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Introduction
Is land use practices a significant variable
affecting SOC values directly or indirectly?

We predict 2709 SOC concentration (g/kg) values from 209 studies across
Southeast Asia (1987-2023) using a dataset from Gomez et al (2024), with key
variables of soil depth, temperature, prediction, lab methods, and land
management descriptors. Linear mixed models are used to analyze influences
within a hierarchical level, then we apply Structural Equation Model (SEM) for
Indirect and direct relationship discoveries. Lastly, Random forest is used to
predict SOC values based on the influencing variables.
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dataset

SOC units are converted into concentration (g/kg). Variables with little
missingness and those that can be computationally imputed are used in the
final dataset, resulted in a total of 2709 observations to run models.

Variables Data description & cleaning method ;
vl

Depth = A Classify the into 3 depths level: 0-30cm (2128), 30-60cm
12 :I: (300), 60+cm (271).
Temperature = Annual average temperature. Merge from CHELSA v2.1 based
on location coordinates.
Precipitation (‘5 Annual average precipitation. Merge from CHELSA v2.1 based
‘ on location coordinates.
Land 2 Second level of land management.
management ~
SOC values 2 Convert SOC units to concentration (g/kg).
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Figure 2. Box plots of the 3 depth levels, aggregated
from the inconsistent depth measurement. While there
are outliers for each of the category, the box plot
shows that SOC (log g/kg) differs in mean across the
classes. An ANOVA test was conducted, with
F(2,2696)=238.5, p<0.001, so depth has a strong effect
on SOC.
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have a strong effect on the SOC values.
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The summary table below (Table 2) suggests the most important variables that
influence the SOC value. As explored, soil depth has the strongest negative effect on
SOC concentration, indicating that topsoil holds most carbon storage. Tillage and
other managements significantly reduced SOC, while fertilization and organic
management alone showed no significant effect, implying that management context

matters more than single interventions.
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Conclusion and Future Work

Linear Mixed-Effects Model Random Forest (ML) ' Random Forest
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iSi Figure 5. (left). The scatter plot of
® depth / Decision tree \ | Random Forest Model Fit for Soil Organic Carbon 'guf (left) s
e temperature SOC el Bek B predicted versus observed SOC
e precipitation (g/kg) el ' demonstrates close alignment along
e land management . | S the 1:1 line, though some dispersion
) importance and . ~ © - . e
p | - S [ -~ g occurs at high SOC levels, indicating
Control random effects on - - Y o < - that the model slightly underestimates
country and year Ke ects on j b 8 extreme values. These results confirm
‘. : ‘ 8 o that depth and precipitation remain b &
. . : 5 IS dominant drivers, but the RF also e
Figure 3. Statistical methods to measure SOC (g/kg). First, S o : -
. . . . . 3 captures nonlinear effects and -
we will use Linear Mixed- Effects Model, controlling the sites g £ ) , L v
. . . ] interactions, for example, precipitation .
that are in the same country and measured in one year. This = thresholds o -
will discover relationships in a hierarchical dataset (Kucera et TP =T E RS SyneE e A
al 2025). Next, we Random Forest to predict SOC (g/kg) Tt aie et el epresanice n fnesy
values based on the 4 main key variables. We expect that Observed log(SOC g/kg) models.
land management practices and the climate condition will
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Together, the Linear Mixed-Effects Model and Random Forest results reveal

both consistent and complementary strengths. Both model identify depth
and precipitation as the most robust predators of SOC, reinforcing their
universal importance across landscapes. The LMM highlights directional

Inferential relationships, showing how management practices and depth

layers influence SOC statistically. The RF demonstrates predictive
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robustness, accounting for nonlinear and interactive processes. Thus, soll
organic carbon processes are both structured and context-dependent.

These findings suggest that policies should promote perennial and organic

Variables o IACT/CIRC L Regarding land use:

- Annual cropping systems also slightly

decrease SOC.
- Perennial systems retained more SOC

than annual ones.

Precipitation was strongly positive,

suggesting that wetter regions promote

carbon accumulation, while temperature has

no significant linear effect, possibly masked
by co-variance with precipitation.

Random country effects indicate moderate

Constant 3.84
Depth level 30-60cm | -0.859
Depth level 60+ cm -1.410
A.A. Precipitation 0.461
A.A. Temperature 0.084
Annual -0.599
Perennial -0.611
Tillage -0.597
Others -0.67

variability between national-level contexts.

