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Abstract

Biochar is a promising climate-smart agriculture (CSA) solution to sustainably support food security while mitigat-
ing the adverse impacts of climate change on agroecosystems. Yet, its effectiveness across diverse environments

is not well quantified. We developed a process-based biochar model and used it to evaluate biochar's impacts

on agroecosystem production and the dynamics of soil biogeochemical cycles (e.g., key CSA indicators such as crop
yield, soil organic carbon (SOC), and greenhouse gas (GHG) emissions) across 48 globally distributed field experi-
ment sites. The biochar model was calibrated and evaluated in maize, wheat, and soybean cropping systems,

with an average root mean square error of 1878.9 kg ha™! (R*=0.78) for crop yield, 4129.3 kg C ha™! (R*=0.72) for SOC,
and 1995.7 kg CO, ha™' (R?=0.91) for GHG emissions. The model accuracy varied across environments, with yield
predictions performing better in tropical (R?=0.90) and temperate (R>=0.81) zones and on medium-textured

soils (R?=0.87), but declining in arid regions (R?=0.55) and on coarse soils (R?=0.65). Simulation accuracy of SOC
and CO, was higher in maize than in soybean systems. Biochar application rates also influenced model performance,
with medium rates best for crop yield and high rates optimal for SOC and CO, emissions. These results highlight

the need for robust modeling tools to optimize biochar application across diverse soil and climate conditions. These
tools can be important for stakeholders, from farmers to policymakers, and can help refine biochar management
strategies and advance global goals of sustainable intensification and net-zero agricultural systems.

Highlights

+ A process-based biochar model was developed and calibrated using observational data from 48 global field
studies.

- Model's performance was evaluated across a range of climate conditions, soil types, cropping systems, and bio-
char application rates.

- The model serves as a robust tool for optimizing site-specific biochar application and advancing climate-smart
agriculture.
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1 Introduction

Biochar, a carbon-rich material produced by the pyrolysis
of biomass, is a promising tool for mitigating the impacts
of climate change and supporting sustainable agricul-
ture (Laird et al. 2010; Woolf et al. 2010). Owing to its
high porosity and nutrient retention capacity, biochar
can improve soil health, sequester carbon, and reduce
greenhouse gas (GHG) emissions (Atkinson et al. 2010;
Lehmann et al. 2011). Recent syntheses indicate that
biochar functions as a climate-smart agriculture (CSA)
practice that can raise crop yield, enhance soil resilience,
and mitigate GHGs, although responses vary across dif-
ferent environments (Jeffery et al. 2011; Wang et al.
2019; Lehmann et al. 2021; Huang et al. 2023; Shrestha
et al. 2023; Kaur et al. 2023; Schmidt et al. 2021). Achiev-
ing broad and equitable adoption will therefore require
a deeper understanding of biochar effects across climate
zones, soil types, and cropping systems.

Biochar influences agricultural systems through cou-
pled biogeochemical, hydrologic, and plant processes.
Biochar’s primary benefit is long-term carbon seques-
tration in soils (Lehmann et al. 2006; Wang et al. 2016).
This benefit can be moderated by priming effects, in
which biochar alters the decomposition of native soil
organic matter (Kuzyakov and Gavrichkova 2010). The
porous structure and reactive surfaces can increase
nutrient retention, especially nitrogen, which helps in
reducing nitrate leaching and suppressing nitrous oxide

emissions (Lehmann et al. 2011). Enhancing soil carbon
storage, water holding capacity, and nutrient availability
can result in higher crop yields, although the magnitude
depends on feedstock, pyrolysis conditions, soil proper-
ties, climate, and management (Jeffery et al. 2011; Joseph
et al. 2010; Ippolito et al. 2020; Pulcher et al. 2022).

Several studies have advanced the understanding of
biochar degradation and its impacts on soil biogeochemi-
cal dynamics. Laboratory and greenhouse experiments
have provided mechanistic insight into biochar—soil
interactions and biochar aging processes (Huang et al.
2023), while short-term field trials have documented
immediate impacts during the first years after applica-
tion (Ventura et al. 2015). However, laboratory studies
cannot capture the heterogeneity and variability of nat-
ural systems, and short trials may overestimate stability
or underestimate priming under a changing climate and
management. Long-term field studies, which are essen-
tial for assessing real-world outcomes, remain limited in
number, sites, and conditions (Jones et al. 2012; Gurwick
et al. 2013). Consequently, essential uncertainties persist
regarding the durability of effects on productivity, nutri-
ent cycling, and GHG budgets (Archontoulis et al. 2016;
Huang et al. 2023).

Models provide a powerful tool for synthesizing
diverse evidence and exploring outcomes across differ-
ent scales and scenarios. Empirical models can predict
yield responses but are constrained to the conditions
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represented in the underlying training data (Crane-
Droesch et al. 2013). Laboratory-derived kinetic models,
such as two-pool decay frameworks for labile and recal-
citrant carbon, help clarify fundamental processes (Zim-
merman et al. 2011), yet the application of results from
controlled labs to heterogeneous field and regional con-
texts remains challenging (Lehmann et al. 2021). Process-
based models address this gap by explicitly representing
feedback among biochar, soil properties, plants, and
climate, which enables evaluation of long-term effects
on soil carbon, nutrient cycling, and GHGs, and allows
scenario analyses across different management and envi-
ronmental conditions (Lehmann et al. 2011; Woolf et al.
2010).

Several established process-based models have now
developed biochar-specific modules, such as APSIM,
DNDC, EPIC, RothC, and the more recent MIMICS-
BC (Smith et al. 2008; Wang et al. 2016; Han et al. 2024).
RothC and DNDC incorporate biochar decomposition
kinetics and interactions with soil organic matter, sup-
porting projections of long-term dynamics (Wang et al.
2016). APSIM and EPIC have been used to simulate
biochar impacts on yields and nutrient cycling across
management and climate scenarios (Archontoulis et al.
2016). MIMICS-BC advances the field by explicitly rep-
resenting microbial and physicochemical processes that
govern biochar turnover and its influence on soil carbon
pools (Han et al. 2024). These efforts demonstrate persis-
tent biochar effects over decadal to centennial scales and
across climatic regimes (Ameloot et al. 2013; Zhang et al.
2012b). Nonetheless, global-scale applications remain
limited, necessitating broader calibration and validation
across diverse crop types, soils, and climates (Smith 2016;
Han et al. 2024). Another limitation is the focus on single
outcome, such as carbon sequestration or yield, rather
than a holistic evaluation that combines productivity,
soil carbon, and GHG mitigation within a unified CSA
framework (Woolf et al. 2010). Ultimately, model accu-
racy depends on robust parameterization and careful
evaluation against diverse field observations. This critical
step, however, is constrained by the scarcity of long-term
datasets (Gurwick et al. 2013; Huang et al. 2023; Smith
2004).

In this study, we implemented a newly developed bio-
char module within the DLEM-Ag framework to evaluate
biochar effects on crop yield, soil organic carbon (SOC),
and GHG emissions across global field sites that span
diverse soils, climates, and cropping systems. To ensure
consistent crop parameterization and sufficient sample
support for calibration and evaluation, we restricted the
analysis to maize, soybean, and wheat systems, includ-
ing monocultures and rotations among these crops.
These crops represent dominant global cereal and oilseed

Page 3 of 22

production and are widely represented in field data-
sets, providing a comparable basis for cross-site model
benchmarking. By coupling biochar processes with soil,
plant, and atmospheric interactions, we provide a com-
prehensive assessment of biochar as a CSA practice. The
objectives are to: (i) introduce the new biochar module in
DLEM-Ag, (ii) calibrate and evaluate model performance
for crop and soil responses to biochar across contrasting
systems and environments, and (iii) assess model sensi-
tivity to key input parameters that influence simulated
biochar impacts.

