
communications biology Article

https://doi.org/10.1038/s42003-024-07059-8

Agricultural practices influence soil
microbiome assembly and interactions at
different depths identified by machine
learning
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Agricultural practices affect soil microbes which are critical to soil health and sustainable agriculture.
To understand prokaryotic and fungal assembly under agricultural practices, we use machine
learning-based methods. We show that fertility source is the most pronounced factor for microbial
assembly especially for fungi, and its effect decreases with soil depths. Fertility source also shapes
microbial co-occurrence patterns revealed bymachine learning, leading to fungi-dominated modules
sensitive to fertility down to30 cmdepth. Tillage affects soilmicrobiomes at 0-20 cmdepth, enhancing
dispersal and stochastic processes but potentially jeopardizing microbial interactions. Cover crop
effects are less pronounced and lack depth-dependent patterns. Machine learning reveals that the
impact of agricultural practices on microbial communities is multifaceted and highlights the role of
fertility source over the soil depth. Machine learning overcomes the linear limitations of traditional
methods and offers enhanced insights into the mechanisms underlying microbial assembly and
distributions in agriculture soils.

As new technologies emerge that enable the identification of microbial
structure and function, soil microbiomes increasingly are explored for their
contribution to crop yields and potential for advancing the sustainability of
agriculture1. Themicrobial communities in soils can serve several important
economic and ecologic functions, such as enhancing the bioavailability of
important nutrients for plants, synthesize hormones that promote crop
growth, andboost plant resilience against stresses2–4. Thus, knowledge about
agricultural soil microorganisms and their interactions among each other
and with plants is increasingly sought after for use in new biofertilizer
products5. Further, this knowledge can be used to better retain or recruit
microbial taxa already present in the soil and support their beneficial
functions through agricultural management decisions.

Agricultural management practices like tillage, fertilizers, and cover
crops influence the population structure and functional traits of soil
microbiomes, yet the complete impact of these factors is not fully
understood3,6,7. Recent studies have increasingly concentrated on elucidat-
ing how these practices shape microbial communities within the soil7,8.
While the deterministic processes captured in part by environmental

variables often point to a strong influence of environmental selection on
microbial community assembly, stochastic processes may be more influ-
ential than previously thought, especially in late soil ecological succession9.
Gaining amore comprehensive understanding of how agriculturalmethods
impact soil microbial communities is pivotal for maximizing soil func-
tionality within agricultural ecosystems10.

The relative abundance and compositionofmicrobial taxa found in the
soil varies considerably depending on the soil properties and environmental
conditions11. Because of its complexity and immense diversity, soil micro-
biomes remain challenging to interpret. Traditional multivariate statistical
methods such as Principal Coordinates Analysis (PCoA) and Redundancy
Analysis (RDA) are staples for analyzing soil microbiomes12,13. However,
these methods have limitations because they assume that the species’
response to environmental factors is either linear or unimodal. Conse-
quently, the ordination axes and clusters generated by traditional ordination
methods may lack ecological relevance for complex ecological data14,15.
Furthermore, the absence of interaction terms in linear models prevents
them from capturing non-additive effects among environmental factors
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when study species–environment interactions14. Recently, by harnessing the
power of artificial intelligence, researchers are usingmachine learning (ML)
models for analyzing microbiome constituents and their links to environ-
mental conditions16 by enhancing predictive power at the cost of reduced
model interpretability17. Various methods recently have been proposed18,19

to interpret the predictions of complexmodels such as the SHapleyAdditive
exPlanations (SHAP) framework, which is currently used in microbiome
research20,21.

In addition to responding to environmental gradients (abiotic factors),
members of the soil microbiome interact with each other, and these inter-
actions (biotic factors) are essential to ecosystem dynamics. Co-occurrence
networks, increasingly used for this purpose, often pose complex inter-
pretation challenges. Traditional topological analysis of these networks can
result in ambiguous biological implications and may fail to capture higher-
order interactions8,22–24. This challenge can be addressed by integrating co-
occurrence network analysis with ML models. By aggregating the con-
tributions of individual taxa to the predictions of the relative abundance of
other species, this approach quantifies the impact of individual micro-
organisms onmodule formation. Recent work has demonstrated the ability
of ML to predict microbial composition and revealed putative interaction
mechanisms25–27. It is worth noting that stochastic processes, which might
not be represented by an ML model, also influence how microbial com-
munities are shaped28,29. To account for this, a neutral community model
(NCM) canbe included and its outcomes can be juxtaposedwith those from
an ML analysis. Nevertheless, ML models with explanatory frameworks
offer promising prospects as new tools to improve the understanding of
microbiome interactions, but to date, ML approaches are rarely applied to
soil microbiomes.