Table 2. Summary table for Linear Mixed Model, capturing
strong environmental gradients (depth, precipitation, plus

moderate management effect

Figure 4 (right) describes the
Importance ranking of variables
(%INncMSE) show that depth class

(44.47) and precipitation (36.44) were

the strongest determinants of SOC,
followed by management practices
(secondary descriptors, 31.02), and

temperature (29.59).

Variable Importance in SOC Prediction (Random Forest)

depth_class

precip_s

Variable

secondary_descriptor

temp_s
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farming systems, incentivize reduced tillage and water-conserving

practices, and integrate carbon monitoring into national soil programs to

SET

support Net-Zero Agriculture goals. However, current results are limited by
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uneven global data coverage, simplified management categories, and the
lack of fully tested causal relationships such as climate—management—-SOC
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pathways. Moving forward, | plan to integrate remote sensing and soll
survey data for better spatial accuracy, and use Al-based policy simulations
to identify effective climate-smart strategies.
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Introduction: Is land use practices a
significant variable affecting SOC values
directly or indirectly?

We predict 2709 SOC concentration (g/kg) values from 209 studies across
Southeast Asia (1987-2023) using a dataset from Gomez et al (2024 ), with key
variables of soil depth, temperature, prediction, lab methods, and land
management descriptors. Linear mixed models are used to analyze influences
within a hierarchical level, then we apply Structural Equation Model (SEM) for
indirect and direct relationship discoveries. Lastly, Random forest is used to
predict SOC values based on the influencing variables.

Methods workflow

Linear Mixed Effects Model Bae——o—_ 3 Structural Equation Model [L____ 4 Random Forest (ML)

depth

temperature S0C
precipitation - .
land management (g/kg)
Lab method

|
{ Control random effects on

location of surveyed soil
J

-  Discover relationships in a hierarchical
dataset

- Including sample origin locality as random
effect. Highly accurate predictive capacity
achieved by Kucera et al (2025).

-> Expect to have relationships between climate &
land management > SOC.

( N

Climate
(temperature &
(_precipitation) )

SOC
(g/kg)

s N
Land

Management
- J

-  Discover indirect and direct relationships
within heterogeneity.

- Tested by Liu et al (2025) in Shaanxi
province, China

-> Expect to have climate as direct effects; land
management & as indirect effects » SOC.

/ Decision tree \
model. Rank
variable

importance and
non-linear
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Structural Equation Model

Model 1: climate variables — fertilizer use

Model 2: fertilizer, climate, depth — SOC concentration

The SEM showed an good model fit (x> = 0.896, p = 0.639; Fisher's C = 0.029, p =
0.986), indicating that the proposed relationships between fertilizer use, climate, and
soil organic carbon (SOC) are consistent with the observed data. The model suggests
that fertilizer management, alongside climate factors such as temperature,
precipitation, and elevation, plays an important role in explaining variations in SOC
across sites. The low AIC (1297.9) further supports the model’s overall robustness and
parsimony. All relationships in the model are directly linkedin, which does not have a
good explanatory power to our expectation that there are indirect and direct
relationships between variables.
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Image 1. Maps of studied location for SOC land management of the original
measurement in Southeast Asia dataset

Q‘ mulching J

SOC units are converted into concentration (g/kg). Variables with little
missingness and those that can be computationally imputed are used in the
final dataset, resulted in a total of 2709 observations to run models.

Variables Data description & cleaning method

Depth o Classify the into 3 depths level: 0-30cm (2128), 30-60cm
: (300), 60+cm (271).

Temperature Annual average temperature. Merge from CHELSA v2.1 based

on location coordinates.

Annual average precipitation. Merge from CHELSA v2.1 based
on location coordinates.

=
Precipitation
(o>

Land Ledfd Second level of land management.

management ~\—

SOC values _(;i_ Convert SOC units to concentration (g/kg).
=05~

Lab method E@] SOC value measurement in a laboratory

Table 1. Data description and cleaning process

Results

The summary table below (Table 2) suggests the most important variables that influence the
SOC value. The depth level 30-60 cm and 60+ cm has a negative relationship with the SOC
concentration, meaning that for the soil sampled within such level of depth, the SOC value

decrease by the relative percentage point, on average, compared to the soil sample
measured at the top soll. This is enhanced by previous research.

