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ABSTRACT

Biochar is extensively studied as a soil amendment with potential to reduce greenhouse gas (GHG) emissions, but
field trial outcomes remain inconsistent, limiting generalisable mitigation strategies. Most analyses focus on
direct amendment effects, offering limited insight into predictable co-variation patterns. This study applies
stratified network analysis to 55 globally distributed field trials, examining chemical, microbial, and emission
variables across environmental and management contexts. Correlation-based networks were constructed within
ecological strata defined by climate, soil pH, crop type, fertilisation, and trial duration. Using multiscale metrics,
such as edge density, centrality, modularity, assortativity, and canonical coherence, we evaluated association
patterns at global (system), mesoscopic (subsystem), and variable (local) levels. Biochar application rate, soil pH,
and total nitrogen consistently occupied central positions, influencing key structural associations within biochar-
soil networks. CHas, N20, and microbial gene markers were more peripheral, especially under acidic or low-input
conditions, suggesting context-dependent patterns. Canonical correlation analyses revealed reproducible mul-
tiscale alignment (first-variate r = 0.9-0.95), supporting classification into meso-dominant, global-meso, meso-
local, and disjoint regimes, each with distinct structural signatures. Partial-correlation networks retained key
edges under 25% data removal, indicating structural consistency under data-limited conditions. The analysis is
descriptive, but it identifies contexts where emission responses are embedded in a coherent multivariate scaffold
and where interpretation is limited by sparse co-reporting. It supports prioritising soil pH, nitrogen context and
amendment dose in monitoring and trial reporting, alongside more standardised co-measurement. Together,
these results provide a practical basis for selecting core indicators and designing trials that test network structure
across sites systematically.

1. Introduction

estimated 50% of anthropogenic nitrous oxide (N=0) emissions and 11%
of methane (CHa) emissions (Jiang et al., 2019; Tian et al., 2020, 2024).

Achieving the Paris Agreement target of limiting global warming to
well below 2 °C will require both rapid reductions in greenhouse gas
(GHG) emissions and large-scale carbon dioxide (CO2z) removal from the
atmosphere (Masson-Delmotte et al., 2022; Muratori et al., 2020). While
engineered approaches such as direct air capture and bioenergy with
carbon capture and storage (BECCS) are in development, their imple-
mentation is constrained by infrastructure, energy demand, and
land-use competition (Hénault et al., 2019; Khalifah and Foltz, 2024).
These constraints have intensified interest in land-based mitigation
strategies that are compatible with existing agroecosystems and scalable
under near-term conditions.

Agricultural soils are central to this challenge. They account for an

* Corresponding authors.

These emissions are significantly influenced by microbial trans-
formations of nitrogen and carbon and are sensitive to soil properties,
moisture, nutrient availability, and land management (Lopez-Aizptin
et al., 2020; Singh et al., 2024). As a result, agricultural systems are
increasingly targeted for integrated GHG mitigation, particularly in
nationally determined contributions and carbon accounting
frameworks.

Biochar, a carbon-rich material derived from pyrolysed biomass, has
been widely investigated as a climate-aligned soil amendment. Reported
effects include increased pH buffering, altered nutrient dynamics,
enhanced microbial activity, and (in some settings) reductions in CHa
and N20 emissions (Cayuela et al., 2013; Kabir et al., 2023; Khan et al.,
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2024; Lehmann et al., 2020, 2021; Liu et al., 2023). Global mitigation
potential has been estimated at 2.6-10.3 Pg COz-equivalent per year
(Weng and Cowie, 2025). However, outcomes across field trials remain
inconsistent. While meta-analyses report average reductions of 13.1%
for N2O and 6.8% for CH., individual studies span a wide range (Bai
et al., 2025; Chagas et al., 2022).

These variable outcomes are often attributed to differences in bio-
char feedstock, pyrolysis temperature, and application rate (Bai et al.,
2019; Bolan et al., 2023). Yet inconsistencies persist even under similar
amendment conditions, suggesting that the organisation of the receiving
soil system may influence responses. For instance, emission reductions
are more commonly observed in acidic soils, where pH buffering may be
more effective, and in biologically active systems, where microbial re-
sponses to amendment are more pronounced (Kerner et al., 2023). These
observations point to a broader issue: soil-biochar-emission responses
may be shaped not just by amendment traits, but by emergent organi-
sation across chemical, biological, and environmental domains.

Current approaches, including meta-analyses (Bai et al., 2025;
Borchard et al., 2019) and structural equation models (Liao et al., 2025),
offer useful insights into variable-level effects. However, they rely on
predefined pathways and do not explicitly describe system-wide asso-
ciation structures. This limits their ability to account for latent associ-
ation or co-variation across subsystems, a key consideration in
evaluating amendment impacts and informing generalisable models.