2 Material and methods

2.1 Model description

Dynamic Land Ecosystem Model-Agriculture (DLEM-
Ag) simulates crop growth and carbon, water, and
nitrogen dynamics in agricultural ecosystems affected
by multiple environmental and management factors
at a daily time step. It has been extensively applied to
study crop production, cropland SOC, and GHG emis-
sions from global agroecosystems (Ren et al. 2011, 2012,
2016, 2020; Ren 2019; Tian et al. 2012; Huang et al. 2020,
2021, 2022, 2024; Wang et al., 2025).

The DLEM-Ag consists of six SOC pools (i.e., three
microbial pools, two slow organic carbon pools, and one
dissolved organic carbon pool), plus two woody debris
pools (above- and belowground woody debris), and four
litter pools (above- and belowground, easy and resistant
to decomposition). The sizes of each pool and the carbon
fluxes transferred between pools determine the sources
and sinks of soil organic and inorganic carbon. Generally,
all carbon inputs, including crop residues and roots, are
allocated to litter pools based on the carbon-to-nitrogen
ratio. Then, carbon fluxes are transferred between pools
through biological decomposition, physical adsorption
and desorption, surface runoff, and leaching. The decom-
position rate of each pool is estimated using a first-order
algorithm (Parton et al. 1994) that is influenced by soil
temperature, water content, nutrient availability, and soil
texture. Details can be found in previous studies (e.g.,
Banger et al. 2015; Ren et al. 2012, 2020; Tian et al. 2015).

2.2 Biochar module

In this study, we improved the DLEM-Ag model by incor-
porating a biochar sub-module (DLEM-Ag-Biochar) to
specifically examine the effects of biochar on agroecosys-
tems. Biochar was introduced into the DLEM-Ag model
as a new type of organic input. The two-pool model was
used to represent biochar, i.e., a labile carbon pool and a
recalcitrant carbon pool. The biochar sub-module starts
by considering the decomposition of biochar and the
associated carbon flows (Fig. 1). Due to the often alkaline,
porous structure of biochar and its carbon stability, the
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sub-module also considers biochar’s effect on soil phys-
icochemical properties and the priming effect on soil
native organic carbon, and therefore the biogeochemi-
cal processes embedded in DLEM-Ag. More details are
given below.

2.2.1 Biochar decomposition and the associated carbon
fluxes

Biochar contains both fast- and slow-mineralizing com-
ponents with vastly different turnover rates (Lehmann
et al. 2021). Therefore, the development of the biochar
module begins by introducing two biochar carbon pools:
one labile (blc) and one recalcitrant (brc). The daily turn-
over of biochar is calculated as:

ACpe =bc x (1 — flo55) X fe

X (flabile X k1 + (1 — flapite) X k2> 1)
ki = kpic/365 x f(T) x f(W) x f(N) (2)
ky = kpye/365 x f(T) x f(W) x f(N) (3)

where ACy, is the amount of biochar carbon that decom-
poses every day (kg C ha™! day™); bc is the amount of
biochar applied (t ha™!); fj, is the fraction of biochar
that is lost during application (0-1); f; is biochar’s car-
bon fraction (0-1); fi.pie is biochar’s labile carbon frac-
tion (0-1); kp. and kp,. are the mean turnover rate, for
the labile and recalcitrant biochar pools (year™), respec-
tively; and f(T), f(W), and f(N) are the soil tempera-
ture, moisture, and nitrogen modifiers (0—1), which are
similar to those used by DLEM-Ag for other SOC pools.

The fate of decomposed biochar includes carbon emit-
ted to the atmosphere and carbon transferred to other
SOC pools, including microbial carbon and passive SOC
pools. The carbon fluxes from the labile biochar carbon
are calculated as:

rhpie = frhy, x ACp, (4)
Coic smp1 = (1 — frhy) X foie_smp1 < ACpc (5)

Coic_smp2 = (1 — frhy) X foic_smp2 X ACpc (6)

The carbon fluxes from the recalcitrant biochar carbon
are calculated as:

rhp,. =0.3 Xf(lignil/l) X ACppe +frhbrc
x (1 — f(lignin)) x ACpy )

ChrciPSOM =0.7 Xf(ligl’lil’l) X ACpye (8)
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Chre_smp1 =(1 — frhy,.) x (1 — f (lignin)
X fore_smp1 X ACpic 9)

Chre_smpz =(1 — frhy,.) x (1 — f (lignin)
X fore_smp2 X ACpic (10)

where rhy;. and rhy,, are the daily respiration loss of bio-
char carbon; C;  is the daily carbon flux from pool i to
pool j; ACy;. and ACy,, are the daily decomposed biochar
carbon; f; ; is the fraction of the decomposed carbon
pool i to pool j; frhy,, and frh,, represent the respira-
tion fraction of each biochar carbon pool; f(lignin) is the
lignin factor, set to 0.3.

2.2.2 Effects on native organic carbon decomposition
Biochar alters native SOC mineralization through prim-
ing effects that can be positive, negative, or neutral. Bio-
char-induced priming effects are calculated in a similar
manner following the functions from Archontoulis et al.
(2016). The positive priming effect on the litter pool
(AOM) is calculated as:

kaom e = kaom x (1 + Paoum x bc') (11)

where k40p pe is the new dynamic decomposition rate
for each of the four DLEM-Ag litter pools (AOM); kaoum
is the original decomposition rate of each litter pool;
bc’ is the biochar carbon (g C m™2) remaining in the
soil; P4oar is the positive priming coefficient (m? g~! C).
The adverse priming effects on AOM are simulated by
increasing carbon flux from AOM to the more stable
native organic matter (NOM) pool and simultaneously
decreasing the respired fraction of AOM:

S (lignin_bc) = f (lignin) x (14 P, x BC), (P, > 0)
(12)

SFrhaom pe =frhaom x (14 Py x BC), (P; < 0)
(13)
where f (lignin_bc) is the modified f (lignin) parameter
that determines the amount of carbon retained in the sys-
tem (0-1); frhaonm pc is the modified frhisom parameter
that determines the carbon flux from AOM to other soil
carbon pools; P, and Py are the negative priming coeffi-
cients (m? g~* C). Biochar-induced positive and negative
priming effects on other SOC pools (i.e., SMB1, SMB2,
SMR, NOM, and POM) are calculated in a similar way.

2.2.3 Effects on soil nitrogen mineralization/immobilization
The DLEM-Ag-Biochar first calculates a nitrogen flux
based on the biochar’s C:N ratio, then adjusts it to
account for mineralization and immobilization. Nitrogen
mineralization or immobilization depends on whether
nitrogen release from biochar decomposition outweighs
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nitrogen retention in microbial biomass and stabilized
organic matter. The nitrogen flux from the biochar pool
(blc and brc) is:

Npic_sms1 = foic_smp1Npick (14)
Npic_smp2 = foic_smp2Npicki (15)
Nire_psom = f (lignin)Npcka (16)
Npre_smp1 = (1 — f (lignin))fpre_syp1Nprcka (17)
Nipre_smpz = (1 — f (lignin))fpre_sypaNprcka (18)

where N; is the nitrogen content of pool i and N; ; is the
daily nitrogen flux from pool i to pool j. The C:N ratios of
fluxes are not always equal to the specific C:N ratio of the
destination pool. In transfer processes, if the ratio of car-
bon flux to nitrogen flux is less than the specific value

(5~ < CNj)), extra organic nitrogen is mineralized and
ij

added to the inorganic nitrogen pool as ammonia. The
mineralized nitrogen of pool i is:

Nmin; = N; j — C; j/CN; (19)
The nitrogen flux to the destination pool is:

