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Abstract

Effective amelioration of acidic soils with biochar is critical for mitigating soil degradation and promoting sustain-
able agriculture, yet this requires robust mechanistic understanding and predictive modeling. This review synthe-
sizes the key biogeochemical pathways by which biochar neutralizes soil acidity and enhances soil pH buffering
capacity. We identify critical data gaps—notably the overlooked relative contributions of organic and inorganic
alkalis—that currently limit the predictive performance of artificial intelligence (Al) models. A statistical literature
analysis reveals that ensemble learning algorithms, particularly Random Forest, are predominant across various
application scenarios, such as crop yield prediction, due to their robustness against overfitting and their capac-
ity for feature importance ranking. However, no single algorithm is universally optimal. The choice of algorithm
depends on several factors, including the amount of available data, the complexity of the problem, and the com-
putational resources. Both multi-source data fusion and multi-model ensembling can enhance the predictive
performance of Al models when appropriately configured. Future data fusion should prioritize integrating
remote sensing with proximal sensor, multi-modal microbial, and imaging-chemical data to elucidate interac-
tions across the biochar-soil-microbe—plant continuum. In conclusion, the predictive accuracy for biochar's
performance in acidic soil amelioration can be enhanced by: (1) integrating sensing technologies to develop
new methods with high resolution and low detection limits; (2) applying Al while ensuring model interpretability
and avoiding overclaims of causality; (3) constructing benchmark datasets to expand the usability of biochar data;
(4) improving the representation of microbial responses to biochar in Al models; and (5) strengthening interdisci-
plinary collaboration among soil scientists, model developers, and sensing technology experts.

Highlights

- Ensemble learning, especially Random Forest, dominates Al modeling for predicting biochar efficacy in acidic
soils.

- Decoupling organic and inorganic alkalis is critical for advancing mechanism-based Al predictions.

-+ Multi-source data fusion integrates sensing technologies to overcome data limitations and enhance model per-
formance.
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1 Introduction

Soil acidification poses a major threat to the sustain-
ability of global agriculture. As early as 1995, Von
Uexkiill and Mutert (1995) reported that approximately
3.95 billion hectares of global land have a pH of less
than 5.5, accounting for about 30% of the world’s arable
land. These acidic soils are predominantly distributed
in the cold, humid temperate zones and the high-rain-
fall tropical and subtropical regions. Soil acidification
has been further exacerbated by excessive application
of chemical nitrogen fertilizers, intensive land use, and
industrial nitrogen oxide emissions. The essence of soil
acidification is the accumulation of acidic substances
at a rate exceeding the soil’s acid buffering capacity—a
phenomenon particularly pronounced in China (Zhang
et al. 2025a; Guo et al. 2010; Zhao et al. 2023). Over
the past few decades, acidification has even emerged
in the deeper soil layers of some regions in China. Soil
acidification not only leads to the leaching loss of base
cations, including calcium (Ca®"), magnesium (Mg?*),
potassium (K*), and sodium (Na*), and phosphorus (P)
immobilization (Alekseeva et al. 2011; Jiang et al. 2015).
It also induces aluminum (Al) and manganese toxicity
to plant roots and soil microorganisms, while increasing

the bioavailability and toxicity of heavy metals such as
lead and cadmium. These factors severely inhibit crop
growth and lead to yield reductions (Reddy et al. 1995;
Rout et al. 2001; Li et al. 2024b; Guo et al. 2025). At a
more fundamental level, acidification profoundly alters
the biogeochemical cycles of carbon (C), nitrogen (N),
P, and sulfur in soils by suppressing enzyme activity
and disturbing the structure and function of microbial
communities (Ali et al. 2025; Hu et al. 2024; Lehmann
et al. 2011; Lee et al. 2022; Li et al. 2024e; Waheed et al.
2025). Developing efficient and sustainable technolo-
gies for ameliorating acidic soils is therefore an urgent
necessity for ensuring food security and advancing
sustainable agricultural development. The application
of alkaline amendments—such as lime, biochar, crop
straws, and manure—is a primary strategy for mitigat-
ing soil acidification and alleviating aluminum toxicity
(Dai et al. 2017). However, traditional lime amendment
has several disadvantages, including dust pollution,
limited effectiveness in deep soil layers, a tendency for
soil compaction, a short duration of action, and a pro-
pensity for re-acidification (Tang et al. 2013). Industrial
by-products often contain heavy metals, increasing the
risk of secondary pollution (Li et al. 2010). Organic
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wastes frequently contain excessive nitrogen and phos-
phorus, which may lead to water eutrophication (Case
et al. 2017). Furthermore, the effectiveness of straw
return in ameliorating acid soils remains debated (But-
terly et al. 2013). In contrast, biochar can reduce soil
active and exchangeable acidity while also significantly
enhancing soil pH buffering capacity (pHBC), thereby
strengthening the soil’s resistance to re-acidification
(Shi et al. 2017, 2019¢; Xu et al. 2012). Its high C con-
tent, porous structure, negatively charged surface, and
highly alkaline nature endow biochar with the ability to
modify soil physicochemical properties. This includes
reducing bulk density, raising soil pH, and improving
nutrient availability, water-holding capacity, and cat-
ion exchange capacity (CEC) (Liu et al. 2015; Hossain
et al. 2020). Moreover, biochar promotes soil-microbe
interactions, enhancing soil functions and stimulat-
ing soil enzyme activities, thereby providing nutrients
and energy for plant growth (Ali et al. 2025; Lehman
et al. 2011; Liao et al. 2019; Pokharel et al. 2020). These
properties distinguish biochar from traditional amend-
ments, positioning it as an acid ameliorant capable of
providing both short-term remediation and long-term
soil health maintenance.

The mechanisms by which biochar neutralizes soil
acidity have been extensively studied. Its abundant
base cations and oxygen-containing functional groups
can lower soil active acidity (He et al. 2022a, 2022b),
while the sustained dissolution of carbonates and sili-
cates enhances the soil's pHBC (Yuan et al. 2011b; Xu
et al. 2012; Shi et al. 2017). However, biochar-mediated
amelioration of acidic soils involves a complex system
characterized by multi-interface, multi-scale, and multi-
process interactions. The nonlinear interactions among
biochar properties and production conditions (feedstock,
pyrolysis temperature, functional group abundance, min-
eral composition), inherent soil conditions (initial pH,
CEC, clay content, organic matter), and environmental
factors (precipitation, temperature, management prac-
tices) render traditional statistical models inadequate
for accurately predicting amelioration outcomes (Zhang
et al. 2025b). Dai et al. (2021) systematically summarized
how four key properties of biochar—porous structure,
volatile organic carbon, pH, and electrochemical prop-
erties—directly and indirectly influence soil bacterial,
fungal, and protist communities. Furthermore, Lei et al.
(2023) confirmed through machine learning (ML) that
microorganisms serve as a critical mediator linking bio-
char amendment to soil ecological functions, emphasiz-
ing that their quantitative characterization is paramount
for developing interpretable and generalizable predictive
models. Consequently, artificial intelligence (Al) offers a
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novel methodological toolkit for unraveling the complex-
ities inherent in biochar-mediated amelioration of acidic
soils.

ML models, which are based on statistical learning,
can capture the nonlinear relationships between bio-
char properties, soil conditions, and the improvement
effect. This enables the prediction of changes in key soil
properties, such as pH, soil organic carbon (SOC) con-
tent, and the concentration of available heavy metals,
following biochar application. Deep learning (DL), a
subset of ML, can automatically extract abstract features
from high-dimensional data, including biochar charac-
terization spectra and microscopic images. For instance,
Random Forest (RF) has been shown to provide highly
accurate predictions of SOC content (Ding et al. 2025).
The gradient boosting family (e.g., Gradient Boosting
Decision Tree (GBDT) and eXtreme Gradient Boosting
(XGBoost)) exhibits outstanding performance in predict-
ing soil properties due to enhanced predictive accuracy
and capacity to handle heterogeneous features. Through
a pot experiment combined with an RF model, Ke et al.
(2022) identified the most critical biochar properties
influencing soil acidity amelioration as alkaline func-
tional groups, Ca, Mg, P, and K contents, and specific sur-
face area—with contribution rates of 13%, 13%, 12%, 10%,
9%, and 10%, respectively. However, current research
remains predominantly “data-correlation-driven”—while
models can establish statistical correlations between bio-
char properties and ameliorative effects, correlation does
not equate to causation. Deeper questions regarding the
mechanisms and efficacy of biochar in acidic soil amelio-
ration remain to be elucidated. Although interpretabil-
ity tools such as SHapley Additive exPlanations (SHAP)
and Partial Dependence Plots (PDP) can quantify feature
contributions, they cannot distinguish correlation from
causality (Xiong et al. 2014; Wadoux 2025). Furthermore,
most models are trained on short-term incubation data,
rendering them incapable of capturing long-term dynam-
ics such as biochar aging and soil re-acidification (Cheng
et al. 2008; Zimmerman 2010).

The advancement of proximal soil sensing (PSS) tech-
nologies—including visible and near-infrared spec-
troscopy (Vis—NIR), portable X-ray fluorescence
spectrometry (PXRF), fiber-optic pH sensors, and planar
optode imaging—has enabled a technological leap from
laboratory determinations to in situ field measurements
(Kahlert et al. 2004; Rudolph-Mohr et al. 2017; Green-
berg et al. 2022a, b). Characterization techniques such as
Attenuated total reflectance-Fourier transform infrared
spectroscopy (ATR-FTIR), X-ray photoelectron spec-
troscopy (XPS), X-ray diffraction (XRD), and scanning/
transmission electron microscopy coupled with energy
dispersive X-ray spectroscopy (SEM/TEM-EDS) reveal
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and quantify the physicochemical mechanisms underly-
ing biochar—soil interactions across atomic, molecular,
and microscopic scales (Cheng et al. 2008; Keiluweit et al.
2010; Mukherjee et al. 2011). These advances facilitate
the transformation of such mechanisms into structured,
quantifiable, high-quality datasets (Wilkinson et al. 2016;
IBI 2015; EBC 2022). These developments provide a rich
data source for Al-based prediction of biochar ameliora-
tion efficacy, provided that appropriate calibration and
workflows are implemented (Wilkinson et al. 2016). Such
frameworks can integrate data on climate, soil proper-
ties, biochar characteristics, and management practices
to predict ameliorative effects under diverse scenarios
(Jeffery et al. 2011; Li et al. 2022; Jiao et al. 2025). There-
fore, this review aims to address the following questions:
(1) What are the biogeochemical mechanisms by which
biochar neutralizes soil acidity and enhances pHBC and
what are the mechanistic gaps that AI modeling needs
to resolve? (2) How can Al assist in designing, predict-
ing, and elucidating these processes? (3) How can multi-
sensor technologies provide the necessary data support?
(4) How can we transcend the current data-correlation
paradigm towards mechanism-guided intelligent predic-
tion? Our overarching objectives are twofold: (1) to iden-
tify synergies and complementarities among different
technological approaches, and (2) to explore viable path-
ways for transitioning from a “data-correlation-driven”
approach to “mechanism-guided intelligent predic-
tion"—thereby providing a scientific foundation and
technical support for the global management of acidified
soils and the advancement of sustainable agricultural
development.