Network analysis offers a complementary structural perspective.
Rooted in systems biology and graph theory, network methods assess
patterns of association across domains without assuming linearity or
causality (Borsboom et al., 2021). Metrics such as modularity, centrality,
and assortativity allow the internal organisation of a system to be
characterised in terms of connectivity and coherence (Epskamp et al.,
2012). These methods are increasingly applied in microbial ecology,
metabolomics, and complex systems research (Bauwens et al., 2022; Hu
et al.,, 2022; Yang et al., 2018) but remain underutilised in soil GHG
studies, particularly across field-based datasets.

One barrier to broader adoption is the heterogeneity of biochar field
studies, which differ in climate, management, soil types, and measure-
ment scope (Schmidt et al., 2021). This variability complicates synthesis
and limits model generalisation. To support scalable, climate-relevant
assessment of soil amendments, methodological frameworks are
needed that tolerate asymmetry, accommodate stratification, and
maintain structural interpretability across diverse contexts.

This study introduces a stratified network framework for assessing
system structure in biochar-amended field soils. Using 55 globally
distributed trials, we construct correlation-based networks across mi-
crobial, chemical, and emission variables, stratified by environmental
and management conditions. The objectives of this study are to: (i)
establish a reproducible method for network-based analysis of complex
field datasets; (ii) identify structural features aligned with observed CHa
and N20 responses; and (iii) explore how network metrics can inform
variable selection, model design, and monitoring strategy.

Rather than modelling process dynamics directly, this framework
characterises how system components are organised within and across
contexts. In doing so, it provides a structural layer of interpretation that
complements process-based models and supports design of association-
sensitive diagnostics.

By avoiding assumptions of uniformity and resisting premature
generalisation, this approach reduces the risk of inconsistencies and
artefactual models being carried forward across studies, an important
consideration as biochar practices is evaluated for climate mitigation
and incorporated into long-term monitoring strategies.

2. Materials and methods
2.1. Literature review and study selection

A systematic literature review was conducted following PRISMA
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guidelines (Liberati et al., 2009) to identify peer-reviewed field studies
examining biochar effects on soil properties and GHG emissions.
Searches were performed in Scopus and Web of Science (2000-2024)
using Boolean combinations of amendment terms (“biochar”, “pyrolysed
biomass”), outcome terms (“N20”, “CH4”, “microbial biomass™), and
experimental descriptors (“field experiment”). After duplicate removal,
studies were screened by title, abstract, and full text. Greenhouse, pot,
incubation, and column studies were excluded to maintain ecological
and structural comparability. Eligible field trials were required to report
treatment and control means, standard deviations, and sample sizes for
at least one full growing season. Data were included if at least one of the
following was reported: (i) soil physicochemical properties, (ii) micro-
bial gene abundances, (iii) seasonal GHG emissions, or (iv) biochar
characteristics. Studies involving co-applied amendments (e.g. compost,
digestate) or modified biochars were excluded. Graphical data were
extracted using WebPlotDigitizer v5.0 where needed. The final dataset
included 55 field studies (Figure S1). Detailed screening procedures and
criteria are reported in Bai et al. (2025).

2.2. Variable structuring and data transformation

The analysis uses two types of variables. The first type captures the
biochar treatment effect on emissions and is expressed as an effect size.
The second type describes the context in which that treatment effect was
observed and is kept on the scale reported by each study. For effect sizes,
seasonal or cumulative N2O, CHa, and CO: emissions were expressed as
InRR:

InRR = In <§)
XC

where x; and x. are treatment (biochar) and control means, respectively.
Negative InRR values were retained as valid responses. For interpret-
ability, InRR values were also back-transformed to percent change (PC)
relative to the control:

PC = (€™ —1) x 100

Because PC is asymmetric at larger InRR magnitudes, interpretation
focuses on direction and magnitude rather than visual symmetry. Where
studies reported zeros, an offset equal to 1% of the minimum non-zero
value for that variable was applied to enable InRR calculation. Obser-
vations were excluded from network estimation only when treatment or
control means were zero or negative such that InRR was undefined or
not interpretable. These observations were retained for descriptive
summaries (Hedges et al., 1999). Contextual descriptors were organised
into domains for stratification and interpretation: fertiliser inputs (fertN,
fertP, fertK), site soil properties (spH, bulk density, sOC, sTN), microbial
indicators (amoA, nirK, nirS, nosZ), and biochar properties (bRate, bpH,
bTC, bTN, pyrolysis temperature). These variables were extracted as
reported and were not converted to InRR because paired control and
treatment values were not consistently available across studies and
variables. They are interpreted as descriptors of trial conditions or
amendment characteristics, not as treatment effects. Missing values
were handled using pairwise-complete observations for correlation
estimation. Reporting-driven missingness is common in multi-study
field datasets and differs across domains, so values were not imputed
to avoid introducing unsupported covariance structure (Morton et al.,
2019). Pairwise-complete sample sizes were retained for each variable
pair so that edge strength could be interpreted in the context of reporting
depth. For the null-model analyses, only observed values were permuted
and the original missing-data pattern was preserved. Where study
identifiers were available, permutations were restricted within study
blocks so that cross-variable association was disrupted without changing
study composition. Dispersion estimates and sample sizes were extrac-
ted where reported for emissions, but InRR values were not
inverse-variance weighted. Variance reporting was not consistent across
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studies and outcomes (Bai et al., 2025), and applying weights only
where available would have changed the effective contribution of sub-
sets of trials. The network analyses therefore use unweighted InRRs to
describe association structure, with robustness assessed through
ecological stratification, threshold sensitivity, regularised estimation,
bootstrap stability checks, cross-specification comparison, and
missingness-preserving permutation tests (Borsboom et al., 2021; Wil-
liams, 2022). In network figures, GHG variables are shown in alpha-
numeric form (N20, CH4, CO2) for label consistency.

2.3. Ecological stratification scheme

To account for environmental and management heterogeneity across
field sites, studies were grouped into ecological strata using threshold
criteria based on prior literature. Stratification was applied by climate
zone (temperate; subtropical), mean annual precipitation (<600;
>600 mm), soil pH (<6.5; >6.5), soil bulk density (<1.3; >1.3 g cm™),
cropping system (wheat-maize as upland cereals; rice), pyrolysis tem-
perature (<500; >500 °C), nitrogen fertiliser (no; yes), and trial dura-
tion (<1 year; >1 year). Thresholds for each variable were based on
source metadata and ecologically meaningful boundaries established in
earlier field research (Bai et al., 2025; Jia et al., 2023; Kerner et al.,
2023; Schmidt et al., 2021). To ensure structural stability and compa-
rability, each stratum was required to contain a minimum of 250 com-
plete observations. Within strata, only variables with at least 70% data
completeness were retained for analysis (Epskamp et al., 2012). This
completeness rule limits interpretation based on sparsely reported var-
iables, but it can produce differing node sets among strata. Node-level
summaries are therefore interpreted within the networks where nodes
are present and remain connected, and cross-context interpretation fo-
cuses on recurring structural patterns rather than one-to-one compari-
sons of specific nodes (Figure S2; Figures S3-56).

2.4. Network construction and structural metrics

For each ecological stratum, undirected Pearson correlation net-
works were constructed from pairwise-complete correlation matrices
derived from InRR-transformed emissions together with contextual de-
scriptors retained on their reported scales. In these networks, nodes
represent ecological variables and edges represent pairwise associations
among variables (Epskamp et al., 2018; Epskamp and Fried, 2018). Both
positive and negative correlations were retained for interpretation
(Arthur, 2025). For the thresholded topological summaries, edges were
retained when the absolute correlation coefficient was > 0.35. This
value was used as the operating threshold for the main analyses because
it maintained network connectivity without discarding a large share of
moderate associations. Networks were analysed across topological
scales (Epskamp et al., 2018). At the global (system) level, overall
compactness and association structure were characterised using average
path length, network diameter, edge density, and global efficiency. At
the mesoscopic (subsystem) level, subsystem organisation was described
using modularity, transitivity, assortativity, and local efficiency. At the
local (node) level, variable prominence and positional roles were
quantified using degree, strength, closeness, betweenness, eigenvector
centrality, and PageRank (Yang et al., 2024). These structural de-
scriptors were selected for interpretability in heterogeneous ecological
datasets and have been widely applied in systems-based modelling
(Borsboom et al., 2021). Metric definitions and computation details are
provided in the Supplementary Material (Table S1). Shortest-path
structure was also examined using all-pairs shortest-path distances on
the thresholded graphs, with absolute edge weights converted to dis-
tances as the inverse of edge strength so that stronger associations cor-
responded to shorter paths (Opsahl et al., 2010). Distances were
visualised as heatmaps. To keep emission direction and variability
visible alongside topology, InRR distributions for N,O, CH4, and CO,
were summarised using beeswarm plots (Figures 528-S36). To make
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threshold dependence explicit, the same summaries were repeated
across a prespecified sensitivity grid of |r| > 0.20, 0.50, and 0.70
(Table S2; Figures S37-S44; Figures S45-S52). Self-loops were excluded
because they do not add information in a correlation network and can
inflate connectivity and distance-based summaries (Epskamp et al.,
2012). When networks contained multiple components, disconnected
node pairs were treated as missing distances because path length is
undefined for unreachable pairs. Because thresholded topology was
summarised using absolute edge strength, signed upper-triangle heat-
maps of the full correlation matrices and the thresholded adjacency
matrices were also produced to retain the direction of pairwise associ-
ations for interpretation. To assess consistency among structural de-
scriptors across scales, canonical correlation analysis (CCA) was applied
to the full set of global, meso-, and node-level metrics. Metric defini-
tions, computation methods, and references are provided in Table S1.