In this study, we explored microbial assembly, distribution, and net-
works across depths under different farming practices in one of the oldest
organic field trials in North America (FST, Farming Systems Trial, estab-
lished at theRodale Institute in 1981). Priorwork has demonstrated a strong
soil depth signal of microbial community composition with less influence
from fertility source, tillage intensity, and cover crop use, and these con-
clusions, which were drawn from linear approaches, may overlook impor-
tant patterns30. Here we asked: (1) which abiotic and management
components of agricultural systems most strongly affect the assembly of
microbial communities in agricultural soils and how can machine learning
facilitate this interpretation? and (2) towhat extentdoes the soilmicrobiome
carry a signal that can indicate different agricultural practices? To achieve
this, we evaluated the contribution of agricultural management and envir-
onmental parameters to explain the variations in prokaryotic (bacteria and
archaea) and fungal communities using our newly proposed ML-based
canonical analysis. We also applied Random Forest (RF)31 to decipher the
microbial distribution and trends under agricultural practices and used
SHAP to identify primary biomarkers associatedwith agricultural practices.

Results
Environment influences microbial assembly
We compared variances between PCoA and t-SNE (t-distributed stochastic
neighbor embedding)-based ordination methods. In contrast to traditional
multivariate PCoA, t-SNE-based ordination methods better captured
explained variances in both prokaryote and fungal soil communities, as
shown in Shepard diagrams (Supplementary Fig. S1). For the prokaryotic
community, PCoA captured significant variations and was on par with
t-SNE in terms of explained variance, but it lagged in locality preservation.
Conversely, for the fungal community, PCoA performed poorly on both
explained variance and degree of locality preservation metrics, but t-SNE
was able to recover the community’s nonlinear structure.

The t-SNE plots revealed different patterns of soil microbial com-
munities (Fig. 1a): t-SNE component 1 values represented a gradient of
sample depth for both soil prokaryotes and fungi, and t-SNE component
2 separated the fungal samples by fertility sources. Mapped analysis of
t-SNE plot indicated that environmental factors and agricultural prac-
tices can explain the major variations of ordination coordinates

(prokaryote 79.1%, fungi 72.6%) (Fig. 1a). The relative contributions to
explaining variations in microbial community composition indicated
that fertility source, organic matter, depth, gravimetric water content,
bulk density, C:N ratio, total carbon, total nitrogen, and total hydrogen
had a significant impact on both prokaryotic and fungal community
composition (p < 0.05) (Fig. 1b). Fertility source was the dominant factor
responsible for fungal community variations, while soil depth and
organic matter were the main factors responsible for community varia-
tions of prokaryotes. Tillage only significantly affected prokaryotic
communities, while cover crops only impacted fungal communities but
both factors had low feature importance.

Tillage enhances stochastic processes in microbial community
assembly at shallow depth
The importance of neutral processes in soil microbial communities across
depth was evaluated by the NCM, which captured a significant portion of
the relationship between microbial taxa as represented by amplicon
sequence variants’ (ASV) occurrence frequency and their relative abun-
dance, explaining 83% and 76.5% of the community variance for prokar-
yotes and fungi, respectively (Fig. 2). The NCM model for microbial
communities at each depth category revealed that the immigration rate m
(calculated as the probability that an immigrating cell will replace a dead
cell) for prokaryotes was significantly higher than for fungi (Table 1).
Additionally, the immigration rates for both prokaryotes and fungi changed
with soil depth and were higher within the top 0–20 cm and decreased with
depth.Overall,microbial dispersal wasmore pronounced in the shallow soil
(0–20 cm) and diminished as the soil depth increased (20–60 cm). The
highest estimate of inter-community dispersal nm and overall fit of the
NCM model R2 indicates stochastic processes caused by migration dom-
inatemicrobial community assembly at 10–20 cm. Further, NCM results in
tilled soils, especially in the top 20 cm, showed higher m values and R2

coefficients than reduced-till soils (Supplementary Table S1).