2 Key processes in biochar-mediated acidic soils
and implications for artificial intelligence
modeling

2.1 Biochar decreased soil acidity

2.1.1 Direct chemical neutralization mechanisms

The alkaline nature of biochar is attributed to its constit-

uent carbonates (predominantly amorphous, with some

crystalline phases like calcite and dolomite), surface
oxygen-containing functional groups (OFGs, e.g., car-
boxyl ~-COOH and phenolic hydroxyl —~OH), and solu-
ble organic compounds (e.g., conjugate bases of organic
acids) (Noble et al. 1996; Yan And Schubert 2000; Xu

And Coventry 2003). During pyrolysis, particularly from

feedstocks like crop straws, these components, such as

inherent organic anions and inorganic carbonates, are
retained or even concentrated (Yuan et al. 2011a, 2011b;

Yuan and Xu 2012). The primary mechanisms by which

biochar ameliorates soil acidity include:
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(1) Base cation exchange and direct neutralization by
carbonates

Abundant base cations (e.g., Ca**, Mg*, K*, Na*) in
biochar exchange with exchangeable AI** in acidic soils.
The released AI** hydrolyzes to generate H*, which are
then neutralized by the biochar’s alkaline components,
primarily carbonates. This process, known as the "lim-
ing effect" of biochar, raises soil pH (Yuan et al. 2011b;
Shi et al. 2019a). Carbonates are the principal source of
inorganic alkalinity, contributing 20-73% of the biochar’s
total alkalinity (Yuan et al. 2011b).

(2) Deprotonation of surface OFGs

Biochar itself is alkaline with a high pH. The weakly
acidic OFGs abundantly present on its surface, such
as carboxyl (-COOH) and phenolic hydroxyl (—OH)
groups, partially exist as organic anions (e.g., -COO~, —
O7) when the soil pH is high. In acidic soils, these ani-
ons can bond directly to H*, thereby consuming H* and
directly increasing the soil pH (Berek And Hue 2016; Shi
et al. 2017, 2018a, 2018b). Feedstock type and pyrolysis
temperature determine the abundance of these OFGs,
with higher temperatures generally reducing their con-
centration. Nevertheless, biochar produced at moderate
temperatures (e.g., 500 ‘C) retains sufficient OFGs to pro-
vide a balance between alkalinity and structural stability
(Yuan et al. 2011b).

(3) Complexation and buffering by organic anions

Soluble organic anions, originating from the biochar
surface or released into the soil solution, can complex
with H" to form neutral molecules, thereby reducing
soil acidity (He et al. 2022a, 2022b). Furthermore, these
organic components mitigate Al** toxicity by forming
stable organo-aluminum complexes, effectively immo-
bilizing AI** into more inert, less bioavailable forms (Xu
et al. 2012).

(4) Enhancement of soil surface charge and pHBC

Biochar application significantly increases the soil’s
CEC. This enhanced negative surface charge improves
the retention of essential base cations and simultaneously
elevates the soil's pHBC, thereby strengthening its resil-
ience against future acidification (Xu et al. 2012).

2.1.2 Microbially-mediated geochemical mechanisms

Biochar enhances microbial functions by acting as both
a physical scaffold and a functional amplifier. Its high
specific surface area and porosity create protective
niches—or microbial “hotspots”—that shield functional
microorganisms (e.g., urease-producing bacteria, car-
bon-fixing autotrophs) from environmental stress (Yu
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Fig. 1 The mechanisms for biochar remediation of acidic soil: Reduce soil acidity and increase soil acid buffering capacity

et al. 2020; Viana et al. 2024), while also providing car-
bon and nutrient sources. This “carrier effect” promotes
the colonization and metabolic activity of key functional
groups, thereby stimulating enzymatic processes (e.g.,
urease activity) and accelerating the biogeochemical
cycling of carbon, nitrogen, and phosphorus. Beyond
general increases in microbial diversity (Deng et al. 2026;
Liu et al. 2023; Li et al. 2026b), long-term biochar amend-
ment selectively enriches key phyla such as Proteobacte-
ria and Actinobacteria (Ameloot et al. 2014; Palansooriya
et al. 2019). This community shift establishes a functional
foundation for subsequent microbially-driven alkali-
generating processes. Furthermore, biochar acts as a
“micro-reactor” and nucleation template, facilitating
microbially- and enzyme-induced carbonate precipita-
tion. This process synthesizes new carbonate minerals,
providing a mechanism for the long-term neutraliza-
tion of soil acidity (Martinez et al. 2013; Almajed et al.
2019; Li et al. 20244, b, ¢, d, e). Concurrently, the secre-
tion of extracellular polymeric substances (EPS) by

microorganisms represents another crucial pathway for
soil acidity amelioration. The mechanism is driven by
abundant functional groups within the EPS matrix—
notably phosphoryl, carboxyl, and phenolic hydroxyl
groups—which engage in complexation and buffering
reactions at soil mineral interfaces, mitigating proton
(H") activity and AI** toxicity (Kayoumu et al. 2025). The
significance of this pathway is underscored by evidence
showing that EPS addition can raise the pH of an acidic
red soil by 1.23 units, a process dominated by the activity
of phosphoryl groups (Nkoh et al. 2022).

2.2 Biochar amendment enhances soil pHBC

pHBC is a critical indicator for evaluating soil resistance
to acidification. Figure 1 illustrates the multi-process syn-
ergistic mechanisms by which biochar reduces soil acid-
ity and enhances soil pHBC.



Guo et al. Biochar (2026) 8:134

2.2.1 Key chemical processes

(1) Protonation of surface organic anions: A rapid
and direct “first buffering line of defense”

The organic anions generated from the dissociation of
weakly acidic oxygen-containing functional groups on
the biochar surface act as conjugate bases, capable of
directly undergoing protonation reactions with H in the
soil solution (Shi et al. 2019a, b, ¢):

Biochar-COO™ /Biochar-O~ + H™
— Biochar — COOH/Biochar — OH

This process is characterized by its rapid response
and direct action, representing the primary pathway for
enhancing pHBC in the initial stages following biochar
application (Shi et al. 2017). Its pHBC is strongly depend-
ent on biochar production conditions: low-temperature
pyrolysis (~350-500 ‘C) favors the retention of more
oxygen-containing functional groups, thereby endow-
ing such biochars with a more pronounced protona-
tion pHBC (Yuan et al. 2011b). Spectroscopic evidence
confirmed that biochars produced at low temperatures
(300-500 C) exhibit significant —COQO~ characteris-
tic peaks at~1590 cm™ and~1400 cm™ (Yuan et al.
2011b). ATR-FTIR further revealed that as the system pH
decreases, the absorption peak of -COO™ weakens while

Heavy metal
transformation and

contaminant
degradation
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the —COOH peak intensifies, providing direct evidence
for the occurrence of protonation (Shi et al. 2017). From
a modeling perspective, this mechanism provides well-
defined, quantifiable reaction sites (e.g., via Boehm titra-
tion or FTIR peak intensity) that can serve as key input
features for predictive AI models.

(2) Enhancing soil CEC: Constructing a robust “ion
exchange buffering reservoir”

Soil CEC is a fundamental chemical property govern-
ing soil fertility and ecological function. It determines
the soil’s ability to retain and supply cationic nutrients
(Ca®*, Mg?", K*, NH,") and, critically, influences the
tolerance of crops to aluminum toxicity in acidic soils
(Zhao et al. 2022; Xu et al. 2012; Shi et al. 2019c¢). For
a given AI®" activity in soil solution, soils with higher
CEC and greater exchangeable base cations exhibit
higher Ca*/Al%*, Mg?*/Al%*, and K*/AI** ratios, which
mitigate Al toxicity and result in higher critical AI**
activity thresholds for crop growth (Zhao et al. 2022).
Biochar possesses a substantial CEC, typically 10 times
greater than that of acidic soils (Munera-Echeverri
et al. 2018), and its application increases the net nega-
tive charge in soil (Alling et al. 2014; Yuan et al. 2011a).
Zeta potential measurements indicate that biochar par-
ticles carry negative charge across pH 3-7, with the
electronegativity increasing as pH rises (He et al. 2020).

Change soil nutrient
cycling
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D Machine Learning

s |
coCe) T :
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Fig. 2 Mechanisms of biochar-mediated microbial regulation in the amelioration of acidic soils. A-F are adapted from Parasar et al. (2025), He et al.

(2021), Jiang et al. (2020), Lei et al. (2023), Dai et al. (2021), Lei et al. (2023)
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The high CEC of biochar is primarily attributable to the
abundant oxygen-containing functional groups on its
surface, which dissociate to generate negative charge
sites (Shi et al. 2017; Yuan et al. 2011b). The increase
in CEC enhances the exchange reactions between
base cations and H* by providing more exchange sites,
thereby reducing the concentration of H' in the soil
solution (Xu et al. 2012):

[Soil colloid] — M"T + nHT — [Soil colloid]
_ H+ + Mn+ (Mn+ — Ca2+,Mg2+,K+)

However, the effect of biochar on soil CEC depends
not only on biochar properties but also on inherent soil
properties. Amendment with 1% biochar increased the
CEC of soils with relatively low initial CEC but did not
significantly affect soils with high initial CEC (Yuan
and Xu 2012). The impact of this mechanism is most
pronounced in soils with low initial CEC and weak
pHBC (Huff and Lee 2016). Conversely, the magnitude
of improvement is less significant in soils with high
CEC (Xu et al. 2012). Biochar-induced CEC increase is
positively correlated with pHBC enhancement, as CEC
provides exchange sites for buffering proton inputs (Shi
et al. 2017, 2018a; Xu et al. 2012). This dependency
highlights the necessity of including initial soil CEC as
a critical interactive variable in predictive AI models.

(3) Dissolution and precipitation of silicates and car-
bonates: Providing sustained and long-term “alkaline
substance replenishment”

Inorganic components, primarily carbonates and sili-
cates, provide biochar with its long-term acid-neutral-
izing capacity. In high-temperature (>500°C) biochars,
carbonates such as calcite and dolomite are the domi-
nant inorganic alkalis, with their abundance increasing
directly with pyrolysis temperature, as confirmed by
XRD and acid—base titration (Yuan et al. 2011b). The
gradual dissolution of these carbonates creates a dis-
tinct buffering plateau between pH 5.5 and 8.0 in titra-
tion curves, signifying their sustained acid-neutralizing
activity. Biochars derived from specific feedstocks, such
as rice husk and corn straw, are also rich in amorphous
silicates. These amorphous silicates slowly hydrolyze
in acidic soils, consuming H* (H;SiO,” + H* —» H,SiO,)
and providing an additional, slower-release neutralizing
mechanism (Shi et al. 2017). This process can contrib-
ute up to 20% of the increase in soil pHBC and indi-
rectly mitigates aluminum toxicity by promoting the
formation of stable aluminosilicate minerals (Qian et al.
2016).
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2.2.2 Microbially-mediated biogeochemical cycles:
Constructing a dynamic “biological buffering engine”

The restructuring of soil microbial community structure
and function by biochar has been demonstrated to play
a pivotal role in enhancing the long-term and dynamic
pHBC of soils (Shi et al. 2017). Figure 2 illustrates the
key microbial mechanisms through which biochar appli-
cation influences soil acidity and nutrient cycling. By
modulating microbial communities and their functions,
particularly within the carbon, nitrogen, and iron cycles,
biochar stimulates critical biochemical reactions that
either produce alkali or consume acid. These processes
can enhance the soil’s long-term resilience against soil
re-acidification (Quilliam et al. 2013; Lei et al. 2023; Wu
et al. 2025).