AN; = C; j/CN; (20)
Ammonia pool is updated as:

Aavnya = Nmin; (21)

If the ratio of carbon flux to nitrogen flux is higher
C. .

han th ific val =
than the specific value (Nu

> CNj), the organic pool

immobilizes inorganic nitrogen, decreasing the C:N
ratio to a specific value. The immobilization rate
(Nimmy;) is:

. G
Nimm; = mm(C—Nj — Nj j,avn)

(22)
where avn is the soil available inorganic nitrogen. The
changes in the destination nitrogen pool is:
Anj = N; j + Nimm; (23)
Given microbial communities’ general preference for
ammonia (NH,") over nitrate (NO;7), the model quan-
tifies immobilized nitrogen as:

AVNH4/avn

“ B+ (1— avnnajavn
(24)

Nimmi,NH4 = Nimm,-
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Nimm; no3 = Nimm; — Nimm; NHa (25)

where f is a constant (0.5). And the changes in ammonia
and nitrate pools are updated as:

AavNpa = —Nimm;NHa (26)

Aavnos = —NimmjNo3 (27)

2.2.4 Effects on soil cation exchange capacity and pH
Biochar generally has a high cation exchange capacity
(CEC) due to its oxidized functional groups and large
surface area. The DLEM-Ag-Biochar includes the mecha-
nistic representations of soil CEC dynamics and biochar-
CEC interactions. When soil CEC data are not available,
the model estimates initial soil CEC based on SOC, clay
content, and soil order following Seybold and Grossman
(2006):

CECyyy = f (%clay, SOC, order) (28)

The composite CEC of the soil-biochar mixture is
determined through:

CECsoil X Msoil +Mbc X CECbC

CECix =
i Msoil + Mbc

(29)

where CEC,;;, CECy,, and CEC,,;, are the CEC of soil,
biochar, and soil-biochar mixture (cmol, kg™!), respec-
tively; Mg, and My, are the mass of soil and biochar
(kg C ha™?), respectively.

The typical alkaline property of biochar, arising from its
inorganic ash constituents and surface functional groups,
influences soil pH dynamics. Based on the proportional-
ity between soil buffering capacity and CEC (Nelson and
Su 2010), we employed an S-shaped response curve to
quantify biochar-mediated pH changes:

My, x BCy,
(Msoit +Mpe) x CECpe
o PH, — PH i) X (PH i — pH)) X co

PH i =pH i +

(30)
where pH,,;, pH,, and pH,, are the pH of soil, bio-
char, and soil-biochar mixture; BCy, is the lime value
of biochar (cmol, kg™'), representing the amount of
acid that the biochar can neutralize; pH, and pH, are
the upper and lower limit of soil pH (set at 8.3 and 3.5,
respectively), and ¢y is a fitted constant that adjusts soil
buffer capacity (set at 10). As noted by Archontoulis et al.
(2016), this representation of biochar’s effect on CEC
and pH is a simplified, empirically grounded approach to
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account for the aging effect, without explicitly identifying
the specific mechanisms.

2.2.5 Effects on ammonia adsorption/desorption

The high CEC of biochar promotes NH,* adsorption. We
quantified biochar-induced NH,* adsorption using the
Langmuir model following Gai et al. (2014):

Kads X (CECix/ CECyoit)
1 + Kags X (CECmix/ CECgir)

(31)
where NH 4,4 is the adsorbed NH,* from the soil solu-
tion, and k,; is the user-defined adsorption capacity.
Based on the equilibrium assumption that adsorbed
NH,* will gradually re-enter the soil solution, we model
desorption as the reverse of the adsorption process:

NH 4445 = avnHa X

kdes X (CECmix/CECsoil)
1+ kdes X (CECmix/CECsoil)
(32)
where NH 4, is the NH,* desorbed to the soil, and kg, is
the user-defined deposition coefficient.

NH 4405 = avNHa X

2.2.6 Effects on soil water

The effect of biochar on soil water retention parameters
in DLEM-Ag (wilting point, field capacity, and saturation
point) is modeled according to Archontoulis et al. (2016).
Studies indicate that while the wilting point remains
largely unaffected by biochar addition, both field capac-
ity and saturation point exhibit modifications dependent
on initial SOC content and biochar properties. The effect
of biochar on field capacity and saturation point are esti-
mated as follows:

(—kxSOC)

efchC = ch X e (33)

(—ksar xSOC)

QsathC =05t X € (34')

where 0y and 67, pc are the soil volumetric water con-
tent at field capacity before and after biochar addition,
respectively; 6y, and 6,4; pc are the soil volumetric water
content at saturation before and after biochar addition,
respectively; k and ks, are the user-defined parameters.

2.3 Model calibration and evaluation

2.3.1 Observation data collection

We identified 48 global cropland sites from a compiled
database of published field experiments (Huang et al.
2023). To ensure consistency for model calibration, sites
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were selected based on two primary selection criteria: (1)
only field experiments with paired biochar and control
treatments were included, and (2) cropping systems were
restricted to maize, soybean, wheat, or any rotation/com-
bination of these three crops. The final dataset (Table S2)
comprises measurements of crop yield, SOC, and GHGs
(e.g., CO,), as well as soil properties, biochar character-
istics (e.g., feedstock, pyrolysis temperature, and applica-
tion rate), and management practices, including tillage,
fertilization, and irrigation.

2.3.2 Model driving force data

To drive the DLEM-Ag-Biochar model, four types of
site-level datasets were collected and compiled: (1) natu-
ral environmental factors including climate conditions,
atmospheric CO,, and nitrogen deposition; (2) topogra-
phy and soil properties (e.g., pH, bulk density, soil tex-
ture, and CEC); (3) cropping system; and (4) agronomic
practices (nitrogen fertilization rate, irrigation, tillage,
residue treatment, rotation, and phenology). The Harmo-
nized World Soil Database was used if site soil informa-
tion was unavailable. We used the Open Meteo platform
to get site-specific climate conditions. Further details on
other auxiliary data are available in previous publications
(Huang et al. 2021, 2022; Ren et al. 2020).

2.3.3 Calibration and validation for the biochar model

The DLEM-Ag has been extensively parameterized, cali-
brated, and validated using field data collected worldwide
(e.g., Huang et al. 2020, 2021, 2022; Ren et al. 2012, 2016,
2020; Tian et al. 2010; You et al. 2022; Zhang et al. 2018).
A list of newly added biochar parameters related to crop
growth, SOC, and GHG emissions for calibration, along with
their values in this study, is shown in Table S2. Sensitivity
analyses for non-biochar (core DLEM) parameters have been
previously published and discussed in detail by Zhang et al.
(2018) and You et al. (2022) and are not repeated here. We
first ran the model with the default parameters and then cali-
brated it to obtain optimized, refined parameters that yield
a close match between observed and simulated crop yields,
SOC, and GHGs. Parameter tuning was executed within a
+20% range of first-estimated values according to the prin-
ciple in Jamieson et al. (1991). The parameters were set to
obtain the minimal bias between the simulated and observed
values across all sites. After model calibration, these param-
eter values were used in the subsequent model validation.
After model calibration, these parameter values were used
in subsequent simulations. The R* (coefficient of deter-
mination), RAE (relative absolute error), and RSME (root
mean square error) were calculated to evaluate the model
performance.