Effect of abiotic and biotic factors on microbial community
structure
RFmodels, whichwere based on abiotic factors (environmental factors and
agricultural practices) andbiotic factors (microbial interactions, represented
by abundance of other ASVs beyond the target taxa), displayed varied
performance in predicting the abundance of commonASVs (defined in the
section “Dataset description and preprocessing”) at different soil depths
(Table 2). Overall, biotic factors accounted for a greater degree of variations
in the relative abundance of prokaryotes and fungi compared to abiotic
factors. As depth increased, the overall quantity of predictable ASVs
decreased. However, for prokaryotic ASVs between 10–20 cm, the portion
predictable by biotic factors was lower than that of 20–30 cm, while the
predictable portion by abiotic factors was higher than that of 0–10 cm.
Predictions based on biotic factors were significantly more accurate than
those based on abiotic factors. In 30–60 cm, the portion of both prokaryotic
and fungal communities predictable by biotic factors was much lower than
those in 0–30 cm. Furthermore, the relative abundance of prokaryotes
across soil depths remained more predictable than that of fungi.

Co-occurrence network properties at different depths
The co-occurrence networks in different soil depths exhibited great het-
erogeneity: 36.7% of the nodes and 2.06% of the edges were present inmore
than one network (Fig. 3). The topological properties were highly variable
between the networks from different depths (Supplementary Table S2).
Notably, thenetworkwithin the 30–60 cmdepth range exhibited thehighest
average degree (7.85) and edge density (0.00664), which quantify the overall
connectivity of a network. Additionally, this depth had the highest average
clustering coefficient (0.706), emphasizing the compactness of local struc-
tures. These results all indicated that microbes were the most closely asso-
ciated and correlated in 30–60 cm. In contrast, the numbers of nodes and
edges of the network in 10–20 cm were markedly lower than those in other
soil depths.
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Fig. 1 | Mapped analysis of t-SNE plot with Bray–Curtis distance matrices.
a Separate t-SNE ordinations using Bray–Curtis distance are performed for pro-
karyotes and fungi. b Feature importance of environmental factors and agricultural
practices explain the variations within the prokaryotic and fungal communities,

respectively. The x-axis represents the average of SHAP values, reflecting the
influence of each feature on the prediction of ordination. Features with SHAP values
significantly higher than random variables are marked in khaki (p < 0.05 by t-test,
n = 95 soil samples), signaling substantial impact on the community structure.

Fig. 2 | Fit of the NCM for community assembly.
The predicted occurrence frequencies for prokar-
yotic and fungal communities across all depths.
Solid yellow lines mark the optimal NCM fit, while
dashed lines denote the 95% confidence intervals.
ASVs deviating from NCM predictions (black) are
color-coded differently (blue or red). Nm indicates
themetacommunity sizemultiplied by immigration,
and Rsqr (R2) indicates model fitness.
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Variations of edge density were explained well by depth (R2 = 0.959,
p = 0.020), andwith the increase of soil depth, the co-occurrence proportion
of the microbial community gradually increased. The variations of bacteria
to bacteria edges and fungi to fungi edges could also be explained well by
depth (bacteria to bacteria: R2 = 0.971, p = 0.014, fungi to fungi: R2 = 0.980,
p = 0.010, Supplementary Table S3). Across all soil depths, bacteria to

bacteria connections dominated the soil microbiome co-occurrence
networks.

Effect of fertility source and cover crop on microbial co-
occurrence patterns
Agricultural practice-sensitive ASVs exhibited distinct distribution patterns
in co-occurrence networks at different depths (Fig. 3 and Supplementary
Table S4). Tillage-sensitiveASVsweremostly concentrated in the top 20 cm
soil depth (Fig. 3a, b). Fertility source- and cover crop-sensitive ASVs
existed across depths, while fertility source-sensitive ASVs were mainly
concentrated at in the top 30 cm (Fig. 3a–c), and cover crop-sensitive ASVs
were mainly found at 30–60 cm depth.