(1) Direct biogeochemical pathway: Driving alkali-
producing metabolic processes

Biochar stimulates microbial alkali-generating pro-
cesses by altering the soil microenvironment and pro-
moting the metabolic activity of specific functional
microorganisms. These processes include three primary
mechanisms: First, biochar promotes ammonification
while concurrently inhibiting nitrification. By elevat-
ing soil pH and organic nitrogen availability, biochar
stimulates microbial ammonification (the conversion
of organic N to NH,"), a process that consumes pro-
tons (H") and generates net alkalinity (Shi et al. 2019b).
Simultaneously, biochar inhibits autotrophic nitrifica-
tion (NH," - NO; +2H"), a strongly acidifying process.
This inhibition is attributed to mechanisms including
competitive NH," adsorption onto biochar surfaces and
shifts in microbial competition, which often result in the
suppression of ammonia-oxidizing bacteria (AOB). This
shift can favor alternative, less acidifying pathways like
heterotrophic nitrification, ultimately reducing the net
rate of soil acidification (Lin et al. 2017; Xie et al. 2023).
Second, biochar promotes dissimilatory nitrate reduction
to ammonium (DNRA), a process which can be directly
facilitated by acting as an electron shuttle. Within anaer-
obic microsites created by biochar (e.g., internal pores),
microorganisms like Clostridium and Geobacter reduce
NO,™ to NH,". This pathway (NO; +8e +10H'—N
H,"+3H,0) provides a dual benefit: it consumes sub-
stantial protons to mitigate acidity and re-immobilizes
easily leached nitrate as more stable ammonium, thus
conserving soil nitrogen (Pandey et al. 2020). Third, bio-
char regulates denitrification pathways, promoting com-
plete denitrification to dinitrogen (N,). By altering the
denitrifying community—for example, by increasing the
abundance of microbes carrying the nosZ gene (which
encodes the enzyme for nitrous oxide (N,O) reduction)—
biochar drives the process towards its final product (N,).
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This not only ensures proton consumption throughout
the pathway but also mitigates the emission of the potent
greenhouse gas N,O, thereby altering nitrogen fluxes in a
manner that contributes favorably to soil acid—base bal-
ance (Wang et al. 2023).

(2) Indirect mineral transformation pathway: Con-
suming acidity and immobilizing active aluminum

Biochar mediates the biogeochemical transformation
of iron (Fe) and aluminum (Al) minerals, leading to net
proton consumption by altering microbial electron trans-
fer pathways. On one hand, biochar acts as an electron
shuttle, facilitating the microbial reduction of insoluble
Fe(IlI) oxides to more soluble Fe(II) by microorganisms
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such as Geobacter and Shewanella (Nealson And Saffa-
rini 1994; Weber et al. 2006). This reductive dissolution
process—simplified as Fe(OH);+3H"+e — Fe?* +3H
,O (with electrons derived from concurrent oxidation of
organic electron donors)—directly consumes protons,
thereby lowering soil solution acidity (Long et al. 2024).
On the other hand, while this iron reduction releases
previously occluded or co-precipitated Al**, biochar con-
currently provides a mechanism for its immobilization.
Silicates (H,SiO,) and phosphates (PO,%) released from
the biochar, along with microbially-produced organic
ligands, complex with this free AI®* (Shi et al. 2017).
This interaction promotes the formation of stable sec-
ondary minerals, such as hydroxy-aluminosilicates and

Canola straw biochar

Organic
anions/

C\ | 500:C {700

0 5 10 15 20 25 30 35
Volume of HCI (mL)

Inorganic
alkalinity

Canola straw biochar

Carbonates, silicates
A delay in onset

» Sustained release

* A distinct buffering plateau

20 25 30 35 40 45 50
20 (Cu Kar)

C Al-driven predictive paradigm

Fig. 3 Conceptual comparison of traditional modeling approaches versus Al-based frameworks for biochar-mediated acidic soil amelioration,
highlighting the importance of decoupling organic and inorganic alkalinity. A Traditional model predictions that overlook the decoupling

of organic anions/alkalinity from inorganic alkalinity, which amplifies the black-box effect and obscures the underlying mechanisms. B Differences
in the mechanisms of acidic soil remediation between organic alkalinity (e.g., carboxylate, hydroxyl, and carbonyl groups) and inorganic alkalinity
(e.g., carbonates, silicates): a pH buffering plateau (observed mainly for biochars produced at 500 and 700 °C, except for corn straw biochar)
illustrating the dominant role of inorganic carbonates in long-term acid neutralization, while organic anions contribute primarily to rapid initial

pH increase; b X-ray diffraction (XRD) patterns identifying inorganic alkaline mineral phases (e.g., calcite, dolomite, and sylvite) in biochar, adapted
from Yuan and Xu (2011b). C Prospects and a proposed workflow for incorporating the organic-inorganic alkalinity decoupling into Al-based
predictive modeling, aiming to enhance model interpretability and mechanistic transparency. Panels (a) and (b) are adapted from Yuan and Xu

(2011b) with permission
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amorphous aluminum phosphates. Consequently, poten-
tially acidic AlI**—which would otherwise hydrolyze to
produce H* (A" +H,0 = Al(OH)*" + H")—is effectively
removed from the soil solution. This immobilization
serves as a critical, indirect pathway for mitigating soil
acidification (Qian and Chen 2013).

(3) Secretion of EPS rich in functional groups

EPS provide a direct buffering effect via the protona-
tion of their organic anions dissociated from weak acidic
functional groups. The abundant organic anions (e.g.,
carboxylates, -COQ") within the EPS matrix, particularly
when adsorbed onto soil mineral surfaces, act as proton
sinks. In response to an acid influx, these groups read-
ily protonate (e.g, ~-COO™+H"—-COOH), consum-
ing protons and buffering the soil against a pH decline
(Flemming And Wingender 2010). This buffering action
is significant; studies have demonstrated that EPS addi-
tion increased soil pHBC by 17-22%, effectively delay-
ing re-acidification (Nkoh et al. 2022). Furthermore, EPS
regulate the mobility and toxicity of aluminum through
complexation. Functional groups within the EPS matrix
also complex with highly toxic, exchangeable AI**, trans-
forming it into less bioavailable forms, such as adsorbed
hydroxy-aluminum species and solid-phase organo-alu-
minum complexes (Nkoh et al. 2020b, 2020c). Finally,
EPS help maintain soil chemical stability by retaining
essential base cations. Negatively charged sites within
the EPS matrix electrostatically adsorb base cations (e.g.,
Ca?*, Mg?"). This interaction mitigates their leaching
loss during acidification events, thereby preserving soil
nutrient status and buffering reserves (Nkoh et al. 2020a,
2020c).
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2.3 Insights and considerations for Al modeling: The
need to decouple organic and inorganic alkaline
components

Predictive models of biochar-mediated acidic soil ame-
lioration often oversimplify alkalinity by treating total
alkalinity as a single empirical feature for predicting
changes in soil pH and pHBC (Brewer et al. 2011; He
et al. 2022a, 2022b). While convenient, this approach
conflates chemically distinct sources of alkalinity that dif-
fer profoundly in origin, reaction pathways, and kinetics,
fundamentally limiting the model’s ability to distinguish
material-specific behavior or predict temporal dynamics.
Direct experimental evidence substantiates this limita-
tion. Using selective acid washing and titration, He et al.
(2022b) successfully partitioned total alkalinity into
its organic (organic anions) and inorganic (carbonates
and other mineral alkalis) components. Despite com-
parable total alkalinities, two biochars exhibited funda-
mentally different alkaline profiles: corn-straw biochar
(~93 cmol_kg™!) was dominated by inorganic non-car-
bonate alkalis (~ 61%), whereas rapeseed-straw biochar
(~284 cmol_kg™) contained nearly balanced organic
(46%) and inorganic (54%) fractions. Functionally, inor-
ganic alkalis provided sustained resistance to acidity,
while organic alkalis induced transient pH increases that
depleted rapidly. These findings reveal that using total
alkalinity as a single feature assumes false functional
equivalence and masks mechanistic divergence. As illus-
trated in Fig. 3, decoupling these components is essential
for building mechanistically robust AI models.

From a ML perspective, collapsing two chemically
distinct alkalinity classes—each with unique origins,
kinetics, and soil interactions—into a single scalar value
constitutes and a semantic collapse of the feature space.
This compression prevents models from identifying
distinct causal pathways for organic versus inorganic

Table 1 Effects of pyrolysis temperature on biochar properties and their implications for acidic soil amendment

Pyrolysis pH Major alkaline Functional group  Carbonate Buffering Recommended
temperature component abundance content characteristics application
Low (~300 C) Moderate (6-9) Organic functional High (-COO™,-OH) Low Rapid but limited Slightly acidified soils
groups dominant buffering capacity  requiring immediate
pH correction
Medium (~500°C)  High (9-11) Organic-inorganic ~ Moderate Significantly Balanced buffering  Optimal for most
synergy increased (rapid+sustained)  acidic soil amend-
ment scenarios
High (~700 C) Very high (>11) Carbonates domi- Low Very high Sustained buffering  Long-term remedia-
nant with pronounced tion and carbonate-

plateau region; slow
response

rich soil applications

The “Recommended application” column reflects expert synthesis based on the empirically generalized from Yuan et al. (2011b), supplemented by the soil incubation
and field trial evidence from Deng et al. (2025), Sulaiman et al. (2026), Yuan et al. (2011a), Yuan and Xu (2012), and Xu et al. (2012). For feedstocks or soil conditions

outside those tested, these recommendations require further validation
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components and precludes capturing their contrasting
temporal profiles (instantaneous vs. sustained responses)
or interactions with soil properties such as CEC, initial
pH, and clay content. This conceptual flaw underlies the
systematic biases often observed when predictive mod-
els for biochar-amended acidic soils are extrapolated
across feedstocks and soil types (Li et al. 2024a; Aurang-
zeib et al. 2025). Mechanistically, organic and inorganic
alkalis display distinctive chemical behaviors. Organic
alkalinity arises from oxygen-containing functional
groups—carboxyl, phenolic hydroxyl, and lactone—on
biochar surfaces. Their protonation follows Langmuir-
type surface adsorption equilibria, exhibiting rapid onset,
site saturation, and short-term buffering in low-pH soils.
These functional groups also act as cation-complexa-
tion sites (Qian et al. 2015; Wang et al. 2024b), yet are
inherently pH-sensitive. In contrast, inorganic alkalin-
ity is governed by mineral components such as carbon-
ates, silicates, and phosphates, whose buffering capacity
depends on dissolution kinetics (Rajapaksha et al. 2015),
producing delayed but sustained neutralization mani-
fested as a plateau at pH 5.5-8.0. Pyrolysis conditions
exert a decisive regulatory control over these two alkaline
classes. Characterization of biochars from 17 feedstocks
by Brewer et al. (2011) demonstrated that pyrolysis tem-
perature and pressure drive aromaticity and functional-
group depletion. With increasing temperature, biochar
pH and ash content rise sharply while oxygen-contain-
ing functional groups decline—a widely observed pat-
tern (Yuan et al. 2011b; Wang et al. 2014; Bai et al. 2017;
Sarfraz et al. 2019; Anet al. 2025). Accordingly, design
recommendations for biochar selection based on the
relative abundance and buffering kinetics of organic and
inorganic alkalinity are summarized in Table 1. Notably,
these recommendations are independently supported
by a recent global meta-analysis of 286 field studies
(Zhang et al. 2025c), which reported that biochar pro-
duced at<500 °C from wood feedstock achieved the
greatest yield gains in strongly acidic soils—consist-
ent with the medium-temperature recommendation in
Table 1. It should be noted that the recommendations
in Table 1 are not derived from formal meta-analysis or
statistically optimized thresholds. These recommenda-
tions—including the assignment of pyrolysis temperature

(See figure on next page.)
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categories to specific amendment scenarios—are empiri-
cally generalized from the systematic characterization of
four crop straw biochars (canola, corn, soybean, and pea-
nut) at 300, 500, and 700 °C by Yuan et al. (2011b), sup-
plemented by the soil incubation and field trial evidence
from Deng et al. (2025), Sulaiman et al. (2026), Yuan et al.
(2011a), Yuan and Xu (2012), and Xu et al. (2012). The pH
ranges, carbonate contents, and buffering characteristics
represent observed trends under these specific experi-
mental conditions, rather than statistically derived uni-
versal thresholds. The recommended applications reflect
expert synthesis based on available evidence and should
be interpreted as a general reference framework, with the
understanding that optimal selection remains context-
dependent on feedstock type, soil properties, and specific
amendment objectives.