Ren et al. Biochar (2026) 8:95 Page 8 of 22
(a) Yield (b) SOC (c) CO:
20000 7—— - — 0 = :
n =418 ~ 100001n = 228 o n =88 e
17500 R? =078 . R%2=0.72 o 200004|R? = 0.91 ~
- RMSE = 1875.20 & 5 RMSE = 895.47 e = RMSE = 1995.67
o 150001 RAE = 0.37 ... .", o 80004 RAE = 0.55 o ,;, © RAE = 0.25
2 o0 % & o o N 2 15000 rd
< 12500 09 © °© ° X o o X - 7
o . §, Q6000 * oo S e o e
£ 10000+ o o . 2 . o i S o000 o
4l o ® kel 1 -
2 75001 y ¥, LYV 2 4000] % 7 & g °
© @ ’?. ° o J J o o
2 5000 ?W oo g % g *
£ 0% o £ . ,3(" £ 5000
n % o N 2000 ’ n
2500 547 %o £- #
5000 10000 15000 20000 2000 4000 6000 8000 10000 5000 10000 15000 20000
Observed Yield (kg ha™?) Observed SOC (kg ha™1) Observed CO, (kg ha™?)
i e Maize e Soybean Wheat]

Fig. 2 Overall model performance of the DLEM-Ag-Biochar model in simulating a crop yield, b soil organic carbon (SOC), and ¢ CO, emissions

across globally distributed biochar field experiment sites

2.3.4 Model implementation

The model simulation began with an equilibration run
using long-term average climate data to approach the ini-
tial states of the carbon, nitrogen, and water pools before
the initiation of the experiment at each site (Huang et al.
2021). The equilibrium state was defined such that the
year-to-year changes in carbon, nitrogen, and water pools
at the site would be less than 0.1 g C m~2 0.1 g N m~2,
and 0.1 mm H,O, respectively. In this procedure, we used
observed SOC data as the primary constraint, with the
model deriving initial values for unmeasured variables
(Ren et al. 2020). After the equilibrium run, we con-
ducted a 10-year spin-up using randomly selected climate
data to remove abrupt changes caused by the transition
from equilibrium to transient mode (Huang et al. 2020).
Finally, the model was supplied with time-series input
data in the transient mode.

2.4 Parameter sensitivity analysis

We conducted a local, one-at-a-time sensitivity analysis,
a perturbation-based approach that varies one param-
eter at a time around a baseline while holding all others
fixed (Hamby 1994; Saltelli et al. 2004). For each biochar-
related parameter, we applied —50, —25, 0, +25, and +50
percent changes, re-ran the model for each perturbation,
and recorded the resulting changes in target variables
(Figs. S1, S2, and S3). The sensitivity of each parameter
was evaluated by computing normalized relative changes
across perturbation levels (Lenhart et al. 2002; Saltelli
et al. 2008). This method reveals the relationship between
each parameter and outputs, showing whether responses
are linear or nonlinear, and whether there are tipping
points where outputs respond drastically to parameter
changes (Haghnegahdar and Razavi 2017; Pianosi et al.
2016).

3 Results

3.1 Overall model performance

The DLEM-Ag-Biochar model demonstrated strong per-
formance in simulating crop yield, soil organic carbon
(SOCQC), and CO, emissions when compared against field
observations (Fig. 1). For crop yield (n=418), the model
achieved a close agreement with observations, yielding
an R? of 0.78, an RMSE of 1875.20 kg ha™!, and an RAE
of 0.37 (Fig. 2a). SOC simulations (n=228) were also
robust, with an R? of 0.72, an RMSE of 895.47 kg ha™?,
and an RAE of 0.55 (Fig. 2b). The model exhibited the
highest accuracy for CO, emissions (n=288), with an R
of 0.91, an RMSE of 1995.67 kg ha™!, and an RAE of 0.25
(Fig. 20).

3.2 Model performance for crop yield

Model performance was evaluated across different
crop types, soil textures, climate zones, and biochar
application rates (Fig. 3). Parallel boxplots comparing
observed and simulated yields, with pairwise signifi-
cance tests, are shown in Fig. S4a—d. Model perfor-
mance for crop yield varied by crop type (Fig. 3a), as
indicated by distributional contrasts and pairwise tests
(Fig. S4a). The highest agreement between simulated
and observed yields was achieved for wheat (R?=0.79,
RMSE=1358.14 kg ha™!, RAE=0.46; n=107), fol-
lowed by maize (R*=0.68, RMSE =2288.04 kg ha™},
RAE=0.49; n=239). While soybean yield simula-
tions resulted in the lowest R? value (0.58; n=72),
they also exhibited the smallest absolute error
(RMSE =543.70 kg ha™'), a result consistent with the
lower absolute magnitude of soybean yields com-
pared to other crops; however, the higher RAE (0.71)
indicates larger relative error. When stratified by soil
texture (Fig. 3b), model performance was strongest
on medium-textured soils, demonstrating the highest
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Fig. 3 Model performance in simulating crop yield by crop type (a) and soil texture class (b) different climate zones (c), and under four biochar
application rate (d) categories: No biochar (0t ha™"), Low (<5 t ha™'), Medium (5-20 t ha™"), and High (>20 t ha™") across global field experiment
sites. Metrics include the number of observations (n), R, RMSE, and RAE

explanatory power (R*=0.87) and lowest absolute and Performance was moderate on fine-textured soils
relative errors (RMSE=919.26 kg ha~!, RAE=0.31; (R?>=0.71, RMSE=1925.45 kg ha™!, RAE=0.38; n=116)
n=119). and comparatively lower on coarse-textured soils, which
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showed the highest RMSE and RAE values (R*=0.65,
RMSE=2132.31 kg ha™!, RAE=0.51; n=144). Observed
vs simulated yield distributions by soil texture are shown
in Fig. S4b. Model accuracy varied substantially across
various climate zones (Fig. 3c). Tropical zones showed the
highest agreement (R*=0.90, RMSE=1412.01 kg ha™,
RAE=0.40; n=82), closely followed by temperate
zones (R*=0.81, RMSE=1419.20 kg ha™!, RAE=0.37;
n=95). Performance was lower in cold (R*=0.68,
RMSE=1858.51 kg ha™!, RAE=0.58; n=205) and arid
zones, with the latter showing the poorest model fit and
largest absolute error (R*=0.55, RMSE =3362.06 kg ha™';
RAE=0.58; n=36). Distributional contrasts across cli-
mate zones are shown in Fig. S4c. The model demon-
strated robust performance across biochar application
rates (Fig. 3d). Medium application rates yielded the
strongest correlation (R*=0.83, RMSE =1754.84 kg ha™%,
RAE=0.38; n=110). Performance was consistent for no-
biochar (R?=0.73, RMSE=1954.63 kg ha™!, RAE=0.41;
n=119) and low application treatments (R?*=0.75,
RMSE=2041.48 kg ha™!, RAE=0.34; n=71). Predic-
tions under high biochar applications maintained the R?
value of 0.73 (n=_80) but were associated with the highest
RMSE (2137.87 kg ha™!) and RAE (0.50) for this category.
Category-wise distributions for biochar application rates,
with pairwise significance, are shown in Fig. S4d.