2.5. Network visualisation and community structure

Visualisation of each network was conducted using the Fruchterman-
Reingold force-directed layout algorithm, which improves visual inter-
pretability in mid-sized networks by optimising edge separation and
node dispersion (Fruchterman and Reingold, 1991). Nodes were scaled
according to eigenvector centrality in the thresholded networks and
according to overall connection strength in the regularised EBICglasso
networks to highlight topological prominence. Community structure
was identified using the Fast Greedy modularity algorithm, which
clusters densely interconnected nodes into communities. To further
characterise node roles across domains, the CONCOR (convergence of
iterated correlation) algorithm was applied to generate blockmodels,
grouping nodes with similar structural-equivalence profiles. This
role-based classification enabled simplified representations of
multi-domain associations (Borsboom et al., 2021). Outputs for topol-
ogy, community partitions, role-equivalence groupings, and sign-aware
association heatmaps are provided in the Supplementary Material,
together with a pooled reference encoding (Figure S2; Figures S7-S10;
Figures S11-5S18).

2.6. Network reproducibility and structural reliability

In addition to thresholded correlation networks, regularised partial-
correlation networks were estimated using EBICglasso as a comple-
mentary conditional-dependence benchmark. The main regularised
model used y = 0.50, which supports parsimonious conditional graphs
and is commonly used in exploratory settings where sample size is
moderate relative to the number of variables and missingness yields
uneven pairwise information (Epskamp and Fried, 2018; Williams,
2022). EBICglasso estimates a sparse inverse-covariance model, re-
ported here as a partial-correlation network. This regularisation acts on
the covariance structure of the variables and is distinct from
inverse-variance weighting of InRR observations, which would weight
effect sizes by their sampling variances. Estimator sensitivity was
assessed by re-estimating EBICglasso networks at y = 0.20, 0.35, and
0.75. Bootstrap-based reproducibility was assessed within each ecolog-
ical stratum using 1000 nonparametric bootstrap replicates of the
EBICglasso models. These resamples were used to estimate variation in
partial-correlation edge weights and node strength. A case-dropping
bootstrap was then used to evaluate how strongly node-strength rank-
ings were preserved as observations were progressively removed
(Figures S22-527). Stability was summarised using the correlation sta-
bility coefficient for node strength (CS-strength), with CS-strength
> 0.25 treated as acceptable for exploratory inference in this hetero-
geneous, partially observed setting (Epskamp, 2020; Epskamp and
Fried, 2018; Golino and Epskamp, 2017). Robustness across thresholds
and estimators was summarised using pairwise Jaccard overlap of
non-zero edge sets, Spearman correlations of shared edge magnitudes,
Spearman correlations of node-strength rankings, and overlap among
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the top five nodes by strength. Edges retained in at least 80% of speci-
fications and with consistent sign were classified as stable, whereas
edges appearing only under more permissive thresholds or within one
estimator family were treated as threshold-dependent or
estimator-sensitive (Epskamp and Fried, 2018; Williams, 2022).
Node-level patterns were interpreted in the same way, with emphasis on
variables that repeatedly occupied top-strength positions across speci-
fications. In addition, a separate missingness-preserving permutation
null model was used to test whether the observed structure exceeded
that expected under random association given the available sample size
and reporting pattern. Observed values were shuffled within each var-
iable while preserving marginal distributions and the original missing-
ness mask; where study identifiers were available, permutations were
restricted within study blocks, otherwise they were conducted across the
full stratum (Epskamp, 2020). Summaries, including edge count, edge
density, largest connected component size, modularity, and mean ab-
solute association strength, were compared with the corresponding null
distributions to obtain empirical p values. This allowed robustness to be
assessed not only in terms of resampling variability, but also against an
explicit random-association benchmark. All analyses were performed in
R (v4.5.2) using the packages bootnet, qgraph, igraph, concorR, Matrix,
pheatmap, ggbeeswarm, and related visualisation and export tools.

3. Results
3.1. System-level topology

Network topology varied systematically across environmental,
physical, and management strata (Fig. 1; Figures S2-S6). In high-rainfall
environments, networks exhibited shorter average path lengths (mean =
0.9), higher global efficiency (1.5), and elevated transitivity (0.8). By
contrast, networks from low-rainfall conditions showed longer average
paths (1), reduced efficiency (1), and lower transitivity (0.7), consistent
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with more fragmented configurations (Table S2).