The degree (number of connections) distribution of sensitive ASVs to
different agriculture practices in the co-occurrence network also showed
differences (Supplementary Table S5).We established the average degree of
all ASVs at each depth as a benchmark. Compared to this benchmark,
fertility source- and cover crop-sensitive ASVs exhibited higher average
degrees at all depths, suggesting these practices significantly enhance
microbial co-occurrences. In contrast, tillage-sensitive ASVs had lower
average degrees, potentially indicating fewer associations and less impact of
tillage on microbial co-occurrence patterns.

A synthetic fertilizer module and a legume module that contained the
highest proportions (>25%) of agriculture practice-sensitive ASVs were
identified at 0–10, 10–20, and 20–30 cm soils by using optimization of
modularity algorithm (Fig. 4). The synthetic fertilizer modules and legume
modules contained ASVs sensitive to the corresponding fertility sources,
and these ASVs did not overlap. Manure was excluded because no manure
module was identified across soil depths but some manure-sensitive ASVs
were found in the legume module. These observations were further sup-
ported by the cumulative relative abundance (sumof relative abundances of
ASVs in the module) of synthetic fertilizer module and legume module,
which differed significantly among the fertility sources (Supplementary
Figs. S2 and S3). The ASVs in the synthetic fertilizer module were enriched
when the fertility sourcewas synthetic fertilizer, and theASVs in the legume
module were enriched when the fertility sources were legume or manure.

Fungi dominated the hub taxa in fertility source modules
Based on the RF model, a large fraction of ASVs in fertility modules can be
mutually predicted using their relative abundance, with predictable pro-
portions ranging from 69.9% to 86.3%. In contrast, the predictive capacity

Table 2 | Performance of RF models based on biotic factors
and abiotic factors across depth

Soil depth (cm) 0–10 10–20 20–30 30–60

prokaryotes Number of common ASVs 2853 3336 3038 2792

Proportion of ASVs predicted
by biotic factors (%)

39.7 28.3 34.4 17.0

Proportion of ASVs predicted
by abiotic factors (%)

15.2 15.4 8.5 NA

fungi Number of common ASVs 1115 1185 891 643

Proportion of ASVs predicted
by biotic factors (%)

22.8 15.4 12.2 2.8

Proportion of ASVs predicted
by abiotic factors (%)

13.5 8.4 5.9 NA

NA not available.

Fig. 3 | Co-occurrence networks of soil micro-
biomes including prokaryotes and fungi at dif-
ferent soil depths. Soil depths are a 0–10 cm,
b 10–20 cm, c 20–30 cm and d 30–60 cm. Fert: fer-
tility source sensitive, Cov: cover crop sensitive, and
Till: tillage sensitive.

Table 1 | NCM fit statistics for prokaryotic and fungal
communities at different soil depths

Soil depth (cm)

0–10 10–20 20–30 30–60

prokaryotes R2 0.855 0.858 0.825 0.782

Nm 2720 3364 2698 2321

m 0.0139 0.0137 0.0108 0.00788

fungi R2 0. 780 0.781 0.698 0.535

Nm 1832 1877 1067 542

m 0.00536 0.00487 0.0023 0.00117

R2 represents the overall fit to the neutral model. Nm is an estimate of inter-community dispersal
given a metacommunity size.m is the immigration rate of the community.
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based on abiotic factors remained limited, ranging from 6.4% to 38.6%
(Supplementary Table S6). In general, the predictability from both biotic
and abiotic factors was lower in the deeper layer (20–30 cm) than at the
surface (0–10 cm).

The SHAP-based framework was used to identify the ASVs that have
the greatest impact on other ASVs in the module and the top ten percent of
theseASVswere defined as hub taxa.MostASVs identified as hub taxawere
fungi (Supplementary Fig. S4, Supplementary Data 1). Based on the model
retrained on hub taxa, over half of ASVs in all fertility-sensitive modules
were predictable (ranging from 50.0% to 71.9%) (Supplementary Table S6).