3.3 Model performance for soil organic carbon (SOC)

The performance of the biochar model in simulating
soil organic carbon (SOC) stocks was evaluated across
various conditions (Fig. 4). Parallel boxplots compar-
ing observed and simulated SOC, with pairwise signifi-
cance tests, are shown in Fig. S5a—d. Model accuracy
varied substantially by category. Among crop types
(Fig. 4b), SOC simulations were most accurate for
maize (R*=0.82, RMSE=765.77 kg ha™!, RAE=0.48;
n=116) and wheat (R*=0.77, RMSE=2802.11 kg ha™},
RAE=0.41; n=53), while soybean systems showed the
poorest performance with the lowest R* (0.48) and high-
est errors (RMSE =1169.55 kg ha™!, RAE=0.82; n=59).
Distributional differences by crop type are shown in
Fig. S5a. Soil texture significantly influenced model
performance (Fig. 4b), with excellent agreement on
coarse-textured soils (R*=0.97, RMSE =488.71 kg ha™},
RAE=0.15; n=16) and strong performance on fine-
textured soils (R*=0.85, RMSE=807.68 kg ha™,
RAE=0.32; n="78). However, accuracy declined on
medium-textured soils, which exhibited the low-
est explanatory power (R*=0.35) and highest relative
error (RAE=1.01; n=107). Observed and simulated
SOC distributions by soil texture appear in Fig. S5b.
Climate conditions substantially affected model per-
formance (Fig. 4c). The strongest correlations were
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observed in arid (R*=0.85, RMSE=838.66 kg ha™’,
RAE=0.38; n=39) and cold zones (R*=0.83,
RMSE=709.02 kg ha™!, RAE=0.43; n=116), while
tropical zones showed minimal agreement with obser-
vations (R*=0.07, RMSE = 1187.50 kg ha™!, RAE =1.04;
n=63). Distributional contrasts across climate zones
are provided in Fig. S5c. Biochar application rates also
influenced model accuracy (Fig. 4d), with the strongest
performance under no-biochar conditions (R?=0.85,
RMSE =486.04 kg ha™!, RAE=0.34; n=76) and high
application rates (R*=0.74, RAE =0.48; n=68). Predic-
tive capability declined substantially at low application
rates (R*=0.26, RMSE=985.30 kg ha~!, RAE=0.98;
n=36), indicating challenges in simulating SOC
response to moderate biochar amendments. Biochar
application rate-specific SOC distributions and corre-
sponding pairwise tests are summarized in Fig. S5d.

3.4 Model performance for greenhouse gas emissions

The performance of the biochar model in simulat-
ing cumulative CO, emissions was evaluated across
multiple categories (Fig. 5). Detailed distributions
of observed versus simulated CO, by category, with
pairwise tests, are provided in Supplementary Fig.
S6a—d. Model accuracy varied substantially across
crop types (Fig. 5a), with excellent performance for
wheat (R?=0.96, RMSE=1776.33 kg ha™!, RAE=0.26;
n=15) and moderate performance for maize (R*=0.74,
RMSE=2037.82 kg ha™!, RAE=0.48; n=73). Crop-
type contrasts are shown in Fig. S6a. No soybean
data were available for validation. Soil texture sig-
nificantly influenced model performance (Fig. 5b),
with fine-textured soils showing the strongest agree-
ment (R*=0.96, RMSE=1580.86 kg ha™!, RAE=0.18;
n=39), while both coarse- and medium-textured
soils exhibited lower explanatory power (R*=0.70 for
both). However, medium-textured soils showed lower
absolute error (RMSE=699.77 kg ha™!) but higher
relative error (RAE=0.62; n=23) compared to coarse-
textured soils (RMSE=3049.27 kg ha™!, RAE=0.41;
n=26). Soil-texture contrasts are provided in Fig.
Séb. Climate conditions substantially affected model
accuracy (Fig. 5c), with exceptional performance in
temperate zones (R?’=0.98, RMSE=561.27 kg ha},
RAE=0.18; n=10) and strong performance in cold
zones (R*=0.91, RMSE=2167.40 kg ha™!, RAE=0.22;
n=66). Model performance declined in tropical zones,
which showed moderate R*> (0.54) but extremely
high relative error (RAE=11.52; n=4), and arid
zones, which exhibited minimal explanatory power
(R?=0.12, RAE=1.05; n=8). Climate-zone distribu-
tions appear in Fig. S6c. Biochar application rates
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Fig. 4 Model performance in simulating SOC by crop type (a) and soil texture class (b) different climate zones (c), and under four biochar
application rate (d) categories: No biochar (0t ha™), Low (<5 tha™"), Medium (5-20 t ha™"), and High (>20 t ha™") across global field experiment
sites. Metrics include number of observations (n), R, RMSE, and RAE

significantly influenced model performance (Fig. 5d), RAE=0.14; n=36) and no-biochar conditions (R*=0.95,
with the highest accuracy occurring under high RMSE=1321.11 kg ha™!, RAE=0.20; n=30). Per-
application rates (R*=0.99, RMSE=858.73 kg ha!, formance was notably weaker for low application
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Fig. 5 Model performance in simulating CO, by crop type (a) and soil texture class (b) different climate zones (c), and under four biochar
application rate (d) categories: No biochar (0t ha™"), Low (<5 t ha™'), Medium (5-20 t ha™"), and High (>20 t ha™") across global field experiment
sites. Metrics include number of observations (n), R%, RMSE, and RAE

rates (R>=0.93, RMSE =2804.07 kg ha !, RAE=0.59; the small sample size for low application rates limits

n=5) and medium application rates (R?*=0.59, the robustness of this assessment. Biochar-rate group
RMSE=3696.24 kg ha™!, RAE=0.61; n=17), though
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Fig. 6 Sensitivity analysis of the DLEM-Ag-Biochar model for key environmental and biogeochemical processes across varying biochar application
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distributions with the corresponding pairwise tests are
summarized in Fig. S6d.

3.5 Sensitivity analysis of biochar application rates
on environmental variables

A sensitivity analysis was conducted to evaluate the
effects of biochar application rates, ranging from 2.5 to
50 t ha™!, on key agronomic and environmental variables
(Fig. 6). The results for each measured parameter are pre-
sented below. Greenhouse Gas Emissions: Carbon diox-
ide (CO,) emissions increased substantially with higher
application rates, rising from 3836.2 kg ha™! at 2.5 t ha™!
to 4889.8 kg ha™! at 50 t ha™'. In contrast, methane

(CH,) emissions exhibited a decreasing trend, declin-
ing from 0.8848 kg ha™' at the lowest application rate to
0.8481 kg ha™! at the highest rate. Nitrous oxide (N,O)
emissions demonstrated a pronounced positive response
to biochar addition, increasing from 1.0532 kg ha™' to
1.3652 kg ha™! across the treatment range. Nitrogen Pro-
cesses: Nitrification rates increased consistently with
application rate, rising from 3210.98 kg ha™" at 2.5 t ha™
to 4483.57 kg ha™' at 50 t ha™'. Similarly, denitrifica-
tion rates showed a positive correlation, escalating from
12.28 kg ha™! to 16.08 kg ha™'. Soil ammonium (NH,")
availability also increased substantially, from 6.15 kg ha™
to 13.49 kg ha™! across the biochar gradient. Carbon
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and Ecosystem Flux: SOC content increased markedly
from 16.06 Mg ha™! to 39.13 Mg ha™! with increasing
biochar rates. Conversely, soil organic nitrogen (SON)
showed a modest increase, rising from 2.43 Mg ha™ to
2.47 Mg ha™'. The Net Ecosystem Productivity (NEP)
exhibited a substantial negative response, decreasing
from 2454.6 kg ha™' to 1412.1 kg ha™'. Water Fluxes and
Crop Yield: The hydrological cycle and agricultural out-
put were also sensitive to biochar amendments. Evapo-
ration showed a slight decreasing trend, declining from
3098.8 Mg ha™! to 3093.2 Mg ha~!. Conversely, infil-
tration exhibited a positive response, increasing from
6236.7 Mg ha™! to 6242.9 Mg ha™'. Crop yield demon-
strated a marginal but consistent increase with biochar
application, rising from 2543.2 kg ha™" to 2548.7 kg ha™'.