Table 2. Summary table for Linear Mixed Model

significant.

Temperature also has strong negative effects
SOC (g/kg) :
on SOC at deeper soil level. The number
Constant 3.069*** suggests that one increase in temperature
(0169) (degree Celsius) leads to 23% decrease in the
SOC concentration value.
Depth level 30-60cm -0.695** Surprisingly, precipitation does not appear to
(0.031) be a significant variable affecting the changes
in SOC.
Depth level 60+cm -1136™ Among all of the land management practices
(0.034) captured, Fertilization stands out to be the
AA. Temperature LG5I most significant practice that has an impact on
the SOC level. The number indicates that if the
(0.030) soil surveyed is under fertilization management,
Ferfilizafion 0.269* It - technically - increases the SOC
concentration values by 26%.
(0.125) Under this umbrella of “Fertilization”, there are
Lab method - Loss on ignition 1.216* categories of “With fertilization” and “Without
0.601) fertilization”. This is a unique aspects to be
examined by Structural Equation Model, by
Num.Obs. 2605 creating dummy variables for different
Effect of depth, climate, land management on fertilization categories.
SOC (g/kg) Lab method - Loss on Ignition also increase the

SOC values of sampled soll by 127% though less

Random Forest (ML)

Variable Importance in Predicting SOC (g/kQ)
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Image 2. Variable Importance in Predicting SOC (g/kg) using RF

Random forest variable importance analysis identified depth class and precipitation as the strongest predictors of
SOC, followed by temperature, elevation, and fertilizer use. This highlights that both climatic and management
factors contribute to SOC variation, with soil depth and moisture availability exerting the greatest influence on
carbon concentration.

Conclusion and Future Work

This study demonstrates that these set of models - LMM, SEM, ML - can reliably predict soil organic carbon stocks in
Southeast Asian agricultural systems using ground-based metadata. The methodological novelty lies in two aspects:
1. The dataset captures tropical & regional agricultural climate - that are poorly represented in the global SOC
model.
2. Land management variables (e.g., tillage, fertilizer use, crop type) allow the model to capture human-driven
heterogeneity in SOC, often overlooked in biophysical or process-based models.
For future work, we propose expanding the dataset with additional SOC stocks across Southeast Asia. Additionally,
we will justify the SEM model for a broader group of management practices. Eventually, we would like to integrate the
model into decision-support tools for smallholder farmers, the carbon accounting network, and the regional
climate-smart agriculture program.
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Decision Tree for Predicting SOC (g/kg)

Together, the Linear Mixed-Effects Model and
Random Forest results reveal both consistent L precip.s <2{1) ‘
rogerhen the LI and R fosuls reved! and complementary strengths. Both model p5 e
complementary strengths: identify depth and precipitation as the most /—1? - -
e o robust predators of SOC, reinforcing their et e B
e moortance oo universal importance across landscapes. The
fandscapes. LMM highlights directional inferential b
T ferontial rolatonshing. s, relationships, showing how management
e 800 sty T practices and depth layers influence SOC Q=1j/61 7@ @345 13@ @1;45 7% @16361 sz@ @2%2@ -

statistically. The RF demonstrates predictive
robustness, accounting for nonfinear and
Interactive processes. Thus, soil organic
carbon processes are both structured and

e The RF demonstrates predictive
robustness, accounting for
nonlinear and interactive
processes (e.g., varying tillage
effects under different climates).

This combination suggests that soil carbon

processes are both structured and CoO nteXt'dependent-
context-dependent — governed by clear

environmental gradients but mediated by

complex management—climate interactions.

Variables SOC (g/kg) variations

Constant 3.84

Depth level 30-60cm | -0.859

Depth level 60+ cm -1.410

A.A. Precipitation 0.461
A.A. Temperature 0.084
Annual -0.599
Perennial -0.611
Tillage -0.597
Others -0.67

Variable Importance in SOC Prediction (Random Forest)
Random Forest Model Fit for Soil Organic Carbon

depth_class

precip_s

secondary_descriptor

temp_s

Variable
Predicted log(SOC g/kg)
4
I

0 10 20 30 40
Observed log(SOC g/k
% Increase in MSE a( g/kg)