Soil pH strata showed marked structural contrasts. Alkaline soils
yielded higher edge density (0.6), increased global efficiency (1.8), and
disassortative mixing (r =-0.1), whereas acidic soils showed lower
density (0.2), longer average paths (1.0), and positive assortativity
(r = 0.15). Bulk density further stratified network structure: high-bulk-
density networks featured shorter paths (0.8), greater edge density (0.4),
and negative assortativity (r = -0.15), while low-density soils produced
sparse and segmented networks (Figure S4).

Management conditions and biochar characteristics also corre-
sponded to distinct topological configurations (Figure S5). Upland
cereal networks exhibited high edge density (0.6), transitivity (0.8), and
moderate disassortativity (r =-0.15). Rice-based systems had lower
global efficiency and more negative assortativity (r = -0.3). Fertilised
treatments showed elevated transitivity (0.9), while unfertilised treat-
ments had lower density (0.55) but wider inter-domain linkages. Bio-
char pyrolysis temperature influenced structure: high-temperature
treatments produced shorter paths and higher efficiency, whereas low-
temperature treatments showed greater assortativity and more
modular configurations (Figure S6).

Trial duration corresponded with clear shifts in global topology.
Short-duration networks exhibited lower edge density (0.2), reduced
global efficiency (0.8), and positive assortativity (r = 0.2). Longer-
duration trials were associated with shorter paths (0.8), higher effi-
ciency, and negative assortativity (r = -0.2), indicating more integrated
connectivity.

3.2. Subsystem-level structure

Subsystem structure, assessed through modularity and cross-domain
connectivity, differed systematically across environmental and man-
agement conditions (Fig. 2; Figures S7-S10). Networks from alkaline
soils, high-precipitation environments, upland cropping systems, and
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Fig. 1. Spatial arrangement and centrality gradients in stratified association networks. (A) Climate, (B) soil pH, (C) N-fertiliser, and (D) trial-duration strata
shown at |r| > 0.35. Nodes represent InRR variables and edges represent retained Pearson correlations. Positions follow a force-directed layout. Node size and
shading scale with eigenvector centrality, with lighter shading indicating higher values. Parentheses give the data-matrix size (rows x columns) for each stratum. The
same operating threshold and stratum order are used in subsequent network figures.
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Fig. 2. Structural groupings and cross-community links in stratified association networks. Node colour marks communities detected by fast-greedy modu-
larity. Black edges join nodes within communities, and red edges join nodes across communities.

longer trials showed elevated modularity scores and frequent inter-
module linkages. In these strata, variables representing biochar appli-
cation rate and total nitrogen were more frequently positioned at the
boundaries between modules, indicating their structural proximity to
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In contrast, acidic soils, rice-based systems, and short-duration trials
were associated with lower modularity and more tightly clustered sub-
systems. In these configurations, biochar-related variables remained
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network and each stratum-specific network (rows) across metrics (columns). (B) PageRank distributions within each network shown as waffle plots, with each cell

representing 1% of total PageRank and variables ordered by PageRank rank.
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embedded within chemical modules, with fewer inter-module
connections.

Cross-domain association was further quantified using crossing rate
metrics (Table S3). Alkaline soils, fertilised treatments, and high-
temperature biochar networks showed relatively higher crossing rates
(0.4-0.5). By comparison, acidic soils, short-duration trials, and low-
temperature biochars yielded lower crossing rates (0.1-0.25). Biochar-
related variables exhibited higher crossing proportions (>0.8) in
wetter and fertilised conditions, while remaining more isolated (<0.5)
under dry or nutrient-limited conditions.

Blockmodelling analysis confirmed modular structure across all
networks but revealed context-specific variation in module composition
(Figures S11-S18). Nutrient variables, including fertiliser nitrogen,
phosphorus, and potassium, consistently co-clustered in temperate en-
vironments. In subtropical conditions, these variables formed alternate
modular affiliations. Greenhouse gas variables such as CHs and N-0 also
changed modular membership across precipitation, pH, and fertilisation
strata.

3.3. Node-level centrality and connectivity

Node-level analysis identified a subset of variables that consistently
ranked high across centrality metrics (Fig. 3; Table S4). Biochar appli-
cation rate, biochar total nitrogen, and soil pH exhibited elevated values
across degree, eigenvector, betweenness, and PageRank metrics in
multiple strata. These features were frequently situated in positions with
broad structural reach, connecting multiple components of the network.

Peripheral variables exhibited lower centrality scores and fewer
cross-subsystem connections. Biochar pH and CHa frequently appeared
at network margins, with low betweenness and PageRank scores.
Nitrogen-cycling gene markers, including amoA, nirK, and nosZ,
demonstrated context-dependent centrality. In wetter conditions, amoA
and nirK were positioned closer to the network centre, while in drier
conditions, amoA and nosZ displayed lower centrality and reduced
linkage to other domains.

