organic matter inputs resulting from frequent tillage and

harvesting, as well as accelerated DOC decomposition caused by tillage (Ren et al., 2024). Fer-instance Meanwhile,
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our average-median soil DOC concentration for croplands was 465:9883.00 mg kg, whereas a previous value was

whHe-Guo-reported-enhy-60.58 mg kg (Guo et al., 2020). This discrepancy was-may be due to the previousGue's

database havingincluding only 13% cropland observations, whereas—while our cropland observations are—were

approximately ten times larger. Howey

~In summary, our study buildst on

earlierpreceding work by incorporating a more extensive dataset that better represented-represents the-heterogeneous
global conditions-found-glebaty.

4.2 Effects of climate and controlled soil properties on soil DOC concentrations

The two most critical predictors of soil DOC concentrations were elimate-and-sei-properties—with-elevation and soil

clay content-being-the-two-mest-significant-factors (Fig. 32). In high-altitude regions, lower temperatures limit the

metabolic activity of microorganisms, slowing the decomposition of soil DOC. Additionally, these regions typically

receive more precipitation, which increases soil moisture and helps protect soil DOC from rapid breakdown. Soils

with high clay content have a strong adsorption capacity that more effectively retains DOC and reduces its loss. Clay

also provides a suitable habitat for microorganisms, affecting microbial communities’ structure and activity and thus

requlating the rate of soil DOC turnover. A

Typically, high-altitude regions host specific—vegetation types characterized by with—longer growth cycles and

greatermere litterfall (Peséntez et al., 2018; Wei et al., 2024). Decomposing Fhese—plant residues contribute
decompese-to SOC, a portion of which is converteds to DOC. Consequently, differences in the-vegetation type and
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productivity also influence-the soil DOC concentrations (Camino et al., 2014; Rahbek et al., 2019). We also found
that forest and grassland sites above 2,000 m-{, which accounted for eenstituted-73% of the high DOC observations)
were-significant-contributors. High-altitude regions often experience distinct precipitation patterns and soil moisture
conditions compared with lower elevations (Li et al., 2023). Higher precipitation and lower evaporation rates may
promote resultin-the-greater dissolution and leaching of organic matter, thereby increasing soil DOC concentrations

inthe-seil (He et al., 2021; Lu et al., 2019). Moreover, Hhigh-altitude areas are generally less disturbedfrequented by

humans_activities, which may helpassist-in-the preservation-ofe the-soil DOC-in-the-soil-through-the-prevention-of
disturbances—and-losses. Our results also indicated that soils in low-latitude plateaus and mountain ranges (e.g.,
Tibetan Plateau, Andes, African Highlands, and West Indies) exhibited higher DOC concentrations (Fig. 4a). The
impaets—effects of the-soil clay content on DOC concentrations are complex, involvingwhich-occurred—primarHy
threugh adsorption, water retention, microbial activities, and organic matter protection mechanisms (Kaiser and
Zech, 2000; Singh et al., 2017). Generally, a-high clay content fosters DOC tends-te-stimutate-the-accumulation ef
sol-BOC-through the adsorption and stabilization of organic matter (Gmach et al., 2019; Kalbitz et al., 2000).
Furthermore, the effects of SOC and soil pH on DOC should not be overlooked (Fig. 2a). SOC serves as the main
source of DOC, where-so higher SOC results ingenerathy—imphes—that more DOC ean-be-released—into-the—soit
through microbial metabolism (Kalbitz et al., 2000; Neff and Asner, 2001). Variations in the-soil pH can affect-alter

the charge of soil colloids, influencingthereby-—altering-their adsorption-desorption mechanisms and thus affecting

for DOC;—which—affeets-ts solubility in-the-soH-(Andersson and Nilsson, 2001; Cheng et al., 2020; Kaiser et al.,
2005). t-summaryOverall, the-soil DOC concentration arises from is-the-result-of-interactions between-amongthe

soil and climate_factors, as well as biological, chemical, physical-processes, and human influences at various spatial

and temporal scales. Each;-with-each factor playsing a distinctunigue role in shaping DOC dynamics.

4.3 Global patterns of soil DOC

Using our soil DOC concentration dataset, we quantified the soil DOC concentrations (0-30 c¢cm) in terrestrial
ecosystems, identified their key driving factors, and producedmade global predictions. Global DOC stocks in the
topsoil are estimated at 12.17 Pg C, accounting for 0.775% of the-global soil organic carbon, which is significantly
higher than previous estimates (Guo et al., 2020). Our predictions indicated that soil DOC concentrations decreased
markedly towardsignificanthwith lower latitudes, particularly in the Northern Hemisphere. Previous global maps of
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soil DOC concentrations failed to capture this latitudinal trend, which—was—likely due to-their limited spatial
coverage (Guo et al., 2020; Langeveld et al., 2020). Our predicted map shows that the-soil DOC concentrations

increased with latitude. In high-latitude regions, low temperatures limit microbial activity, which slows the

decomposition of organic matter and leads to more organic carbon being retained in dissolved form (Patoine et al.,

2022)_, thereby increasing soil DOC concentrations. In addition, soils in high-latitude areas are often moist or frozen

due to low temperatures, limiting oxygen supply and further inhibiting microbial decomposition (Zhou et al., 2024b).