Mechanistic decoupling of these alkaline components
provides a far more informative and physically meaning-
ful feature set for data-driven modeling. In current Al
applications—such as RF models predicting soil proper-
ties—parameters like biochar C/N ratio or pyrolysis tem-
perature frequently emerge as dominant predictors (Li et
al. 20244, 2025). However, these are merely latent proxies
for the underlying ratio of organic to inorganic alkalinity.
Recasting these proxies into directly measurable, com-
ponent-specific descriptors is essential for transitioning
models from superficial correlation identification to true
causal representation of soil buffering mechanisms. The
barrier to this transformation is the scarcity of such com-
ponent-resolved data. Although numerous publications
report total alkalinity, few provide detailed measures
such as carboxyl-group density or carbonate content—
indicators indispensable for mechanistic AI modeling.
This deficiency, repeatedly noted in recent meta-analy-
ses (Liu et al. 2019; He et al. 2021; Liet al. 2024a, 2025;
Aurangzeib et al. 2025), remains the field’s chief bottle-
neck. Progress therefore depends on collective action
toward standardized data-reporting practices that explic-
itly include component-specific indicators rather than
aggregated totals, providing the mechanistic foundation
required for next-generation Al predictive modeling in
biochar-amended acidic soils.

Fig. 4 Global analysis of studies (total N=119) employing Al for acidic soil remediation. A Geographic distribution of the reviewed literature.

B Word cloud of keywords extracted from the literature, where larger words indicate higher frequency. C Word cloud of models and analytical
methods, where larger words indicate higher frequency. D Annual publication volume over time, showing a distinct upward trend in biochar
simulation researches. Data sourced from the Web of Science core collection, accessed on January 12, 2026. RF Random Forest, ANN Artificial
Neural Network, XGBoost eXtreme Gradient Boosting, MLR Multiple Linear Regression, GBM Gradient Boosting Machine. Details of literature retrieval

and data generation are provided in Text S1 of the Supporting Information
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3 Advancing biochar-mediated amelioration
of acidic soils using Al

3.1 Research trends and current status of Al applications

in evaluating biochar efficacy for acidic soil

amelioration
The three-factor framework of soil acidification—active
acidity (pH), exchangeable acidity (exchangeable H'/
AP?"), and pHBC—provides well-defined targets for
evaluating amelioration efficacy (Liu et al. 2025b). Bio-
char reduces soil acidity through liming effects, cation
exchange, complexation, and precipitation reactions,
while enhancing pHBC via protonation of OFGs and
release of base cations (Dai et al. 2017). However, the
complex nonlinear interactions among biochar proper-
ties, inherent soil characteristics, and environmental
conditions render traditional statistical models inad-
equate for accurately predicting amelioration outcomes.
Data-driven models, including ML and deep learning
approaches, are capable of capturing the intricate nonlin-
ear relationships between biochar properties, soil condi-
tions, and ameliorative effects. Figure 4A illustrates the
global distribution of researches in this field, with the
majority originating from the Northern Hemisphere,
particularly China (78), India (17), Germany (14), France
(13), and the United States (11) (for literature search
methods, see Text S1, Supporting Information). The pre-
dominance of studies from China is consistent with the
country’s extensive acidic soil area (approximately 32.4%
of its total land, Zhao et al. 2023) and its high research
output in biochar-related fields over the past decade
(Zhang et al. 2025d), but we acknowledge that this dis-
tribution does not imply that acidic soil amelioration is
a uniquely Chinese concern. Rather, soil acidification is
a global agricultural challenge affecting diverse pedo-
climatic regions, and the methodological frameworks
discussed herein are intended to be transferable across
regions, provided that site-specific calibration and valida-
tion are performed. To understand the models employed
in predicting biochar efficacy for acidic soil amelioration,
we conducted a literature review. As shown in Fig. 4C,
our analysis reveals a distinct upward trend in biochar
simulation researches over the past decade. This trend
can be attributed to the continuous development and
optimization of models, the progressive improvement
in simulation accuracy, and significant advances in data
acquisition and sharing. Among these approaches, RF—a
prominent ML method—has emerged as the dominant
technique in this field (Fig. 4B-D; discussed in detail
below). Furthermore, increased attention driven by gov-
ernment policy support and growing recognition of soil
acidification and carbon-related issues across various
sectors has provided strong impetus for biochar simula-
tion researches.
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3.1.1 Designing biochar efficiently using Al

Al models can assist in identifying optimal designs while
avoiding over-optimization. First, Al can identify key
feature factors. Palansooriya et al. (2022) employed ML
models, which suggested that biochar nitrogen content
and application rate were the two most significant fea-
tures influencing heavy metal immobilization. Regarding
inverse design, Lyu et al. (2024) proposed using ML to
design biochars with high phosphorus adsorption capac-
ity for water pollution remediation. Xiang et al. (2024)
further elucidated the threshold effect of metal load-
ing, demonstrating that Fe/Ca modification significantly
enhanced Cd adsorption efficiency; however, the effect
tended to plateau at excessively high loading levels, sug-
gesting that over-modification should be avoided. Al has
also provided new tools for investigating biochar aging
effects and structural stability. Liao et al. (2025) con-
structed multi-factor aging prediction models (RF, GBDT
and XGBoost), predicting that optimal biochar structural
stability occurred at carbon contents of 60—80%, oxygen
contents of 10-30%, and hydrogen contents of 4—6%.
Adsorption performance peaked after 35-40 freeze—
thaw cycles coupled with 25-35 wet-dry cycles, simulat-
ing an “optimal performance window” equivalent to 2—3
years of natural aging. These findings provide quantita-
tive targets for the directed preparation of aging-resistant
biochars. In the context of multi-objective optimization
design, Wang et al. (2024a) employed interpretable ML
(RE, XGBoost) to simultaneously predict heavy metal
adsorption capacity and biochar specific surface area
(SSA). Their results indicated SSA and adsorption capac-
ity were not linearly correlated; excessively high pyroly-
sis temperatures, while increasing SSA, compromised
surface functional groups. This finding challenges the
conventional empirical assumption that “high SSA nec-
essarily ensures high efficacy’, suggesting the necessity of
multi-objective trade-offs in biochar design.

3.1.2 Predicting biochar efficacy for acidic soil amelioration
using Al

Elevating soil pH is the primary indicator of success-
ful acidic soil amelioration, and ML models have proven
highly effective in predicting this outcome. For instance,
Zhao et al. (2026a) utilized Light Gradient Boosting
Machine (LightGBM) and Deep Neural Network (DNN)
models to accurately predict soil pH enhancement, iden-
tifying biochar pH, CEC, electrical conductivity, and ini-
tial soil pH as the critical determinants. Furthermore,
because acidic soils often suffer from elevated heavy
metal bioavailability, predicting metal immobilization
is equally crucial. Using an optimized RF model, Du
et al. (2024) demonstrated that biochar properties dic-
tate Cd immobilization efficiency (60.96% contribution),
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substantially outweighing the influence of experimental
conditions (19.6%) or inherent soil properties (19.44%).
Ultimately, the goal of soil amelioration is to improve
crop yield. Using interpretable ML on 447 observational
datasets, Zhai et al. (2026) found that RF models pro-
vided the most robust predictions of biochar-induced
plant growth. Moreover, SHAP analysis suggested that
biochar-related variables dominated the prediction
(72.3% contribution—primarily biochar type and appli-
cation rate) compared to soil-related variables (27.7%,
with initial pH contributing only 7.79%). Addressing crop
yield via a binary classification approach, Jiao et al. (2025)
corroborated these findings. By applying random under
sampling to mitigate data imbalance, their RF model
(recall=0.817) confirmed that biochar pH, application
rate, initial soil pH, and total nitrogen are the foremost
predictors of positive yield responses. Despite these
benefits, AI models also highlight the “dual identity” of
biochar as both an ameliorant and a potential stressor.
Dong et al. (2026) applied an RF classification model
to a large dataset, achieving 79% accuracy in predicting
biochar’s net impact on soil biota. Their model identi-
fied high biochar pH (>6), excessive application rates
(>50 g kg™!), and high pyrolysis temperatures (>550 °C)
as primary risk factors for adverse ecological effects. This
presents a critical trade-off for acidic soil management:
while highly alkaline biochars offer superior pHBC,
their unoptimized application risks detrimental impacts
on soil micro- and macro-fauna. Synthesizing these Al-
driven insights enable the establishment of optimized,
safe application frameworks. Based on predictive mode-
ling, Zhai et al. (2026) recommend high-temperature (‘C)
straw- or husk-derived biochars applied at approximately
25% (w/w) for acidic soils. To prevent secondary environ-
mental stresses—such as osmotic shock, ionic imbalance,
and micronutrient immobilization—AI models explicitly
caution against exceeding critical safety thresholds. Spe-
cifically, application rates should not surpass 60% (w/w),
the electrical conductivity of biochar must remain below
6250 uS cm ™, and biochar nitrogen and phosphorus con-
tents should not exceed 4% and 6%, respectively.

3.1.3 Elucidating microbial responses in biochar-amended
acidic soils using Al

Traditional analytical approaches struggle to extract gen-
eralizable patterns from high-dimensional, sparse ampli-
con data, particularly in complex acidic soils driven by
overlapping stresses (e.g., low pH, aluminum toxicity).
Consequently, ML provides robust frameworks to deci-
pher biochar-microbe interactions by efficiently iden-
tifying key responsive taxa, structural network shifts,
and functional trajectories (Dai et al. 2021). A primary
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application of ML lies in the robust identification of
microbial biomarkers that indicate successful soil ame-
lioration. Algorithms, particularly RE, excel at mining
expansive microbiome datasets to pinpoint core taxa
that exhibit consistent responses to biochar’s dual role
as a carbon source and a liming agent. By constructing
classification models, these approaches elucidate bio-
char-driven community restructuring (e.g., the transi-
tion from acid-tolerant oligotrophs to copiotrophs). For
instance, Li et al. (2026a) integrated 843 16S rRNA (16S
ribosomal RNA (rRNA)) samples across 24 studies using
an RF model coupled with recursive feature elimination.
This approach successfully screened 138 biomarker gen-
era exhibiting consistent responses to biochar across
taxonomic levels, achieving a robust classification accu-
racy of 85.9% (AUC=0.859; AUC, area under the curve).
Expanding this scope, Lei et al. (2023) integrated 1288
16S rRNA and 525 ITS (the internal transcribed spacer)
samples from 53 studies, revealing that fungal commu-
nities exhibited a more pronounced response to biochar
than bacteria. This finding is highly pertinent to acidic
soils, where fungi often dominate prior to remediation.
Their RF model achieved an impressive 99.54% classifica-
tion accuracy in identifying characteristic taxa, including
14 specific bacterial orders (e.g., Gemmatimonadetes)
and 7 fungal families (e.g., Erythrobasidiaceae), effectively
capturing the structural succession driven by biochar.
Furthermore, ML extends beyond taxonomic identifica-
tion to quantify biomarker contributions to ecosystem
functions, facilitating predictions of microbial assembly
and the restoration of nutrient cycling previously inhib-
ited by extreme acidity (Lei et al. 2023; Liu et al. 2023;
Li et al. 2026a). Rehman et al. (2024), for example, inte-
grated soil enzyme activities and microbial biomass into a
binary ML model, accurately delineating “stressed” from
“remediated” soils (sensitivity: 80.1%, specificity: 80.5%).
Nevertheless, integrating ML into biochar-microbiome
research presents ongoing challenges. First, reliance on
relative abundance from amplicon sequencing obfuscates
absolute microbial population changes (Dai et al. 2021).
Relative abundance—expressed as the proportion of each
taxon within a community—does not reflect absolute cell
numbers; an observed increase in the relative abundance
of a given taxon could result either from its absolute pro-
liferation or from the decline of other community mem-
bers (Vandeputte et al. 2017; Beule et al. 2021). These
scenarios carry fundamentally different implications for
interpreting microbial responses to biochar amendment.
To address this limitation, future models must incor-
porate absolute quantification methods. Quantitative
PCR (qPCR) targeting functional genes (e.g., ammonia
monooxygenase subunit A gene (amoA) for ammonia
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Fig. 5 Publications using Al for predicting acidic soil remediation effects. Bar chart on the left shows total publications for each algorithm. The dot
chart below illustrates intersections between algorithms, with connecting lines indicating instances where two or more algorithms are applied
together in a single study. Top bar chart displays number of publications associated with these algorithmic intersections. RF Random Forest,