Node strength further clarified patterns of connectivity. Soil organic
carbon and soil pH maintained high strength scores across most
ecological strata. Biochar total carbon and pH also demonstrated
elevated node strength in several management and amendment condi-
tions. These variables were characterised by a greater number of high-
magnitude connections relative to others.

Cropping systems and trial duration influenced centrality distribu-
tions. In upland cereal systems, biochar application rate and pH ranked
highest across multiple metrics. In rice-based systems, centrality scores
were more evenly distributed across nutrient-related variables. Net-
works from short-duration trials showed centralisation around soil
chemical variables, while longer-duration networks yielded higher
centrality scores for amendment-related and emission variables,
including N20 and CHa.

These centrality patterns were also the ones that persisted when
thresholds and estimators were varied. Soil total nitrogen was the most
consistently retained central node across the pooled and context-specific
analyses, often alongside biochar total carbon and soil pH variables. By
contrast, rice and short-duration trials showed the least stable node
rankings and did not retain a consistently top-ranked node across
specifications.

3.4. Multiscale structural coherence

Multiscale coherence was assessed through canonical correlation
analysis across global, subsystem, and node-level structural metrics
(Fig. 4). First-variate correlations indicated high alignment between
structural levels, with values of 0.9 (global-meso), 0.95 (global-local),
and 0.95 (meso-local) (Table S5).

Based on the sign patterns of each triplet of canonical coefficients
(C12, Cis, C23), coherence regimes were identified across strata: meso-
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Fig. 4. Cross-scale coherence from canonical projections of paired metric
blocks. (A) System versus subsystem metrics, (B) system versus node metrics,
and (C) subsystem versus node metrics. Points represent the pooled and
stratum-specific networks plotted by standardised canonical scores for each
metric block. Colours denote the signed canonical score (U), from negative
(blue) to positive (red).

dominant (+, —, +), global-meso only (+, —, ), meso-local only (-, —,
+), and fully disjoint (-, —, -) (Table S6). Meso-dominant regimes were
most frequently observed in alkaline soils, fertilised treatments, and
longer-duration trials. Global-meso coherence appeared in rice-based
systems and high-bulk-density soils. Meso-local configurations were
more common in high-temperature biochar treatments and low-
precipitation environments. Fully disjoint regimes predominated in
unfertilised and upland cereal networks.

Metric contributions to coherence varied by axis. On the global-meso
axis, canonical loadings were highest for edge density, transitivity, and
global efficiency. Global-local alignment was most strongly associated
with eigenvector centrality, edge density, and global efficiency. On the
meso-local axis, eigenvector centrality and assortativity had the largest
canonical contributions, followed by transitivity and betweenness.
Average path length, modularity, and degree contributed minimally to
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alignment across all axes.

These results summarise how consistency across scales is expressed
topologically and quantify which structural metrics contribute most to
observed coherence patterns.

3.5. Edge-level stability and network reproducibility

Edge-level stability was evaluated using regularised partial-
correlation networks with bootstrapped resampling (Fig. 5;
Figures S19-521). In several ecological strata, including subtropical
conditions, acidic soils, alkaline soils, and high-bulk-density contexts,
partial-correlation models retained reproducible edges linking biochar
properties (pH, total carbon, total nitrogen) with soil variables (pH,
organic carbon, total nitrogen) and greenhouse gas emissions, particu-
larly N20.

In strata defined by temperate climates, the absence of nitrogen
fertilisation, or variable pyrolysis temperature, fewer partial edges were
retained across bootstrap replicates. These strata exhibited lower edge
counts and reduced edge-weight stability. Partial-correlation models in
these conditions were more likely to yield weaker or less regular con-
ditional structure.

Case-dropping bootstrap analyses (Figures S22-S27) showed the
same broad pattern. Node-strength rankings were most stable in the
denser, better-connected strata and less stable in rice, short-duration,
and some high-rainfall networks. More integrated networks therefore
provided a firmer basis for ranking node importance, whereas frag-
mented or weakly connected networks were more sensitive to model
specification and data perturbation.

A broader comparison across thresholds and estimators pointed to a
shared structural backbone (Table S7). Within thresholded networks,
median edge-set overlap remained high across the sensitivity grid
(Jaccard 0.5-0.9), and node-strength rankings were also strongly pre-
served (Spearman 0.7-1). EBICglasso networks showed similarly high
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internal consistency (edge-set Jaccard 0.7-1; strength-rank Spearman
0.8-1). Agreement between thresholded and EBICglasso networks was
lower (edge-set Jaccard 0.4-0.7), showing that these approaches
recovered the same broad scaffold but differed mainly in weaker or more
indirect associations.