4 Discussion

4.1 Performance of the DLEM-Ag-Biochar model

The global site-level validation indicates that DLEM-
Ag-Biochar reproduces observed crop yield, SOC, and
GHG fluxes. Residual bias in simulated yield likely arises
from the use of fixed values for key physiological param-
eters, such as specific leaf area (SLA), maximum nitro-
gen uptake (MaxNup), and maximum carboxylation rate
(Vcmax), despite their known variation over phenology
and in response to environmental conditions (You et al.
2022; Danalatos et al. 1994; Tardieu et al. 1999; Lu et al.
2020; Qian et al. 2021; Quebbeman and Ramirez 2016).
The seasonal controls on SLA remain insufficiently
resolved in current models (Drewniak et al. 2013; You
et al. 2022). Spatial patterns of modeled yield broadly
align with observations, though discrepancies persist.
Across sites, the yield response to biochar application
rate was smaller than the responses of SOC and GHGs
(Fig. 1). We attribute this attenuation to feedback within
the biochar-soil-crop-atmosphere system represented
in the model, which can counterbalance process-level
effects or render them too small to shift yields. For exam-
ple, greater soil moisture, which promotes growth, can
also enhance nitrate losses via denitrification or leaching,
thereby constraining yield gains. Similar behavior has
been documented for APSIM’s biochar implementation
(Archontoulis et al. 2016). Overall, these patterns sup-
port our global, multi-crop validation study results and
conclusions.

Model performance on crop yield: Model’s performance
varied across climates, with tropical and temperate zones
showing the strongest agreement between modeled and
observed yields (Fig. 2). This pattern is consistent with
evidence that biochar performs best where moisture and
nutrients are abundant, improving soil structure, nutri-
ent retention, and plant growth (Lehmann et al. 2011;
Jeffery et al. 2017). In tropical systems, high microbial
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activity and rapid organic matter turnover intensify
nutrient cycling, amplifying gains in fertility and aggrega-
tion (Major et al. 2010; Singh et al. 2012). Lower RMSE in
these zones indicates that the model captures key path-
ways linking biochar, moisture, and nutrient availability
to yield responses (Kammann et al. 2015; Woolf et al.
2018).

The arid zone showed the weakest correlations and the
highest RMSE, indicating constraints that are not fully
represented. High temperatures, persistent water deficits,
and low organic matter limit biochar effectiveness and
complicate simulation of coupled water—nutrient dynam-
ics (Jeffery et al. 2011; Lehmann et al. 2011). Better per-
formance will likely require explicit irrigation scheduling,
evapotranspiration feedbacks, and biochar-soil moisture
interactions under drought (Kammann et al. 2015; Wang
et al. 2021). Although biochar can enhance water reten-
tion in dry soils, its effects may vary with application
rate and soil properties, reducing predictive accuracy
when simplified (Liu et al. 2013; Major et al. 2012). Het-
erogeneous leaching, sorption, and gas exchange matter,
motivating refinements to texture-sensitive parameters
and water-balance routines (Spokas et al. 2012; Atkinson
et al. 2010). Soil texture further modulated model perfor-
mance. Fine-textured soils exhibited the highest perfor-
mance, because greater water-holding capacity and CEC
elevate nutrient retention and uptake (Lehmann et al.
2011; Zhang et al. 2012a). Biochar’s porosity augments
these properties, yielding more consistent responses and
smaller errors (Atkinson et al. 2010). Coarse-textured
soils with lower moisture storage and higher leaching
rates showed moderate performance (Major et al. 2010).
Lower R? in medium-textured soils suggests the need for
additional calibration, including porosity, clay content,
and nitrogen cycling pathways (Jeffery et al. 2011). Vari-
ation in biochar particle size and composition also influ-
ences outcomes and should be represented where data
permit (Joseph et al. 2010; Spokas et al. 2012). Model
performance also varied with application rate and crop
type. At higher rates, accuracy sometimes declined, con-
sistent with reports that excessive biochar raises soil pH
and induces nutrient imbalances, particularly for nitro-
gen, altering rhizosphere activity and uptake (Lehmann
et al. 2011, 2020; Jeffery et al. 2017). Performance degra-
dation above ~20 t ha™! highlights the need for balanced
strategies that enhance nutrient availability without
compromising physicochemical stability (Major et al.
2010; Biederman & Harpole 2013). Among crops, wheat
showed the highest predictive accuracy, consistent with
benefits from improved moisture retention and nutri-
ent supply (Zhang et al. 2012a, b; Sun et al. 2017). Maize
showed moderate performance, reflecting high nutrient
demand and the value of pairing biochar with fertility
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management (Kammann et al. 2015). Soybean accuracy
was lower, plausibly due to reliance on biological nitro-
gen fixation and a smaller sample size (Rondon et al.
2007; Glaser et al. 2002).

Overall, the results support site-specific biochar
strategies that couple application rate, feedstock, and
particle size with climate, soil texture, and crop require-
ments. The model performs well in humid and temper-
ate regions, while water-limited processes constrain
applicability in arid systems (Laird et al. 2010; Liu
et al. 2013). Priorities include incorporating irrigation
dynamics and drought responses, refining hydraulic
and nutrient modules across textures, and expanding
long-term field validations to reduce parameter uncer-
tainty (Biederman & Harpole 2013; Lehmann et al.
2011). Attention to biochar-microbe interactions can
clarify mechanisms linking soil function and yield (Xu
et al. 2014). These advances will strengthen the use of
biochar within CSA frameworks and improve the gen-
erality of models across agroecosystems (Smith 2016;
Woolf et al. 2010).

Model performance on SOC: Across cropping systems,
biochar rates, and environments, the DLEM-Ag-Biochar
model gives reasonable SOC predictions, with varying
accuracy (Fig. 3). Higher R? values for wheat than for
maize indicate that model performance more effectively
captures SOC dynamics in wheat systems, consistent
with evidence that wheat often sustains steadier SOC
accumulation via regular residue inputs and compara-
tively slower decomposition (Luo et al. 2010; Powlson
et al. 2011). Greater variability in maize due to faster
residue turnover and shifts in microbial activity, help-
ing explain lower R? for maize (Kravchenko et al. 2015;
Tiemann et al. 2015). The model performance is notably
weaker in soybean systems. A likely reason is the simpli-
fied representation of biological nitrogen fixation (BNF).
In the current version, BNF is implemented as a static
input function and is not dynamically coupled with bio-
char-induced changes in key soil variables such as pH,
nutrient availability, or microbial activity. The model’s
moderate performance across biochar application rates
suggests that, while biochar supports SOC stabilization,
explicit representation of microbial interactions, min-
eral-associated organic matter formation, and manage-
ment effects remains important (Lehmann et al. 2011;
Singh et al. 2012). Climatic contrasts further shape model
performance. In temperate regions, where SOC stabi-
lization mechanisms and biochar-induced aggregation
are well documented, performance was highest (Woolf
et al. 2010; Smith 2016). Tropical sites were challenging,
with an R? of 0.07, likely reflecting high microbial activ-
ity, rapid decomposition, and accelerated biochar aging,
which together reduce SOC retention (Cheng et al. 2008;
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Zimmerman et al. 2011). Cold climates showed moderate
performance (R*=0.55), suggesting the need to improve
parameterization of freeze—thaw dynamics, season-
ally reduced microbial activity, and slower decomposi-
tion regimes that modulate SOC accrual (Kuzyakov and
Gavrichkova 2010; Schimel et al. 2004). These patterns
emphasize that biochar-driven SOC responses are con-
ditioned by climate-sensitive processes that must be cap-
tured by temperature- and moisture-response functions,
as well as by representations of biochar weathering over
time.