Structural redundancy analysis was used to evaluate the performance
of hub taxa identifiedby the SHAP-based framework and those identifiedby
traditional network topology analysis, specifically comparing their con-
sistency of response pattern to the module. Results from structural redun-
dancy analysis indicated that hub taxa identifiedby SHAP-based framework
have strong consistency with the complete set of taxa within the modules
given that the correlation with sample similarities ranged from 0.916 to
0.979 (Supplementary Table S7). This suggested that the response patterns
of hub taxa identified by the SHAP-based framework closelymatched those
of the corresponding fertility source module. In contrast, traditional hub
taxa failed to achieve the similar performance, with their correlations ran-
ging from 0.746 to 0.925 (Supplementary Table S7).

In the legumemodule, archaea and bacteria were also identified as hub
ASVs (Supplementary Data 1). Archaea (families Nitrosotaleaceae and
Nitrososphaeraceae) occurred in soil depth sections 0–10 cm and 20–30 cm
while Bacteria (order Chthoniobacteraceae from phylum Verrucomicro-
biota and phylum PlanctomycetotaWD2101 soil group) were present only
from 20–30 cm. Similarly, bacterial hub species (mainly from phyla Bac-
teroidota, Proteobacteria, Verrucomicrobiota, Myxococcota, and Firmi-
cutes) were also identified in the synthetic fertilizer module at 0–10 cm and
20–30 cm. Only one Archaeon (order Woesearchaeales) occurred at the
deeper layer (20–30 cm). Compared to the legumemodule with no Bacteria
in the 0–10 cm soil, the synthetic fertilizermodule contained elevenBacteria
hub ASVs at 0–10 cm (Supplementary Table S7).

Identification of indicator microbial taxa under agricultural
practices by machine learning
Todeterminewhether each separate agricultural practice could be identified
by microbial taxa, we examined the AUC scores. Based on AUC scores,
ASVs from all depths (0–10, 10–20, 20–30, and 30–60 cm) contained the

power to differentiate fertility sources, but the predictive power decreased
quickly after 20 cm depth (Fig. 5). AUC scores were the highest in surface
soil (0–10 cm)under fertility sourceswith an averageAUCscore of 0.968 for
prokaryotes and 0.996 for fungi (Fig. 5). In contrast, only the microbial
community taxa at 0–20 cm soil depth indicated different tillage strategies
(Fig. 5). The prediction from cover crop type was limited and of lower
accuracy, however, AUC scores for prokaryotes and fungi were higher than
0.5 at 0–10 and 10–20 cm (Fig. 5). Thus, we selected 0–60 cm as the depth
section where the model could identify different fertility sources and
0–20 cmas the depth sectionwhere themodel could identify different tillage
and cover cropping impacts.

Specific biomarkers indicative of agricultural practices were then
identified by a SHAP-based feature selection approach. Based on these
biomarkers, the model’s proficiency was enhanced in recognizing the fer-
tility source, tillage type, and cover crop. Fertility sources were identified
with high accuracy for prokaryotes and fungi in 0–60 cm (AUC = 0.905 for
prokaryotes and 0.960 for fungi). The AUC scores for tillage also improved
for both prokaryotes and fungi (0.896 and 0.917) at 0–20 cmaswell as cover
cropping (0.778 and 0.750).

The top 50 biomarkers that contributed the most to distinguishing
agricultural practices were identified as primary biomarkers (Supplemen-
tary Fig. S5). For fertility sources, organic-enriched fungi predominantly
exhibited as biomarkers, while the biomarkers for prokaryotes were more
evenly distributed among fertility sources (Fig. 6, Supplementary Fig. S5a,
b). Primary fungal biomarkers for fertility sources in the 0–60 cm soil depth
more often had higher normalized relative abundances associated with
legume and manure fertility sources. These included ASVs in the family
Nectriaceae (four ASVs), Chaetomiaceae (five ASVs) and Pyronemataceae
(three ASVs). ASVs contributing the most to distinguishing among fertility
sources were from families Chaetomiaceae, Corynesporascaceae, Hypo-
creales, Magnaporthaceae, Nectriaceae, and Orbiliaceae and, except for
Corynesporascaceae, were enriched in organic fertility sources (Fig. 6).
Compared to fungi, prokaryotic biomarkers were more evenly distributed
across fertility sources and contained higher normalized relative abun-
dances associated with synthetic fertilizer. Prokaryotic biomarkers of ferti-
lity sources in 0–60 cm depth soil were primarily from families
Microscillaceae (three ASVs), Nitrosomonadaceae, and Gemmatimona-
daceae, (two ASVs each). An ASV in genus Nannocystis was particularly
elevated in the legume fertility source and somewhat in the manure fertility
source as compared with the synthetic fertilizer treatment (Fig. 6). In fields