SVM Support Vector Machine, GBM Gradient Boosting Machine, XGBoost eXtreme Gradient Boosting, LightGBM Light Gradient Boosting Machine,
CatBoost Categorical Boosting, ANN Artificial Neural Network, DL Deep Learning. Data sourced from Web of Science 12 January 2026. Details

of literature retrieval and data generation are provided in Text S1 of the Supporting Information

oxidizers, nitrite reductase gene (nirS) and nitrous oxide
reductase gene (nosZ) for denitrifiers) provides a widely
adopted approach for absolute quantification of key
functional groups (Jian et al. 2020). For community-level
absolute quantification, methods such as synthetic chi-
meric DNA spike-ins added directly to samples prior to
DNA extraction, allowing calculation of absolute abun-
dance based on the known spike-in copy number (Tkacz
et al. 2018), the integrated high-throughput absolute
abundance quantification (iIHAAQ) approach combin-
ing high-throughput sequencing with qPCR (Wang et al.
2022), or droplet digital PCR (ddPCR) for absolute quan-
tification without standard curves (Quan et al. 2018) can
be adopted. Recent advances have expanded this toolkit:
the Accul6S/AcculTS method employs synthetic inter-
nal spike-in DNA added prior to PCR, enabling stand-
ard-curve-based absolute quantification of bacterial and
fungal amplicons in a single sequencing run (Bai et al.

2026a; Wen et al. 2023). Complementarily, Tourlousse
and Sekiguchi (2025) developed 12 synthetic rRNA
operons (rDNA-mimics) as spike-in standards for cross-
domain absolute quantification of fungal and bacterial
microbiomes. Integrating absolute abundance data into
ML frameworks will substantially enhance the ecologi-
cal interpretability and practical relevance of predictive
models for biochar-amended soils. Second, marker gene-
based functional predictions (e.g., FAPROTAX, Func-
tional Annotation of Prokaryotic Taxa) risk false positives
and require validation through multi-omics approaches
including metagenomics and metatranscriptomics.
Third, current models largely omit viruses and protists.
Integrating trans-kingdom data into ML frameworks is
essential for untangling complex food web responses to
biochar application.
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Table 2 Applications of different Al models in biochar-mediated acidic soil amelioration
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Prediction target

Machine learning model

Key features identified

Performance metrics

Reference

Soil pH improvement

Crop yield response (Clas-
sification)

Crop yield (regression)

Heavy metal immobilization
(Cd, Pb, Zn, etc.)

Heavy metal adsorption
capacity (Cd, Pb, etc.)

Biochar yield prediction

Biochar carbon content

Biochar specific surface area

Greenhouse gas emissions
(N,O, CH,4, COy)

Soil organic carbon (SOC)
sequestration

Biochar cation exchange
capacity (CEC)

Biochar pH

LightGBM, DNN

RF

RF, MLP-NN

RF, XGBoost

RF

XGBoost, LightGBM, DNN

RF, XGBoost, CatBoost

XGBoost, LightGBM, DNN

RF, XGBoost

XGBoost, RF

XGBoost, RF, DNN

XGBoost, RF, LSTM

RF

RF, XGBoost

CatBoost, LightGBM,
XGBoost

CatBoost, LightGBM,
XGBoost

Biochar pH, biochar CEC,
biochar EC, initial soil pH

Biochar pH, biochar addi-
tion rate, initial soil pH,
initial soil total nitrogen

Biochar application rate,
initial SOC, biochar pH,
biochar total phosphorus

Biochar properties (espe-
cially N content), biochar
application rate, soil proper-
ties, heavy metal type

Biochar properties (pH, CEC,
ash), soil pH, soil CEC, initial
metal concentration

Biochar properties (60.96%),
experimental conditions
(19.6%), soil properties
(19.44%)

Biochar pH, CEC, EC, H/C,
O/C; adsorption conditions
(pH, time, concentration)

Metal type, initial concen-
tration, biochar feedstock,
pyrolysis temperature,
solution pH

Pyrolysis temperature,
biomass three-component
parameters (cellulose,
hemicellulose, lignin), ash
content

Pyrolysis temperature,
residence time, fixed car-
bon, nitrogen content, ash
content

Pyrolysis temperature,
biomass composition (C, H,
O, N), ash content

Pyrolysis temperature, ash
content, plant organ type

Mineral N fertilizer rate,
organic fertilizer application,
irrigation mode, soil pH, soil
organic carbon

Biochar application rate,
initial SOC, latitude, biochar
pH, biochar total phos-
phorus

Soil properties (60.27%),
biochar properties, climate
factors, Cd stress level

Feedstock composition
(cellulose, lignin), pyrolysis
temperature

Pyrolysis temperature,
feedstock composition (cel-
lulose, lignin)

R?=0.92, MAE=0.291,

RMSE=0.539
Recall=0.817, Accu-
racy =0.687

Test R2=0.83 (RF), 0.84
(MLP-NN)

Training R?=0.90, Testing
R*=0.85

R?>0.8 for Cr, Cu, Ni, Pb, Zn

R?=0.89-0.92

R?=0.92-0.96

R?=0.89-0.92

R?=0.87-0.98

R?=0.90-0.96

R?=0.84-0.92

R?=0.75-0.87 (for CH4/N,0)

Test R2=0.87

R?=0.76-0.95

R?=0.76-0.95

Zhao et al. (2026a)

Jiao et al. (2025)

Xu et al. (2025)

Guo et al. (2023)

Chen et al. (2025)

Du et al. (2024)

Zhao et al. (2026b); Jiang et al.
(2025)

Yaseen & Alhalimi (2025);
Duan et al. (2024)

Zhao et al. (2024, 2025)

Leng et al. (2022); Zhu et al.
(2023)

Leng et al. (2022); Zhu et al.

(2019)

Leng et al. (2022); Jiang et al.
(2025)

Wu et al. (2023); Hamrani et al.
(2020)

Xu et al. (2025)

Sun et al. (2026)

Xiang et al. (2025)

Xiang et al. (2025)

Details of literature retrieval are provided in Text S2 of the Supporting Information. LightGBM Light Gradient Boosting Machine, DNN Deep Neural Network, RF
Random Forest, MLP-NN Multilayer Perceptron Neural Network, XGBoost eXtreme Gradient Boosting, CatBoost Categorical Boosting, LSTM Long Short-Term Memory
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Fig. 6 Comparative performance of machine learning algorithms and other modeling approaches for predicting the efficacy of biochar

in acidic soil remediation. Relative changes are expressed as percentages for R? (left panel) and RMSE (right panel). Each comparison

is made against a reference model listed on the right side of the pairing (e.g.,“RF vs. ANN"indicates that Random Forest (RF) is compared

against Artificial Neural Network (ANN)). Other comparator approaches include statistical methods, such as Response Surface Methodology (RSM),
and computational intelligence techniques, such as Adaptive Neuro-Fuzzy Inference System (ANFIS). Positive values indicate improvements in R?
(increase) or reductions in RMSE (decrease) for the left-side model relative to the right-side reference. Error bars denote 95% confidence intervals
estimated via bootstrapping; the number in parentheses for each comparison indicates the number of studies included (n). RF Random Forest, ANN
Artificial Neural Network, DFNN Deep Feedforward Neural Network, SVR Support Vector Regression, kNN k-Nearest Neighbor, RSM Response Surface
Methodology, ANFIS Adaptive Neuro-Fuzzy Inference System. Detailed literature retrieval and data generation procedures are provided in Text S3

of the Supporting Information

3.2 Dominant models and their applications

Al and ML techniques have emerged as indispensable
tools for predicting the efficacy of biochar-mediated
soil remediation through correlating biochar proper-
ties, initial soil conditions, environmental variables, and
field observations. Based on a systematic analysis of 119
eligible studies, our review has identified the top 10 Al
algorithms employed in biochar for acidic soil ameliora-
tion as shown in Fig. 5 (for literature search methods, see
Text S1, Supporting information). RF was the most fre-
quently used algorithm, involved in 72 studies, including
those combining RF with other algorithms. Among the
other ensemble techniques, XGBoost (23 studies), Gra-
dient Boosting Machine (GBM, 18), Categorical Boost-
ing (CatBoost, 8), and LightGBM (8) were also frequently
employed. Among DL techniques, artificial neural net-
work (ANN) was the most commonly employed. These
frequency counts are descriptive tallies of our literature
sample (n=119) and are not accompanied by uncertainty
intervals, as they represent complete enumeration of the
reviewed studies rather than statistical estimates from
a sampled population. RF has emerged as the preferred
choice for feature screening and attribution analysis,
owing to its robust resistance to overfitting and its built-
in utility for feature importance ranking, a finding that
corroborates the conclusions of Ding et al. (2025) derived
from large-scale meta-analyses of SOC prediction.

Biochar amelioration of acidic soil can increase crop
yields (Zhang et al. 2024a; Xu et al. 2025), immobilize
labile heavy metals such as copper, raise SOC content
(Shi et al. 2019a; Sun et al. 2026), and mitigate green-
house gas emissions (Bai et al. 2026b; He et al. 2024; Khan
et al. 2026; Wu et al. 2023). Yang et al. (2025) reported
that long-term (>4 years) continuous biochar applica-
tion increased crop yields by an average of 10.8%, signifi-
cantly reduced methane (CH,) emissions in paddy fields
by 13.5% and N,O emissions across all soils by 21.4%, and
increased SOC content by an average of 52.5%. Further-
more, we performed a detailed frequency analysis across
these application scenarios and found that RF was the
most frequently used model in all cases (Fig. S1; Table 2;
for literature search methods, see Text S1, Supporting
information). To elucidate the drivers behind the prefer-
ential adoption of RF across these four scenarios, we con-
ducted a detailed analysis of dataset characteristics and
algorithmic adaptability for each sub-domain. The com-
plete rationale and supporting evidences are provided in
Text S4 (Supporting Information).