Soil texture exerted a strong control on predictive
accuracy. Medium-textured soils yielded the best per-
formance, consistent with their balanced aeration, water
retention, and microbial habitat that favor SOC stabi-
lization (Six et al. 2002; Denef et al. 2001). Coarse soils
showed reduced performance (R*=0.51), likely reflecting
weaker organo-mineral associations, greater leaching,
and higher DOC mobility (Hassink 1997; Thangarajan
et al. 2013). Fine-textured soils can retain substantial
SOC but also exhibit aggregation effects that mediate
biochar interactions with native organic matter; cap-
turing these mechanisms would improve predictions
(Blanco-Canqui 2017; Laird et al. 2010). Incorporating
texture-dependent sorption, pore-size distributions, and
water dynamics will better represent SOC stabilization
pathways across edaphic contexts. Overall, the results
support continued refinement of biochar SOC mod-
eling to account for site-specific climate, texture, and
crop effects. Priorities include stronger representation
of microbial feedback, priming effects, and age-depend-
ent biochar decomposition processes (Wang et al. 2016;
Ameloot et al. 2013), supported by expanded, long-term
field datasets for parameterization and validation (Jef-
fery et al. 2017; Biederman and Harpole 2013). Integrat-
ing mechanisms for biochar-mineral associations and
microbial-mediated stabilization should further enhance
model performance and generality across agroecosys-
tems (Lehmann et al. 2021; Weng et al. 2017).

Model performance on GHG emissions: The substan-
tial R? value of 0.96 indicates that the DLEM-Ag-Biochar
model performs well in predicting CO, emissions follow-
ing biochar application (Fig. 4). The model’s high accu-
racy aligns with previous studies that have demonstrated
the effectiveness of ecosystem models in simulating CO,
flux dynamics in agricultural landscapes (Smith 2016; Xu
et al. 2016). The observed RMSE, while indicating some
variance, suggests that minor improvements in model
calibration could enhance accuracy, particularly in cases
where extreme CO, emissions are recorded (Woolf et al.
2010). Factors such as biochar composition, soil micro-
bial activity, and climatic conditions influence CO, fluxes,
which may contribute to discrepancies between observed
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and predicted values (Lehmann et al. 2011; Ameloot et al.
2013). Biochar application has been shown to influence
soil respiration and microbial activity, both of which are
key regulators of CO, emissions. Studies have indicated
that biochar can enhance soil carbon sequestration by
stabilizing organic matter and reducing microbial decom-
position rates, thus lowering overall CO, emissions over
time (Wang et al. 2016; Kuzyakov and Gavrichkova 2010).
However, under certain conditions, biochar-induced
priming effects may lead to an initial increase in CO,
emissions before stabilizing (Zimmerman et al. 2011;
Jones et al. 2012). The observed alignment between simu-
lated and measured CO, values in this study suggests that
the model effectively incorporates these processes, but
further refinements may be required to capture short-
term fluctuations in CO, fluxes more accurately. The
slight deviations at higher CO, values suggest that the
model could benefit from further parameterization, par-
ticularly in cases of high organic matter decomposition
rates or specific soil conditions that promote enhanced
microbial respiration (Jeffery et al. 2011; Spokas et al.
2012). Future improvements should focus on integrating
additional field-based CO, flux measurements and refin-
ing the representation of microbial-driven carbon miner-
alization in the model framework (Blanco-Canqui 2017;
Singh et al. 2012). Additionally, the long-term effects of
biochar on soil carbon cycling need to be incorporated
into the model to improve predictions over extended
time scales (Woolf et al. 2018). Overall, this study con-
firms that the DLEM-Ag-Biochar model provides robust
predictions of CO, emissions following biochar applica-
tion, making it a valuable tool for assessing biochar’s role
in CSA. Future work should aim to refine biogeochemi-
cal feedback mechanisms and improve model calibration
using long-term experimental data to enhance its predic-
tive capabilities further (Lehmann et al. 2021; Ameloot
etal. 2013).

4.2 Sensitivity of the DLEM-Ag-Biochar model

The sensitivity analysis shows coherent, rate-dependent
responses across water, carbon, and nitrogen pathways
in DLEM-Ag-Biochar. With increasing biochar, evapo-
ration declined slightly (3098.8 to 3093.2 Mg ha™'), and
infiltration increased (6236.7 to 6242.9 Mg ha™!), consist-
ent with modification of pore-structure, reduced bulk
density, and improved water retention (Laird et al. 2010;
Atkinson et al. 2010; Jeffery et al. 2017; Major et al. 2012).
Crop yield increased modestly (2543.2 to 2548.7 kg ha™),
indicating limited short-term production gains. Soil C
increased from 16.06 to 39.13 Mg ha™!, confirming bio-
char’s role in long-term carbon sequestration and rel-
evance for climate mitigation (Lehmann and Joseph
2015; Woolf et al. 2010; Wang et al. 2016). In contrast,

Page 16 of 22

CO, emissions increased from 3836.2 to 4889.8 kg ha™
and NEP declined from 2454.6 to 1412.1 kg ha™, sug-
gesting enhanced microbial respiration or short-term
priming effects following amendment, responses that
vary across sites (Spokas et al. 2012; Kammann et al.
2017). CH, emissions decreased slightly (0.8848 to
0.8481 kg ha™?!), consistent with improved aeration and
stimulation of methanotrophs (Atkinson et al. 2010;
Major et al. 2012). Nitrogen cycling intensified with the
application rate. The NH,* pool increased from 6.15 to
13.49 kg ha™', nitrification increased from 3211.0 to
4483.6 kg ha™!, and denitrification increased from 12.28
to 16.08 kg ha™'. The concurrent rise in N,O emissions
(1.053 to 1.365 kg ha™!) indicates that greater mineral
N availability and redox-mediated transformations can
offset expected mitigation, which varies with pH, cation
exchange capacity, and electron acceptor dynamics (Gla-
ser et al. 2002; Ding et al. 2016; Xu et al. 2014; Yao et al.
2012). Although many meta-analyses report reduced
N,O emissions via improved N retention and altered
denitrification pathways, the direction and magnitude
of responses remain site-specific and sensitive to appli-
cation rate (Cayuela et al. 2014; Van Zwieten et al. 2014;
Case et al. 2012; Spokas et al. 2012). Many studies report
an average N,O mitigation effect of biochar, including a
synthesis that found an overall reduction across studies
(Cayuela et al. 2014). However, increases in N,O have
also been documented and are often linked to condi-
tions where nitrification-derived N,O dominates, where
biochar stimulates ammonia oxidizers and gross nitri-
fication, or where the biochar-C to fertilizer-N balance
favors greater N turnover (Sdnchez-Garcia et al. 2014;
Prommer et al. 2014; Feng and Zhu 2017). The sensitiv-
ity analysis was conducted under the baseline cropping
system and management settings used for this study, and
the direction and magnitude of N,O responses may dif-
fer under other crop rotations, fertilization regimes, and
soil moisture and temperature conditions. This caveat is
consistent with synthesis evidence that biochar impacts
on N,O vary with land use, soil properties, and environ-
mental controls, and should not be interpreted as a uni-
versal increase across all cropping systems. Altogether,
results indicate that higher biochar rates strengthen
water infiltration and SOC sequestration and deliver
small yield gains, but they also elevate CO, and N,O and
reduce NEP, revealing management trade-offs. Optimiz-
ing outcomes will require matching rate and particle
size with soil texture and climate constraints, coupling
biochar with nitrogen management to control mineral
N accumulation and gaseous losses, and integrating irri-
gation scheduling to stabilize moisture regimes (Zhang
et al. 2012b; Jeffery et al. 2017; Biederman and Harpole
2013). Long-term field validation is essential to quantify
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persistence and to refine model parameterization for N
transformations, priming dynamics, and biochar aging
over time (Lehmann et al. 2011; Verheijen et al. 2010).