Fig. 4 | Co-occurrence patterns of fertility source-
sensitive ASVs at different soil depths. Soil depths
are a 0–10 cm, b 10–20 cm, c 20–30 cm and
d 30–60 cm. Sensitive type: Leg: legume, Man:
manure, Syn: synthetic fertilizer. Leg module:
legume module, Syn module: synthetic fertilizer
module.
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Fig. 6 | Ternary plot of primary biomarkers for prokaryotes and fungi associated with various fertility sources. Colors represent the phylum or phylum/family of the
biomarkers, and the symbol size indicates its scaled contribution to identifying the fertility source.

Fig. 5 | AUC scores under agricultural practices
(fertility source, tillage and cover crops). The
results are computed through a ten-fold cross-vali-
dation, conducted 10 times. Below the dotted line
(score ≤ 0.5) means that the model has no ability to
identify agricultural practices. Values with a mean
below 0.5 are plotted at 0.5, indicating a complete
lack of recognition. The center of each data point
represents the mean value, while the error bars are
indicative of the standard deviation from the mean.
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treated with manure, an ASV in genus Nitrospira was elevated compared
with the other fertility sources. For the synthetically fertilized samples, an
ASV in the genus Acidibacter was enriched relative to the legume fertility
source.

RFmodels employed to discern tillage practices identified till-enriched
taxa (both prokaryotes and fungi) as the primary biomarkers. Primary
fungal and prokaryotic biomarkers that contributed the most to distin-
guishing between tillage types in 0–20 cm soils more often occurred in
greater normalized relative abundances under full tillage (Fig. 7, Supple-
mentary Fig. S5c, d). Primary biomarker ASVs most often occurred in
fungal families Lasiosphaeriaceae (five ASVs), Didymellaceae and Nec-
triaceae (threeASVs each). TwoASVs in the familyDidymellaceae were the
strongest contributors and occurred at a higher relative abundance in fully
tilled soils while ASVs in the family Nectriaceae were better biomarkers of
reduced tillage. Prokaryotic families Nitrosomonadaceae (five ASVs),
Gemmatimonadaceae and Roseiflexaceae (four ASVs each) were the most
common biomarker families. ASVs in the family Nitrosomonadaceae
marked both full and reduced tillage: generaMND1 andmle1-7 had greater
abundances in full tillage while an unknown genus was elevated in reduced
tillage. Three ASV biomarkers in the family Chitinophagaceae had higher
relative abundances in full tillage (Fig. 7).

For cover crops, primary prokaryotic and fungal biomarkers of the
0–20 cm sample depth were almost evenly distributed between fields with

and without cover crops (Fig. 7, Supplementary Fig. S5e, f). The primary
contributions came from fungal families Bolbitiaceae and Herpo-
trichiellaceae, which marked soils with cover crops, and Helotiales, Dic-
tyosporiaceae, and Tubeufiaceae which marked fields without cover crops.
Primary prokaryotic contributors were from classes Dehalococcoidia,
Acidimicrobiia, and Oligoflexia with families unknown, and family Rhi-
zobiaceae. Of these, only the Oligoflexia ASVmore strongly indicated fields
without cover crops (Fig. 7).

Discussion
Microbial communities in agricultural soil are essential components of crop
and soil health, yet interpreting these highly dimensional datasets has
proved a challenge and can hinder conceptual and applied advances. The
complexity of microbial community data necessitates the application of
ML32, and researchers have used ML previously to predict soil health using
microorganisms33. Here we enhance our understanding of which abiotic
and management components of agricultural systems most strongly affect
the assembly of microbial communities in agricultural soils and how can
machine learning facilitate this interpretation. We found that ML approa-
ches emphasize the influence of fertility source on fungal communities over
soil depth, whereas soil depth is more important for prokaryote commu-
nities and was emphasized for both communities when using traditional
approaches. Fertility source is also key for shaping microbial co-occurrence