To systematically evaluate algorithm performance,
we conducted a meta-analysis of the most commonly
deployed models (Fig. 6). We compiled all eligible stud-
ies into a unified random-effects meta-analytic frame-
work to assess overall algorithmic performance trends
(Meta-analysis methods and data extraction protocols
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are described in Text S3, Supporting Information). We
acknowledge that this aggregation introduces heteroge-
neity in terms of target variables, datasets, and experi-
mental designs—a limitation that must be considered
when interpreting the pooled results. Across the evalu-
ated studies—which predominantly utilized cross-
validation techniques such as k-fold or leave-one-out
cross-validation—the coefficient of determination (R?)
and root mean square error (RMSE) were the primary
metrics for goodness-of-fit and predictive accuracy,
respectively. Meta-analytic results indicated that RF
exhibited significantly higher predictive accuracy than
Support Vector Regression (SVR, a variant of Support
Vector Machine), as evidenced by non-overlapping 95%
confidence intervals (Cls) and effect sizes positioned to
the right of the zero line. In the RF vs. ANN compari-
son, the latter performed comparably to RE, although
RF maintained a statistically significant advantage in the
majority of included studies. Overall, both RF and ANN
demonstrated higher predictive accuracy (higher R?
lower RMSE) than SVR within the compiled acidic-soil
biochar literature. These results represent a meta-ana-
lytic summary across multiple application scenarios
(e.g., SOC, yield, heavy metal immobilization); the inher-
ent heterogeneity in target variables and experimental
designs across primary studies warrant cautious inter-
pretation. Furthermore, the algorithm usage frequen-
cies reported earlier in this review (Fig. 5) are descriptive
literature counts and should not be conflated with the
statistically tested performance rankings presented here.
The variable importance identified by RF was further
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validated by Xia et al. (2023), whose path analysis con-
firmed that key predictors (e.g., soil pH, organic matter)
correlated significantly with maize physiological indica-
tors. Looking forward, deep learning architectures (e.g.,
Convolutional Neural Networks (CNNs), Transformers)
hold promise for soil property inversion and microbial
function prediction, particularly as spectral libraries and
field monitoring datasets continue to expand (Ding et al.
2025).

3.3 Model interpretability and mechanistic linking
Despite the formidable predictive capabilities of Al
models, their inherent "black-box" opacity has histori-
cally constrained their utility in mechanistic research. To
improve model transparency, researchers are increasingly
adopting Explainable AI (XAI) tools that help bridge
computational outputs with underlying physicochemical
and biological principles. We emphasize a critical distinc-
tion: XAI tools provide predictive association and facili-
tate hypothesis generation; they do not, by themselves,
substitute for experimentally validated causal inference
(Novielli et al. 2025).

In addition to quantifying individual feature contribu-
tions, SHAP—which originated from game theory—is
applicable to both regression and classification tasks and
provides variable importance ranking as well as predic-
tion interpretability (Grunwald 2022). Lu et al. (2025)
reported that copper adsorption by biochar was most
strongly associated with operational experimental con-
ditions, accounting for 53.5% of the total contribution—
specifically, initial concentration (30.41%), ash content

Table 3 Comparison of the advantages and disadvantages of machine learning and deep learning in biochar efficacy prediction in
acidic soil remediation, including performance features and preferable applications

Comparison dimension Machine learning

Deep learning Reference

Performs well on small to medium-
sized datasets; low data demand

Training data requirement

Computational resource requirement

Shallow architecture (1-2 functional
layers) or tree-based structure

Model structure

Feature extraction
relies on domain knowledge

Model interpretability
etc)

Training time Short to moderate

Overfitting risk

tion
Preferred applications Lab/field point-scale prediction;
small-to-medium scale modeling;
scenarios requiring mechanistic
interpretation

Low; can run on standard computers

Requires manual feature engineering;

High (feature importance, SHAP, PDP,

Moderate; controllable via regulariza-

Typically requires very large amounts  LeCun et al. 2015
of training data to achieve optimal

performance

High; requires GPU or high-perfor- Alom etal. 2019

mance computing clusters

Deep network architecture Reichstein et al. 2019

(5-100+ hidden layers)

Automatically learns hierarchical
feature representations

Low (“black box"models; difficult
to interpret)

Padarian et al. 2019; Li and Hong
2023

Shen et al. 2024; Xiang et al. 2025

Alom et al. 2019
LeCunetal. 2015

Long; requires extensive iterations

High; requires large datasets
and regularization strategies

Multi-source remote sensing data
fusion; high-dimensional spec-
tral processing; spatiotemporal
sequence modeling

Li and Hong 2023
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(16.86%), and biochar dosage (9.36%). In their model, the
contributions of biochar’s physical properties (9.5%) and
pyrolysis conditions (4.4%) were substantially lower than
anticipated. Shen et al. (2024) similarly identified initial
concentration as a dominant feature driving heavy metal
adsorption. Palansooriya et al. (2022) ranked biochar
nitrogen content and application rate as the most influ-
ential predictors of heavy metal immobilization efficiency
in soil systems, whereas intrinsic soil properties exhibited
relatively less influence in their model.

While SHAP quantifies how much a feature contrib-
utes, PDP visualize how that contribution manifests by
displaying nonlinear thresholds and feature interactions
derived from the model. Lyu et al. (2024) employed PDP
to illustrate a model-derived critical threshold in biochar
design, indicating that higher carbon content does not
infinitely equate to higher adsorption capacity within the
model’s predictive framework.

Feature importance derived from a single algorithm
may reflect structural biases inherent to that model.
To address this, multi-model consensus and data-pre-
processing strategies are employed. Ke et al. (2021) uti-
lized Fuzzy C-means clustering integrated with a Back
Propagation Neural Network (FCM-BPNN) for heavy
metal adsorption prediction (R?=0.987). Dashti et al.
(2023) applied multi-model consensus and found that the
“heavy metal-to-biochar concentration ratio” and “total
carbon content” were consistently ranked among the top
predictors across different algorithmic architectures. In
summary, SHAP provides global contribution rankings,
PDP visualize model-derived nonlinear relationships,
and multi-model consensus offers a means of compar-
ing variable rankings across algorithms. We reiterate that
these analyses are model-dependent and should be inter-
preted as associative patterns rather than causal truths
(Ding et al. 2025). Their primary value lies in generating
testable mechanistic hypotheses and prioritizing factors
for subsequent experimental validation, thereby direct-
ing future researches toward targeted causal experiments
rather than providing definitive mechanistic conclusions.

3.4 Methodological selection under different conditions:
Machine learning versus deep learning

Selecting the optimal predictive architecture for biochar-
mediated acidic soil amelioration requires a profound
understanding of the distinctions between traditional ML
and DL. This methodological crossroad should not be
navigated blindly; rather, algorithm selection must be rig-
orously guided by data volume, specific prediction tasks,
available computational resources, and the prerequisite
level of model interpretability, as detailed in Table 3.
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3.5 Challenges in Al applications
3.5.1 Data availability and heterogeneity: The dilemma

of indicator comparability
The predictive robustness of any AI model is intrinsi-
cally chained to the representativeness and quality of its
training data. However, severe data heterogeneity in cur-
rent biochar research complicates the direct cross-study
comparison of model performance. As Ding et al. (2025)
explicitly noted in their investigation of SOC prediction,
evaluation metrics such as R? and RMSE reported across
different studies frequently lack baseline comparability.
The root cause lies in disparate dataset architectures—
variations in sampling density, spatial scales, and covari-
ate quality substantially distort cross-model evaluations.
This poses a critical challenge: when researchers compile
meta-datasets from diverse literature, they inevitably
inherit systematic biases introduced by heterogeneous
experimental designs and preprocessing protocols. Con-
sequently, establishing unified benchmarking platforms
and standardized data-sharing protocols is urgently
required to ensure fair model evaluations and robust
meta-analyses.

3.5.2 Correlation does not imply causation (The persistent
“black box” problem)

Fundamentally, current machine learning algorithms
operate as sophisticated correlational engines rather
than causal inference frameworks. While XAI tools like
SHAP and PDP have immensely enhanced interpret-
ability, the inherent “black box” problem remains funda-
mentally unresolved (Xiong et al. 2014; Wadoux 2025).
Bridging this gap requires transitioning from statistical
correlation to mechanistic causality. On one front, this
necessitates integrating structural equation modeling or
developing causal forest frameworks. On another front,
it demands advancements in novel characterization tech-
niques, particularly in digitalizing microbial systems. For
instance, relying solely on relative microbial abundance
can obscure true ecological responses—an apparent per-
centage increase in a specific taxon may result merely
from the decline of competitors, rather than its own
proliferation (Zhang et al. 2025e). To extract true causal
mechanistic insights, ML models must be fed absolute
quantification data, which can be achieved by integrating
internal standard strains or qPCR.

3.5.3 Limited extrapolation capacity: Biochar aging

and temporal dynamics
Most Al models in this domain are trained on static,
“snapshot” historical data, severely limiting their capacity
to extrapolate temporal changes under future land-use or
climate scenarios. In contrast, traditional process-based
models possess an intrinsic mechanistic understanding
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of critical phenomena like biochar aging and continuous
soil re-acidification, making them more robust for long-
term forecasting in dynamic environments (Cheng et al.
2008; Zimmerman 2010). In acidic soils, biochar continu-
ously “ages”—its localized pHBC gradually diminishes,
surface oxygen-containing functional groups prolifer-
ate, and cation exchange sites evolve. Wang et al. (2020)
highlighted this paradigm, emphasizing the urgent need
to transition from qualitative descriptions to quantitative
simulations of biochar aging. Because soils frequently
face re-acidification risks as biochar ages, future research
must establish long-term monitoring systems to capture
these temporal successions. Consequently, Al frame-
works should increasingly incorporate time-series archi-
tectures—such as Long Short-Term Memory (LSTM)
networks (Wu 2021)—to simulate the coupling between
biochar aging, dynamic nitrification processes, and the
prediction of critical time windows for re-acidification,
ultimately providing dynamic early warnings for field
management.

3.5.4 Deficits in data paradigms and feature standardization
While relentless algorithmic iteration drives Al forward,
the absence of a standardized, reusable “data ecosys-
tem” has emerged as the primary bottleneck in biochar
informatics. A unified metadata dictionary is impera-
tive for cross-study compilation; yet, standardized con-
ventions for critical descriptive dimensions are severely
lacking. For instance, Shen et al. (2024) highlighted that
disparate studies report biochar elemental composition
based on entirely inconsistent baselines (e.g., dry-basis
vs. ash-free basis), necessitating arduous harmonization
prior to modeling. Furthermore, critical gaps frequently
plague the input feature space. While most publications
report basic C, H, oxygen (O), and N contents, very few
explicitly detail the macromolecular structure of the
feedstocks—such as cellulose, hemicellulose, and lignin
content—despite their irreplaceable explanatory power
in predicting biochar CEC and Fixed Carbon (Xiang et al.
2025). The scarcity of complete feature reporting funda-
mentally cripples model accuracy. The challenges Lyu
et al. (2024) encountered while predicting phosphorus
adsorption perfectly illustrate this issue: numerous stud-
ies detailed their exact methods for Fe, Ca, and Mg modi-
fication, but completely failed to report the final, actual
elemental loadings on the engineered biochar, resulting
in the total absence of this crucial mechanistic feature
from the model’s input layer. Overcoming these “usa-
ble but suboptimal” data silos requires a paradigm shift
toward open-source raw data reporting and comprehen-
sive feature documentation.
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3.6 Enhancing Al predictive performance through data
fusion

In the researches on biochar-mediated acidic soil amelio-
ration, single data sources are often insufficient to fully
characterize the complex continuum spanning from
macroscopic ecosystem responses to microscopic inter-
facial processes. Although remote sensing (RS) technolo-
gies provide large-scale vegetation indices and surface
attributes, they are constrained by surface signal interfer-
ence and the inability to penetrate the soil profile. Con-
versely, PSS enables rapid in situ measurements at point
scales but suffers from limited spatial coverage. Labora-
tory spectroscopy and microscopic characterizations elu-
cidate intricate mechanisms yet cannot support regional
extrapolation. Similarly, microbial molecular data eluci-
date community succession but are frequently decoupled
from dynamic physicochemical processes. Consequently,
multi-source data fusion—integrating data across differ-
ent platforms, scales, and modalities into a unified fea-
ture space—has emerged as a core strategy to overcome
the limitations of isolated datasets and unlock the full
predictive potential of artificial intelligence (Fig. 7).