These moist or frozen conditions also help protect organic matter, reducing its decomposition and contributing to

DOC accumulation. Thus, low temperatures and specific moisture conditions in high-latitude regions jointly result

in relatively high soil DOC concentrations. —Fhis-trend-was-attributed-to-lower-temperatures—specific-vegetation

et-al—2015)-However, there-was-substantial heterogeneity exists at regional and local scales. For instance, despite

theirbeing-at similar latitudes, soil DOC concentrations in Northern Europe were significantly lower than in Siberia,

which-we-surmised-was-primarily due to differences in climatic conditionsbetween-the-maritime-chimate-of-Northern

Europe-and-thecold-subaretic-chimate-of Siberia. Northern Europe’s maritime climate, with mild temperatures and

evenly distributed precipitation, promotes higher microbial activity and accelerates organic matter decomposition. In

contrast, Siberia’s cold subarctic climate results in lower soil temperatures that limit microbial activity and slow

organic matter decomposition, leading to greater DOC retention- (Jin and Ma, 2021). Furthermore, soils in Siberia

are often frozen, restricting oxygen supply and further inhibiting decomposition, thereby contributing to DOC

accumulation (Raudina et al., 2022). Climatic conditions thus play a key role in explaining the significant

differences in soil DOC concentrations between these regions. Regional variations may alsoir—sei—BOGC
concentrations—might be related to topographic conditions. Higher soil DOC concentrations on the Tibetan Plateau
compared to-with Eastern China might-may result from the-high elevation and low MAT in the plateau (Fig. 4a). In

contrast, other studies reported lower DOC levels in Arctic regions-was-reperted, which might-may have been due to

thelr-omissiontting eF-DOC concentration measurements in the-sei-and-dry or frozen soils (Langeveld et al., 2020).
Fhe-Our predictive model offered higher accuracy in estimating the-global soil DOC storage (Fig—3)-—because Fhis

advantage-stemmed-from-our comprehensive dataset—which included DOC concentrations in both dry soil and soil

solutions, which-provideding a robust data foundation. In additionfor-glebal-sel-DOC predictions—Additionally, we
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employed-used the optimal model forpredicting-the-glebal-set-BDOC-by comparing various linear and nonlinear
models to predict global soil DOCren-tinearmedels.

4.4 Implications for carbon cycling models

Carbon cycling models are key tools for predicting how soil organic carbon responds to future global changes.

Considerable uncertainty exists in simulating and predicting soil organic carbon cycles in many current Earth system

models, largely due to model structure, model parameters, and initial conditions (Luo et al., 2015). Regarding model

structure, the soil carbon pools in models cannot be directly separated through experiments, which hamper the

quantification of many parameters (Bailey et al., 2018). By integrating global soil DOC concentration data and

coupling it with particulate organic carbon, mineral-associated organic carbon, and microbial biomass carbon pools,

future_ models can establish a gquantifiable structure based on measurable pools. Our study reveals key factors

affecting soil DOC concentrations, such as elevation, soil clay content, and soil organic carbon, can be incorporated

into carbon cycle models to improve their predictive capabilities. Moreover, this research provides a detailed global

distribution map of soil DOC, which is essential for model parameterization and validation, particularly in regions

where data are scarce.

4.4-5 Limitations and predictive uncertainties

Although we compiled a comprehensive global soil DOC concentration dataset, identified key drivers, and made a
global prediction, our study had certain limitations. First, certain ecosystems remained underrepresented; for
instance, tundra accounted for only 1% of our database, while shrublands, grasslands, and wetlands collectively
constituted only 21%. This underrepresentation may reduce the accuracy of predictions for different ecosystems.
Second, although we considered the subsoil at the beginning of dataset, we did not explore this further due to the
limited availability of data and considerations of predictive accuracy. We intend to continue expanding the subsoil
DOC database in future work. Third, there was a deficiency in some predictive variables; although we had extracted
missing data through gridded datasets, this inevitably introduced uncertainty in predictions, particularly for soil

variables. Fourth, although data standardization enables consistent comparison and analysis of soil DOC across

different measurement methods, there were potential issues such as the possible loss of original data characteristics,

dependence on accurate parameters, overgeneralization, increasing the complexity of data interpretation, and
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introducing bias. Finally, despite employing advanced machine learning methods with multiple predictors to predict

the global soil DOC, 35% of soil DOC concentration variability remains unexplained. However, these limitations
also highlighted areas for future soil DOC research._Future research should enhance the collection of deep soil

samples to address the current data scarcity and more accurately guantify the DOC reserves across the entire soil

profile. There is a particular need to increase sample collection in key regions such as Siberia and Africa.

5 Data availability

The global soil DOC in this study and

https://doi.org/10.6084/m9.figshare.26379898 (Ren and Cai, 2024).

6 Conclusions

Through the development of a comprehensive soil DOC dataset, we quantified soil DOC concentrations in terrestrial
ecosystems, identified their driving factors, and made global predictions. AfterSubseguent to comparing multiple
predictive models, we selected the Random Forest model as the best performer for mapping soil DOC
concentrations. The results indicated that tundra exhibited the highest DOC concentrations, while shrubland and

cropland soils had relatively lower concentrations. Climate factors (elevation) and soil properties (clay content, SOC

raw dataset of driving factors can be downloaded at

pH) jointly regulated the-DOC variations. Fhe-We predicted that the soil DOC concentration increased significantly

from the equator to the poles, and estimated that the DOC stocks in the topsoil of terrestrial ecosystems was-were

12.17 Pg. The global soil DOC database we created wit-served as a critical resource for future research—while and

enhaneing—enhanced our understanding of the roles of soil in the global carbon cycle. This database prevides

provided valuable data support for climate change research, ecosystem management, agricultural sustainability,
environmental policymaking, and the improvement of biogeochemical models. It aidedFhis-witaid in addressing

soil degradation, improving food security, and tackling global environmental challenges.
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