Fig. 7 | Enrichment of primary biomarkers for prokaryotes and fungi under
different tillage intensity, and cover crop. Each axis is log2-fold change (Till
relative to Reduced-Till and Cover Crop relative to No Cover Crop). Colors

represent the phylum or phylum/family of the biomarkers, and the symbol size
indicates its scaled contribution to identifying the corresponding agricultural
practices.
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patterns, again, especially for fungi-dominated modules. Tillage is influen-
tial in surface soils and enhances dispersal and stochastic processes, whereas
consequences from cover crops are minimal and only occur for fungal
communities. We additionally identified that the soil microbiome caries a
signal able to differentiate among agricultural practices using reliable bio-
marker microbial groups. Building on previous results30, these findings
emphasize the ability of machine learning to move beyond traditional
analysis constraints to reveal differences in driving factors in some cases and
to support non-machine learning results in others.

Compared to traditional methods for the same data30, ML analysis
revealed that fertility source was the most pronounced agricultural man-
agement factor for microbial assembly, especially for fungal communities,
with its effect diminishing with depth. We hypothesize that the disparities
between PCoA and t-SNEmay be due to the linear association between soil
depth and community variance that was strong in the prokaryotic com-
munity, whereas themajor variance of the fungal communitywas caused by
fertility sources, which are not easily described by a linear model. Conse-
quently, information is lost when reducing the fungal community data to
two dimensions using PCoA. During the environmental community
modeling stage, according to the SHAP summary, organic matter was the
most and second most influential environmental variable for the prokar-
yotic and fungal communities, respectively. As soil depth increases, organic
matter proportions decline,making it a direct cause of significant changes in
prokaryotic communities with depth at 0–60 cm. Depth-dependent dif-
ferences in prokaryotic communities are not always identified30, but sample
depth and organicmatter have strong collinearity, and variableswith strong
collinearity can make it difficult to interpret in linear models34. This con-
clusion differs from that of another study35, which found that depth had a
greater impact on bacterial communities than organicmatter.We speculate
that this discrepancy is due to the different sampling scales. The other study
sampled from a depth range of 0–180 cm and observed significant differ-
ences between the bacterial communities in the 0–60 cm and 60–180 cm
depth ranges35. This means that our conclusions from the 0–60 cm depth
range, where changes in organicmatter predominantly occurred36, may not
be applicable to the 60–180 cm depth range.

Machine learning identified a different emphasis compared with tra-
ditional methods for the importance of management and abiotic factors in
structuring the microbial community. In management practices, fertility
source stands out as the most influential treatment factor for the microbial
community, and especially as the most important factor for the fungal
community, which was not identified in a previous study30. However, the
influence is less pronounced for the prokaryotic community. A recent
review identified that specific bacteria responded to inorganic and organic
fertilizers differently, but fertilizers had no significant effect on overall
richness and diversity37. In soils between 0–60 cm depth, we found tillage
and cover crops exhibited minimal influence on the microbial community
structure. Tillage only significantly affected prokaryotic communities, while
cover crops impacted only fungal communities. This differed somewhat
from patterns found with traditional permutational ANOVA where tillage
type significantly influenced both prokaryotic and fungal communities but
by less than 2%30. This analysis agreed though that the presence of cover
crops mildly affected fungal community composition. In contrast with our
findings, another long-term study established in 1970 of conventional and
no-tillage systemswith different fertility sources, found a stronger influence
on microbial community structure from tillage than fertility sources (no
fertilizer, N-only, or NPK38). This difference may lie in the fertility sources
used because we found organic matter to be the primary environmental
variable, but it was not included in their fertilizer treatments. One limitation
is that our analysis modeled soil properties in conjunction with agricultural
practices. Since agricultural practices, directly and indirectly, influence soil
properties, this approach could potentially understate the significance of
agricultural practices by omitting this relationship39.