3.6.1 Remote sensing-PSS fusion: Bridging macroscopic
proxies and ground truth

Integrating RS information with PSS data through
advanced fusion techniques represents a robust approach
for enhancing predictive accuracy (Ding et al. 2025).
Within this framework, RS imagery delivers large-scale,
spatiotemporally continuous vegetation indices and
surface reflectance data (Fig. 8), while PSS techniques
(e.g., Vis—NIR spectroscopy, PXRF) provide precise,
point-scale "ground truth" soil attributes (Azizi et al.
2026). These multi-source observations can be lever-
aged through feature-level or decision-level fusion strat-
egies to calibrate model inputs, optimize feature spaces,
and enhance model generalizability, thereby significantly
improving the prediction of key soil properties. Studies
integrating RS and PSS data typically employ two main
paradigms: direct substitution and advanced model
fusion/assimilation (Bao et al. 2025). The direct sub-
stitution approach involves using RS-derived spectral
indices (e.g., Normalized Difference Vegetation Index
and Enhanced Vegetation Index) or environmental
covariates directly as input features for machine learn-
ing models, thereby supplementing traditional sparse
soil sampling. In contrast, advanced fusion techniques
dynamically bridge these two scales. A prime example
of feature-level spectral fusion is demonstrated by Bao
et al. (2023), who fused Sentinel-2A satellite imagery
with laboratory Vis—NIR spectral data. They success-
fully generated hyperspectral-resolution images through
spectral reconstruction methods, substantially improving
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SOC prediction accuracy. Specifically, they first identi- RS data (R*=0.57) or PSS data (R?=0.69). Extending
fied soil texture classes in remote sensing imagery using  this approach into precision agriculture, Dehkordi et al.
soil type maps, established relationships between satel-  (2020) pioneered the use of unmanned aerial vehicles
lite reflectance spectra and corresponding PSS data at  (UAVs) equipped with RGB and multispectral sensors to
sampling locations, and ultimately reconstructed hyper-  continuously assess biochar effects on crop performance
spectral images via spectral response functions. The throughout the growing season. By fusing aerial data
fused model achieved an R? value of 0.78, significantly ~ with ground-based measurements, their findings quan-
outperforming independent models fed exclusively with  tified that century-old historical biochar had a limited
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impact on immediate crop yields compared to inherent
soil pedological properties. This research highlights that
RS-PSS data fusion not only evaluates the long-term field
efficacy of biochar but also provides critical spatial deci-
sion support for variable-rate fertilization.

The rapid advancement of PSS technologies has miti-
gated numerous bottlenecks in field monitoring and
data-driven modeling. Benefiting from continuous sensor
miniaturization, techniques such as Vis—NIR spectros-
copy, PXRF spectrometry, and novel electrochemical/
optical sensors are transitioning from laboratory-based
ex-situ analyses toward real-time, in situ field deploy-
ments with vastly improved limits of detection. For
instance, monitoring pH—the most critical indicator of
successful acidic soil amelioration—has witnessed the
development of various innovative in situ techniques
(Fig. 8). Novel fiber-optic pH sensors (pH optodes),
utilizing fluorescent materials whose reversible inten-
sity changes correlate dynamically with pH, can be
directly inserted into the soil profile, offering exceptional

durability and portability (Kahlert et al. 2004; Merl et al.
2022). Furthermore, biosensors employing betalain as a
pH-responsive indicator, when coupled with smartphone
imaging and ML algorithms (Ichsan et al. 2026), have
enabled the two-dimensional visualization of pH and O,
micro-distributions at the root—soil interface via planar
optode foils (Blossfeld et al. 2013; Hu et al. 2025). Com-
plementing these chemical sensors, PXRF spectrometers
now enable the in situ scanning of challenging matrices
like frozen soils (Chakraborty et al. 2016). Simultane-
ously, portable Vis—NIR and mid-infrared spectrometers
effectively capture the spectral fingerprints of soil organic
matter, minerals, and moisture content in the field
(Greenberg et al. 2022a, b). Together, these tools provide
the high-density technical support necessary for rapid,
large-scale mapping. However, when feeding these mul-
timodal datasets into Al models, caution must be exer-
cised. Establishing independent, high-quality in situ
observational datasets remains crucial for rigorous model
validation. Notably, simply accumulating multi-source
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data does not inherently guarantee improved model per-
formance; without proper feature selection and dimen-
sionality reduction, indiscriminate fusion can introduce
severe multicollinearity, algorithmic redundancy, and
amplified noise.

3.6.2 Multi-modal data fusion: Linking community structure
with functional processes
Multi-modal microbial data fusion comprehensively inte-
grates taxonomic composition from high-throughput
sequencing targeting the 16S rRNA gene and ITS region,
absolute abundances of functional genes via qPCR,
metabolic potential characterized by enzyme activity
profiling, and real-time metabolic vigor captured by iso-
thermal microcalorimetry. This integration constructs a
holistic data continuum spanning from mere microbial
composition to functional cooperation, niche partition-
ing, and life-strategy trade-offs. Consequently, it supplies
Al models with feature dimensions that far exceed the
predictive capacity of isolated datasets, particularly for
assessing biochar efficacy in acidic soil systems. Recent
studies underscore the power of this approach. For
instance, Qi et al. (2025) integrated 16S rRNA sequenc-
ing with soil physicochemical properties, revealing
that biochar-driven shifts in rare microbial taxa intri-
cately correlated with wheat growth. This multi-modal
approach successfully identified critical biological indi-
cators that remain elusive to conventional, standalone
sequencing datasets. Similarly, Chen et al. (2024) sys-
tematically assessed the ecological threats of nanomate-
rials to soil microbiomes by coupling meta-analysis with
machine learning. Advancing this spatial resolution, Xu
et al. (2023) integrated 16S sequencing, enzyme activity
imaging, and physicochemical data to precisely pinpoint
microbial colonization patterns within enzyme hotspots
in the maize rhizosphere during organic waste biotrans-
formation. This generated spatially explicit training
data, elevating predictions from “point-scale means” to
“microdomain distributions.” Transitioning to functional
validation, Shahare et al. (2023) systematically proved
that ML algorithms could achieve high-accuracy predic-
tions of soil health based on multi-modal data, validat-
ing enzyme activities as robust functional indicators of
biochar amelioration. At the ecosystem level, Shu et al.
(2023) deployed RF models to integrate physicochemi-
cal properties, bacterial structures, and organic carbon
mineralization rates. Their model successfully isolated
the synergistic environmental and microbial drivers of
carbon mineralization during the restoration of degraded
alpine grasslands. Expanding on this, Deng et al. (2024)
integrated multi-decadal physicochemical, microbial,
and crop yield data from long-term fertilization trials.
Using RF models, they demonstrated that soil ecosystem
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multifunctionality strongly correlated with crop vyield,
pinpointing bacterial community diversity as the para-
mount predictor. In summary, multi-modal microbial
data fusion transcends superficial correlations, enabling
a profound mechanistic elucidation of soil-microbe inter-
active responses to biochar application.

3.6.3 Imaging-chemical data fusion: Deep mining
of spatially explicit information

Advanced imaging technologies—including hyperspec-
tral imaging (HSI), planar optodes, and electron micros-
copy—yield rich, spatially explicit datasets vital for
biochar-soil researches. However, the high dimension-
ality and complexity of these images far exceed the pro-
cessing limits of traditional point-measurement analytics.
Al—particularly DL algorithms equipped with powerful
autonomous feature extraction capabilities—has there-
fore emerged as a pivotal tool. By fusing image-derived
spatial features with quantitative chemical data, these
algorithms enable the deep mining and accurate predic-
tion of complex biochar-soil interactions.

HSI fuses spectral signatures with spatial distribu-
tion, wherein each pixel contains a continuous spectral
curve, creating a highly complex “3D data cube” While
traditional analyses rely on manually engineered spectral
indices, DL architectures autonomously learn the most
discriminative spectral-spatial variables. As comprehen-
sively reviewed by Wang et al. (2021), CNNs and their
variants can simultaneously extract spectral features
and spatial textures, drastically improving the predictive
accuracy for SOC and heavy metal contents. Providing
demonstrative applications, Weng et al. (2025) and Yao
et al. (2025) coupled HSI with DNN to achieve the non-
destructive detection of heavy metal contaminants, dem-
onstrating the feasibility of direct end-to-end modeling
from raw images to toxicity levels. Weng et al. (2025) and
Yao et al. (2025) coupled hyperspectral imaging (HSI)
with deep neural networks (DNN) for the non-destruc-
tive detection of heavy metal contaminants, demonstrat-
ing the feasibility of direct end-to-end modeling from
spectral images to toxicity levels. In contrast to this mac-
roscopic and rapid-screening approach, SEM/TEM-EDS
provides high-resolution imagery with corresponding
elemental distribution maps, offering pixel-scale char-
acterization of biochar—soil-microbe—plant interfaces.
Although AlI-driven analysis of such microscopic imaging
data in acidic soil-biochar systems remains limited (Yang
et al. 2023; Xiang et al. 2024; Zhang et al. 2025f), pio-
neering studies such as Liu et al. (2025a) have begun to
apply convolutional neural networks (CNNs) to high-res-
olution soil images for assessing hydrological proper-
ties. This emerging line of research suggests that, given
the availability of sufficiently annotated image datasets,
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deep learning architectures could be adapted to extract
features from SEM/TEM-EDS micrographs, enabling
quantitative linkage between interfacial elemental distri-
butions and biochar performance—thereby supporting a
more data-driven understanding of ameliorative mecha-
nisms at the micro-scale.

Crucially for acidic soils, planar optode technology
visualizes two-dimensional pH and O, dynamics at the
root—soil interface at submillimeter resolutions. Fea-
tures extracted from these images—such as localized
pH gradients, heterogeneity patch areas, hotspot distri-
butions, and spatial statistics (e.g., Moran’s I, semivari-
ance)—serve as novel inputs for ML models predicting
root health, microbial vigor, or the mitigation of alu-
minum toxicity. Highlighting the power of feature fusion,
Li et al. (2024d) substantially boosted soil carbon predic-
tion accuracy via the weighted fusion of multi-scale spa-
tial and spectral features. Similarly, Zhao et al. (2026b)
demonstrated that fusing spectral and textural metrics
vastly outperformed isolated spectral features in com-
plex material analyses. Ultimately, integrating spectral
fingerprints (chemical composition) with morphological
textures (e.g., biochar pore structure) facilitates seamless
cross-scale predictions from microscopic images to mac-
roscopic soil functions.

Executing this imaging-chemical fusion requires rig-
orous modeling strategies: feature-level fusion (concat-
enating image-extracted features with chemical vectors),
decision-level fusion (weighted ensembling of separately
trained models), and end-to-end fusion (deep feature
integration within multi-input neural networks). Validat-
ing this, Zou et al. (2025) synthesized multi-source data
and HSI to construct comprehensive evaluation indi-
ces, underscoring the necessity of multi-modal fusion
for complex biological systems. As imaging resolution
improves and DL architectures evolve, fusing multi-
modal imaging data promises the creation of “digital
twins” spanning from the nanoscale to the field level,
enabling the comprehensive monitoring and precise fore-
casting of biochar-mediated acidic soil amelioration.