That recurring scaffold was centred on soil nitrogen, soil acidity,
fertiliser descriptors, and biochar carbon or dose, which repeatedly
appeared as stable nodes or edges across pooled and context-specific
models. By contrast, several gas-gas links, selected microbial links,
and a subset of weaker biochar-emission associations were more often
threshold-dependent or estimator-sensitive. Missingness-preserving
permutation tests led to the same conclusion from a different angle. In
every stratum, mean absolute association strength, edge count, and edge
density exceeded null expectations. The recovered backbone therefore
appears stronger than would be expected from reporting pattern and
sample size alone, even though weaker peripheral links remain more
model-sensitive.

4. Discussion
4.1. Key findings from stratified association networks

Most syntheses of biochar field trials focus on mean effects and
moderator tests. That work is well suited to estimating average N0,
CHa4, and CO:2 responses, but it gives limited visibility on how emission
effect sizes sit alongside the soil, fertiliser, and biochar descriptors that
are co-reported in the same studies. The stratified network framework
used here addresses that gap by examining how those variables are
organised within the same multivariate structure, and how that struc-
ture shifts across ecological contexts.

In some strata, the retained associations form a connected backbone
that keeps most nodes mutually reachable through short paths. In other
strata, the thresholded structure fragments into multiple components,
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Fig. 5. Conditional association structure in regularised partial-correlation networks. Networks show conditional associations estimated from penalised
precision-matrix models (EBICglasso; EBIC = 0.5). Edges appear only when present in > 70% of 1000 bootstrap resamples, with thickness proportional to partial-
correlation magnitude. Parentheses give the data-matrix size (rows x columns). Square brackets classify networks as stable or unstable based on case-dropping edge

stability (CSegqge > 0.25).
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leaving many node pairs unreachable. This matters because fragmen-
tation changes what can be interpreted from network-scale summaries.
When the network is partly disconnected, distance-based metrics and
node centralities describe the connected portion of the graph, and they
become conditional on which variables are retained and linked in that
stratum.

Across strata, a narrow set of descriptors repeatedly sits in well-
connected regions when available, particularly soil pH, nitrogen-
related variables, and biochar dose. Emissions and microbial gene
markers show less consistent placement, which is compatible with true
context dependence but also with uneven measurement and uneven
pairing with the core descriptors. Regularised partial-correlation esti-
mation and bootstrap diagnostics narrow the set of associations that
persist after conditioning and under resampling, providing a stability-
oriented basis for prioritising candidate relationships for follow-up
(Epskamp and Fried, 2018). This does not convert associations into
mechanisms, but it helps distinguish edges and node positions that are
consistent to modelling and sampling perturbation in a heterogeneous
evidence base (Borsboom et al., 2021).

These networks are best read as descriptions of structured co-
variation. Correlation-based edges and topology do not, on their own,
establish ecological coupling, coordination, or causal vulnerability.
Read in that way, the main result is not a fixed edge set repeated in every
stratum, but a recurring multivariate scaffold that persists across
reasonable specifications. Soil nitrogen, soil acidity, fertiliser context,
and biochar carbon or dose repeatedly anchored that scaffold, whereas
several gas-gas, microbial, and weaker biochar-emission links shifted
with thresholding or regularisation. This makes the central backbone the
part of the network that is most likely to travel across contexts, while the
periphery remains more contingent on study composition, reporting
depth, and model choice.

4.2. Implications for field trials

Interpretability depends as much on evidential strength as on edge
magnitude. In literature-compiled datasets, sample size is not a single
number. Under pairwise complete estimation, each edge is supported by
the number of joint observations available for that variable pair within
that stratum, and that joint coverage can vary widely across edges. As a
result, a large edge weight does not necessarily imply compelling evi-
dence for edge presence, and an absent edge does not necessarily imply
evidence of absence. Both can reflect limited joint coverage, sampling
variability, and the effects of thresholding or regularisation (Epskamp
et al., 2012). For biochar field trials, this argues for reporting practices
that increase joint coverage for the relationships that are most
frequently interpreted.

For monitoring programmes and future trial design, the results
support a staged measurement set that makes cross-site comparison
feasible before adding specialised indicators. A minimal core set that is
consistently measured and reported, with dispersion and sample size,
would include emissions in both control and biochar treatments to
support effect sizes; soil pH and at least one nitrogen context indicator;
and biochar dose and key biochar properties. This aligns with the way
heterogeneous biochar outcomes are commonly interpreted in meta-
analysis and field agronomy, where soil acidity, nitrogen context, and
application rate recur as central moderators (Bai et al., 2025). The
additional point from a network perspective is that these descriptors
form a recurring multivariate scaffold in the co-reported data. Microbial
gene markers are most interpretable when they are collected alongside
that scaffold, rather than in isolation, because the scaffold anchors
cross-site interpretation and reduces the risk that apparent differences
reflect missingness rather than signal.