4.3 The potential of the DLEM-Ag-Biochar model

Recent advancements in agricultural modeling highlight
the pressing need for comprehensive simulation frame-
works tailored for innovative soil amendments such as
biochar. Biochar has gained attention in recent decades
for its agronomic benefits and carbon sequestration
potential (Dokoohaki et al. 2018; Lehmann et al. 2011).
Extensive research highlights the agronomic benefits
of the complex interaction between the heterogeneous
nature of the biochar and its ability to improve the soil
health and crop yield (Huang et al. 2023; Kumar et al.
2025). Zhao et al (2022) emphasized the need of tools
that help us to understand the effect of different types
of biochar (e.g., different values of feedstock, pyrolysis
temperature, surface area, ash content, and C/H/O/N
content) on all kinds of soil types (e.g., different values of
texture, dry bulk density, moisture content, organic mat-
ter content, and porosity) under various environmental
situations (e.g., temperature, rainfall, evaporation, crops,
and management measures). In response, this study
presents the development and application of DLEM-
Ag-Biochar, a novel computational framework for simu-
lating and predicting the multidimensional impacts of
biochar amendments across heterogeneous agricultural
ecosystems.

The DLEM-Ag-Biochar offers practical applica-
tions that extend beyond theoretical evaluations. It can
address the critical gap in current research by trans-
forming limited short-term experimental datasets into
comprehensive long-term projections, as highlighted by
the validation results. By accurately capturing complex
soil-plant-atmospheric dynamics, the model avoids the
excessive costs and time constraints typically associ-
ated with traditional field experiments. Delgado et al.
(2019) and Zhai et al. (2020) showed that computational
frameworks can expedite the optimization of agricul-
tural practices, supporting advancements in sustainable
farming systems. A key strength of ecosystem mod-
els such as DLEM-Ag-Biochar is their ability to func-
tion as a virtual experimental laboratory. Researchers
can efficiently assess a wide array of variables including
varied biochar application rates, amendment composi-
tions, and environmental conditions to identify optimal
strategies tailored to specific agricultural contexts. For
instance, the model can perform simulation of dec-
ades of crop cycles within hours, while incorporating
dynamic factors such as climate variability, soil prop-
erties, and diverse management practices. This capa-
bility allows researchers to narrow down promising
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configurations before undertaking resource-intensive
field trials.

Critically, this framework can be used as a decision-
support tool to recommend region-specific biochar
strategies. This is achieved by systematically linking (i)
regional climate and soil constraints (e.g., texture, base-
line soil organic carbon (SOC), pH, and moisture regime)
with (ii) measurable biochar properties determined by
feedstock and pyrolysis conditions, and (iii) conducting
scenario simulations across a feasible range of applica-
tion rates to quantify trade-offs among crop yield, SOC
accrual, and GHG outcomes. This approach follows
established guidance that application rate and biochar
type should be tailored to local soil and management
conditions rather than using blanket recommendations
(American Farmland Trust 2026) and aligns with the
conclusion that locally specific decision support is nec-
essary because biochar outcomes are heterogeneous and
depend on feedstock and production choices (Interna-
tional Biochar Initiative 2026; Lehmann et al. 2021). Bio-
char selection can be operationalized within the model
through standardized, property-based classification, ena-
bling precise matching of biochar characteristics to local
soil deficiencies or goals. Recent evidence emphasizes
the geographically varying responses to biochar and the
strong role of application rate and nitrogen management
in driving this spatial heterogeneity (Chen et al. 2024; Xu
et al. 2025), a complexity the DLEM-Ag-Biochar model is
designed to unravel.

4.4 Knowledge gaps and future research opportunities

This study sets the basis for a mechanistic and system-
level assessment of biochar effects on soils and crops and
the potential trade-offs. We envision that the biochar
model will shed light on critical questions and generate
hypotheses for experimental research. The biochar model
is still a nascent technology and has great potential to
assist agronomists, soil scientists, economists, and poli-
cymakers in designing sustainable and profitable biochar-
based major cropping systems. Moreover, most sites in
this study conducted short-term experiments focused
on individual variables, such as crop yield, SOC, and
GHG emissions. Samples were also uneven across mod-
eled variables and stratification conditions, introducing
uncertainty to subgroup evaluation and extrapolation.
For example, yield observations in the arid zone (n=236)
were fewer than those in the tropical zone (n=_82). Simi-
lar imbalances occurred for SOC and CO,, including
limited temperate SOC observations (n=10) and sparse
CO, data in tropical (n=4) and arid (n=8) zones com-
pared with cold regions (n=66). Therefore, performance
metrics for data-sparse strata should be interpreted more
cautiously, and future calibration and validation should
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prioritize expanding long-term, co-located measure-
ments of yield, SOC, and GHG fluxes in underrepre-
sented environments to better constrain parameters and
improve model generalizability. Furthermore, while this
study focused on yield, SOC and CO, flux due to the
availability of consistent multi-year datasets for global
benchmarking, incorporating non-CO, greenhouse
gases (N,O and CH,) is a critical next step. A priority for
future work is to test whether the rate response of N,O
(and other N transformation fluxes) is consistent across
contrasting cropping systems and climates by expanding
long-term, co-located observations and running multi-
factor scenario ensembles. Such datasets are needed to
better constrain how biochar alters the balance between
nitrification-derived and denitrification-derived N,O
under crop-specific N demand and moisture regimes.
These trace gases are essential for a comprehensive eval-
uation of Climate-Smart Agriculture (CSA) objectives, as
they represent potent climate forcing agents that signifi-
cantly influence the net mitigation potential of agricul-
tural systems (Paustian et al. 2016; Smith 2016). Although
SOC changes indicate carbon sequestration, coupling
these stocks with process-level CO, efflux and trace gas
fluxes provides a more robust constraint on the total eco-
system carbon and greenhouse gas balance (Woolf et al.
2010).

The reliability of process-based models like DLEM-
Ag-Biochar fundamentally depends on high-quality,
long-term empirical data to validate and refine model
assumptions. This study focused on biochar in maize,
wheat, and soybean systems due to sufficient multi-var-
iable field data and the model’s established calibration for
these upland crops. Flooded rice systems were excluded
because they require distinct representations of paddy
hydrology and methane production, which are relatively
simplied in the current module’s scope; and meanwhile
the available biochar dataset for rice was also inadequate
for robust parameterization. Also, expanding calibra-
tion and validation efforts using extended field trials is
critical to capture a broader range of ecosystem services
(e.g., yield, soil chemistry, nutrient fluxes) as the data
become available. In summary, these data will be essen-
tial for achieving our specific model development goals:
(1) finalizing and expanding calibration across diverse
environments, cropping systems, and biochar types, (2)
creating a user-accessible database for calibrated biochar
parameters to facilitate systematic analysis, (3) imple-
menting and enhancing mechanistic modules, most piv-
otally by explicitly distinguishing between fresh and aged
biochar properties to dynamically represent the aging
effects, as well as by incorporating processes such as
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biochar impacts on microbial and root dynamics, and (4)
extending the module to simulate N,O and CH, fluxes to
align model outputs with the full suite of CSA mitigation
targets. We also recommend that field scientists keep
detailed site-specific information, along with a calendar
of crop management practices, to ensure these studies
can more effectively support modeling efforts.

5 Conclusion

In this study, we developed and tested a new biochar
model. Our findings highlight the effectiveness of bio-
char as a CSA strategy, emphasizing the module’s role
in simulating crop yield, soil carbon storage, and GHG
emissions. The DLEM-Ag-Biochar model demonstrated
robust predictive capability across various environmen-
tal conditions, but performance declines under extreme
environmental conditions, indicating the need for tar-
geted refinement. Simulations show that biochar’s
impact varies by soil type, climate, and management
practices, necessitating further validation through
long-term field trials and applications. Future work
should focus on integrating microbial interactions with
soil physicochemical properties to optimize biochar use
for sustainable agriculture and climate mitigation. This
study provides a foundation for improved biochar mod-
eling and implementation.
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