3.6.4 Multi-model ensemble: mitigating algorithmic
preferences and structural biases

Individual ML models inherently harbor algorithmic
biases, meaning that predictions generated by different
algorithms on the identical dataset can diverge substan-
tially. Multi-model ensemble strategies mathematically
integrate the outputs of numerous independent models,
effectively neutralizing model-specific errors and enhanc-
ing predictive robustness (Jose et al. 2022). While such
ensemble strategies have shown preliminary promise in
several effect endpoints relevant to acidic soil ameliora-
tion—such as general SOC prediction and labile heavy
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Fig. 9 Future perspectives for enhancing Al-based predictions
of biochar efficacy in acidic soil amendment

metal immobilization (Shi et al. 2018a, 2018b; Xu et al.
2025; Shi et al. 2019a; Sun et al. 2026; Bai et al. 2026b;
Khan et al. 2026; Wu et al. 2023; Zhang et al. 2024b)—
these applications serve primarily as methodological
templates for ensemble strategies, rather than as vali-
dated implementations targeting the core mechanisms
of biochar-amended acidic soils, such as increasing soil
pHBC and reducing active AI>* concentration. Neverthe-
less, drawing on insights from broader environmental
Al research, a rationally designed ensemble framework
could, in principle, comprise base learners with com-
plementary strengths: RF for capturing complex non-
linearities, XGBoost for handling sparse environmental
covariates, and CatBoost for automatically processing
categorical variables such as biochar feedstock types
(Zhu et al. 2019; Xiang et al. 2025). The outputs of these
learners could then be synthesized via weighted averag-
ing or Stacking to potentially yield predictions more sta-
ble than those from any single algorithm. Importantly,
we acknowledge that none of the studies reviewed have
experimentally validated these ensemble architectures
specifically in biochar-amended acidic soil systems. We
therefore regard the application of ensemble strategies
to this particular pedological context as a methodologi-
cal hypothesis and an emergent research frontier, rather
than an established finding. Currently, the primary chal-
lenge impeding robust implementation is the absence of
standardized criteria for base-learner selection and meta-
learner combination, making it difficult to guarantee
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genuine complementarity among sub-models. To bridge
this gap, we suggest that future work prioritize the estab-
lishment of open-source benchmarking platforms and
shared experimental datasets tailored to acidic soil con-
ditions, which would enable systematic stress-testing of
various ensemble configurations and guide rational algo-
rithm selection for this specific agricultural challenge.

4 Future perspectives and recommendations

4.1 Enhancing high-quality training datasets

The predictive capacity of Al models in biochar-mediated
acidic soil amelioration is governed primarily by the rep-
resentativeness, richness, and overall quality of available
training datasets. Pioneering studies, exemplified by Bao
et al. (2023) and Dehkordi et al. (2020), have established
promising paradigms for multi-source data fusion and
long-term monitoring. Yet, despite these advances, sig-
nificant heterogeneity persists across studies in experi-
mental design, data resolution, and metadata reporting.
Compounding this challenge, many researchers assume
that analytical workflows—covering data preprocessing,
feature engineering, model calibration, and validation—
are inherently consistent and, as such, often omit explicit
documentation of these procedures, regarding them
as self-evident. In reality, inconsistencies in workflow
implementation or inadequate documentation can sub-
stantially undermine the scientific rigor and defensibil-
ity of the resulting model predictions. Addressing these
intertwined issues, future research must prioritize the
establishment of standardized, multi-scale monitoring
networks that seamlessly integrate remote sensing, proxi-
mal sensing, and laboratory analyses to capture dynamic
soil system responses at relevant spatial and temporal
scales. Equally important is the adoption of harmonized
data-sharing protocols that conform to the FAIR prin-
ciples—Findable, Accessible, Interoperable, and Reusa-
ble—to ensure comparability across studies and facilitate
the creation of unified benchmarking datasets. Such open
and standardized data ecosystems will not only enhance
reproducibility and cross-study synthesis but also pro-
vide a robust foundation for training next-generation Al
models capable of accurately predicting biochar perfor-
mance and long-term soil recovery trajectories (Fig. 9).

4.2 Advancing the deep integration of Al with causal
inference models

While machine learning has proven highly effective at
identifying correlations, it remains limited in revealing
the causal mechanisms underpinning biochar-mediated
amelioration of acidic soils. To progress beyond correla-
tion-based inference, future studies should focus on inte-
grating causal reasoning and mechanistic understanding
into data-driven frameworks. Zhang et al. (2024a) and
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Chang et al. (2024) demonstrated that embedding pro-
cess-based model variables as dynamic covariates within
RF architectures can substantially elevate predictive
accuracy—improving R? by 59-80% compared with stan-
dalone process-based models—by capturing the temporal
evolution of SOC. Building upon such advances, next-
generation frameworks should emphasize knowledge-
guided machine learning (KGML) and physics-informed
Al wherein chemical and biological laws explicitly con-
strain model structure and loss functions. Incorporat-
ing structural causal models, causal forests, or Bayesian
networks can further distinguish genuine causal relation-
ships from spurious correlations. Concurrently, coupling
process-based submodels (e.g., pH buffering kinetics and
aluminum speciation thermodynamics) with machine
learning frameworks will strengthen mechanistic consist-
ency. In addition, integrating active learning with Bayes-
ian optimization can enable the design of computational
“counterfactual” experiments to strategically explore
parameter spaces, supporting the targeted design of bio-
char variants and their precision application across het-
erogeneous acidic landscapes.

4.3 Strengthening model interpretability and coupling
with mechanistic frameworks

To pierce the “black-box” opacity that currently inhibits
trust in Al-derived biochar strategies, multi-level XAI
pipelines must be rigorously adopted. The true value of
interpretability tools extends beyond calculating vari-
able weights; it lies in anchoring statistical outputs to
established pedological and chemical frameworks. To
operationalize this, future studies should focus on: (1)
Constructing “feature—mechanism” mapping diction-
aries: For instance, explicitly comparing the nonlinear
inflection points captured by PDP with the critical ther-
modynamic thresholds for mechanism switching (e.g.,
the transition from purely electrostatic adsorption to
surface precipitation); (2) Dimensionality expansion via
spatial feature engineering: Fusing high-resolution micro-
spectroscopic outputs (e.g., extended X-ray absorption
fine structure (EXAFS), SEM-EDS elemental mapping)
with macroscopic data to visually and computationally
validate mechanism dominance at the pore scale; (3)
Establishing multi-tiered interpretability: Developing
holistic XAI toolchains that span global feature impor-
tance (identifying universal drivers), local dependencies
(evaluating interactions), and individual sample explana-
tions (diagnosing specific field anomalies).
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4.4 Fostering interdisciplinary collaborative research
paradigms

Advancing the understanding and application of biochar-
mediated acidic soil amelioration demands close col-
laboration among experts across multiple disciplines,
including soil chemistry, microbial ecology, agronomy,
hydrology, climatology, and computer science. Such
cross-domain integration is essential to address core Al
challenges—overfitting, limited generalizability, and a
persistent lack of interpretability—while ensuring that
model outputs remain mechanistically meaningful. Soil
chemists are needed to elucidate processes such as pH
buffering and aluminum speciation dynamics; microbial
ecologists must interpret functional community data;
agronomists should validate crop yield responses; and
computer scientists can optimize algorithm architectures
and uncertainty estimates. Equally important is engage-
ment with practitioners and stakeholders—including
farmers, policymakers, and carbon market regulators—to
align acceptable uncertainty thresholds, interpretabil-
ity expectations, and model performance criteria with
practical decision-making needs. Through coordinated
construction of standardized benchmark datasets, uni-
fied evaluation metrics, and physically constrained pre-
dictive models, such interdisciplinary cooperation will
build transparency and trust in Al-assisted environmen-
tal management. This collaborative paradigm will accel-
erate the deployment of precision biochar applications,
strengthen integration into carbon-crediting frame-
works, and support global climate-smart agriculture ini-
tiatives, ensuring that Al advances contribute directly to
sustainable soil management and carbon sequestration
goals (Fig. 9).

4.5 Operational guidance for mechanism-guided
intelligent prediction

To translate this framework into practice, we propose
the following operational priorities: (i) Core input
features for model development. Essential features
should include biochar pyrolysis temperature, feed-
stock type, pH, total alkalinity, carbonate content (via
acid digestion or XRD), carboxyl group density (via
Boehm titration), and soil initial pH, CEC, clay con-
tent, and organic matter—each directly corresponding
to the buffering mechanisms elaborated in Sect. 2.2.1.
KGML has been shown to significantly outperform
pure data-driven approaches when training data are
limited (Liu et al. 2024). (ii) Standardized reporting
variables. Beyond the above, reporting should cover
application rate, pyrolysis duration, experimental dura-
tion, climate zone, and crop type to enable cross-study
synthesis and meta-analysis (Wang et al. 2025; Sto-
rey et al. 2025). (iii) Experimental metadata for model
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transferability. Full documentation of pyrolysis condi-
tions, soil sampling depth, and analytical methods is
required to support model extrapolation—a critical
need given that purely data-driven models often fail
when applied outside their training domain (Jin et al.
2026). (iv) Validation designs. Model validation should
incorporate independent datasets from geographically
distinct regions to assess spatial generalizability (Oneto
And Chicco 2025), complemented by field-scale trials
with extended monitoring durations to capture tempo-
ral dynamics (Storey et al. 2025). (v) Quantitative per-
formance benchmarks. Rather than prescribing fixed
thresholds—which remain context-dependent and lack
consensus in the literature—we recommend that future
studies establish domain-specific benchmarks through
systematic intercomparison across multiple datasets
and modeling frameworks. Provisional targets may be
defined relative to baseline models (e.g., total-alkalin-
ity-only benchmarks) rather than as absolute values.
(vi) Protocols for addressing the alkalinity gap. Routine
separation of total alkalinity into organic and inorganic
fractions should be adopted using established methods
(He et al. 2022b), enabling component-specific feature
engineering as discussed in Sect. 2.3. (vii) Integration of
mechanism knowledge with ML architectures. This can
be achieved through multiple KGML strategies: knowl-
edge-guided architectures that embed mechanistic
constraints into network structures, pre-training with
process-based model simulations, knowledge-guided
loss functions that penalize outputs violating biogeo-
chemical principles, and knowledge-guided inference
that incorporates mechanistic priors into parameter
estimation (Jin et al. 2026).

5 Conclusions

The efficacy of biochar in ameliorating acidic soils
fundamentally depends on complex biogeochemi-
cal mechanisms. However, current research strug-
gles to decouple the distinct contributions of organic
and inorganic alkalinity—a critical gap that constrains
mechanism-based forecasting. Concurrently, exist-
ing AI applications face critical bottlenecks, including
heavy reliance on data quality, insufficient interpret-
ability, and limited dynamic predictive capacity. To
overcome these barriers, multi-source data fusion—
integrating remote and proximal sensing, multi-modal
microbial data, imaging-chemical features, and multi-
model ensembling—emerges as a pivotal pathway to
unlock Al’s full predictive potential. Nevertheless, this
review acknowledges several limitations. Although we
endeavored to cover key methodological advances, this
review was not conducted under a formal systematic
framework such as PRISMA, and literature retrieval
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was primarily based on targeted keyword searches in
Web of Science Core Collection; relevant studies using
alternative terminology or published in other databases
may have been omitted. The comparison of model per-
formance was based on published case studies that
vary considerably in geographical scale, data quality,
and evaluation metrics, limiting direct comparabil-
ity. Furthermore, the fusion strategies and operational
protocols discussed here remain largely conceptual;
empirical testing and benchmarking are required to
validate their practical effectiveness across diverse soil
systems. Moving forward, future research must prior-
itize establishing unified, high-quality training datasets.
By advancing the deep integration of Al with causal
inference models, enhancing mechanistic interpretabil-
ity, and fostering interdisciplinary collaboration, Al can
evolve from a correlational tool into a transformative
engine for the precise, mechanism-driven management
of global acidified ecosystems.
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