Variables that recur across thresholded and regularised models are
the strongest candidates for a common reporting core in future field
trials because they appear to carry signal that is portable across sites and
modelling choices. In this study, those variables were most often soil

Soil & Tillage Research 261 (2026) 107193

nitrogen, soil acidity, fertiliser context, biochar carbon, and application
rate. Variables whose centrality or connectivity shifts sharply across
specifications remain valuable, but they are most informative when
measured alongside that core rather than interpreted in isolation. In that
sense, robustness analysis is not only a statistical check, but also a guide
to which measurements are most likely to support cumulative inference
across studies. For exploratory ecological networks, the practical aim is
less to catalogue every possible edge than to identify the subset of
recurring patterns that can support cross-site comparison and justify
more targeted mechanistic or predictive follow-up (Golino and
Epskamp, 2017). For a single, well-controlled field experiment, these
networks are therefore best used to prioritise variables and frame hy-
potheses, not to substitute for experimental inference (Dablander and
Hinne, 2019).

4.3. Current limitations and targeted future directions

Several limitations arise from the structure of the published evi-
dence. Many trials report soil and biochar properties as study descriptors
rather than as paired control and treatment values, so these variables
contextualise emission InRRs rather than functioning as treatment-
response effect sizes. Reporting of dispersion and sample size is also
uneven across variables, which limits formal uncertainty propagation
for the full node set. In addition, pairwise missingness means that edge-
specific joint coverage varies across the network, and fragmentation
after thresholding can reflect both weak association structure and
limited joint reporting. These constraints do not invalidate descriptive
network synthesis, but they set expectations for what can be interpreted
and why stability-oriented checks are needed.

The robustness checks strengthen confidence in the backbone of the
network, but they do not remove the main limitations of the evidence
base. The fact that observed association strength and density exceeded
null expectations argues against the recovered structure being a simple
by-product of missingness or sample size alone. At the same time, lower
agreement between marginal correlation networks and regularised
partial-correlation networks, especially in rice, short-duration, and some
high-rainfall strata, shows that many weaker peripheral links are not yet
portable across modelling choices. Those associations are therefore
better treated as provisional signals for follow-up than as settled
ecological relationships.

Harmonised reporting of a minimal measurement set, including
dispersion and sample size, would increase joint coverage and reduce
node-set differences across contexts. Designs that report core soil vari-
ables in both control and treatment conditions, alongside emissions,
would allow a clearer separation between contextual descriptors and
treatment-responsive effect sizes, and would enable stronger multivar-
iate modelling beyond descriptive association structure. Longer field
durations and repeated measurements would allow direct evaluation of
whether multivariate organisation is stable or rewires as biochar ages
and management changes (Blonder et al., 2012). As the available evi-
dence base grows, leave-one-study-out analyses, broader regularisation
sensitivity tests, and repeated validation across contexts will help
separate recurrent ecological structure from study-specific covariance
patterns, sparse reporting, and model-dependent edge retention
(Epskamp et al., 2018).

Overall, the stratified network approach provides a structured way to
organise multi-domain field evidence while keeping uncertainty
explicit. It highlights the part of the multivariate structure most likely to
generalise across thresholds, estimators, and missingness-aware null
models, while also showing where limited joint coverage and model
sensitivity still constrain inference. That distinction is directly relevant
for designing monitoring programmes that aim to compare biochar
outcomes across contexts.
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5. Conclusion

Field trials continue to report variable N-O, CH4, and CO2 outcomes
under biochar amendment, and those outcomes are measured alongside
an uneven set of soil, management, biochar, and microbial descriptors.
This study reorganised that evidence as stratified association networks,
using InRR effect sizes for emissions and treating other variables as
contextual descriptors. Across strata, retained association structure
ranged from networks that remained largely connected to networks that
fragmented at the operating threshold, which sets clear limits on when
path-based summaries and centrality measures represent the full vari-
able set. Despite context dependence and uneven reporting, a consistent
pattern emerged. When available and connected, soil pH, nitrogen-
related descriptors, and biochar application rate often sit in well-
connected regions of the retained graphs. Conditioning and resam-
pling further reduced attention to a narrower subset of reproducible
links, including repeated support for the bRate-spH association in strata
where both variables were available. The framework remains descrip-
tive, but it provides a practical basis for identifying core indicators that
are most defensible for stratified monitoring and for prioritising contexts
where cross-domain interpretation is better supported by the published
data. More standardised co-measurement, fuller reporting of uncer-
tainty, and longer-duration trials would strengthen future tests of
whether the recurring features identified here generalise across sites and
management practices.
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