In shallow soil (0–20 cm), both stochastic processes and community
immigration rate are more pronounced than in deep soil (20–60 cm). This
phenomenon can relate directly to tillage practices because soils typically are

only tilled above 25 cm depth, resulting in greater microhabitat hetero-
geneity among microbial communities below this layer40. Soil tillage can
disrupt physical and chemical soil structure41 and change soil moisture
content and depth-associated environmental parameters which are influ-
ential for deterministic processes in community assembly42. Furthermore,
the disturbance of soil macroaggregates and pore networks homogenizes
ecological niches, thereby increasing the influence of stochastic processes on
shaping microbial communities in shallow soil layers7,43. Consistent with
previous studies, our results indicate that cultivation tends to amplify the
influence of stochastic processes more in shaping prokaryotic communities
than fungi43,44.

Tillage practices can mix soil layers and increase soil erosion potential
and runoff 45, thereby physically relocating microbes and enhancing their
migration capabilities by reducing dispersal limitations. Within the tillage
layer, prior research has found that tillage increasedmicrobial dispersal and
thus, the homogeneity of soil bacterial communities across microhabitats46.
Further, wind and water flows are more likely to facilitate dispersal at
shallow depths47,48 especially if agricultural soils are compacted and infil-
trated poorly. Therefore, the hydrological connectivity inherent in shallow
soil could be another key factor contributing to this enhanced dispersal
ability28. Additionally, we found that prokaryotes have greater dispersal
ability than fungi, which is consistent with previous work and attributed to
their smaller dispersal limitations due to their smaller body and unicellular
growth44,49,50. Dispersal limitation can intensify the priority effect in
assembly44,51. This implies that species arriving earlier alter resources or
conditions, affecting the establishment of subsequent species52. As a result,
heterogeneity increases in fungal53 and prokaryotic communities in deeper
soil layers (20–60 cm)30.

Our results demonstrated that variations in cover crops and fertility
sources contribute to the co-occurrence of specific microbial groups,
whereas tillage does not exhibit such an effect. This may be more evidence
that tilling practices damagemicrobial community networks54 although it is
important to remember that the scale of these studies occurs from samples
collected meters apart and homogenized, thus, co-occurrence does not
indicate interactions. The reason for differences in fertility source, cover
crops, and tillage effects on microbial co-occurrence networks may be the
input of organicmatter. Fertilizer applications enhance soil nutrient levels55.
Similarly, cover crops benefit soil health by adding organic carbon through
roots, root exudates, and above-ground residues56,57. These specific forms of
organic matter inputs recruited diverse microbial communities, which in
turn influence patterns ofmicrobial interactions.Unlike fertility sources and
cover crops, tillage does not introduce additional organicmatter into the soil
although it does expose deeper layers to the organicmatter remaining on the
surface from crop residues. Ultimately though, tillage accelerates organic
matter decomposition, causing a faster and more uniform release of
nutrients throughout the tilled soil layers, which promotes fast-growing
microorganisms7,58. In our study, we observed little variation in microbial
co-occurrence patterns between fully tilled and reduced-till treatments,
suggesting that reduced tillage frequencymainly influences the stochasticity
of microbial processes and alters dispersal capabilities within the 0–20 cm
soil layer.

Modules containing high proportions of ASVs responding to fertility
sources were identified8, but not for tillage intensity or cover crops, sug-
gesting the impact of tillage and cover crops is less pronounced, and thus,
insufficient to form modules in microbial co-occurrence networks across
depth. In the SHAP-based framework,we can consider the task of using a set
of ASVs to predict the relative abundance of individual ASVs as a coop-
erative game, thusquantifying the impact of a single taxawhile considering a
coalition of taxa. This approach allows us to break through the limitations of
traditionalmethods that onlymodel pairwise relationships. Additionally, as
an additive explanation method, SHAP assigns higher feature importance
when predicting other taxa with higher abundance. This strategy helps
ensure that the final sum of SHAP values approximates the effect of taxa on
the entire module. Compared to traditional topological analysis based on
networks, hub taxa identified by SHAP-based framework alignmore closely
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with the module’s response pattern, which is more consistent with the
definition that changes in hub taxa may lead to changes in the entire
module59. Further, hub species contain microbial taxa identified by SHAP-
based framework that demonstrate strong interconnections and exert a
significant community impact. We found a substantial proportion of the
relative abundance of ASVs within the fertility source-sensitive module can
be predicted by other ASVs. This observation underscores fungi’s pivotal
role in driving the distinct contribution patterns resulting from fertility
source differences. Similar to a previously discussed concept60, we hypo-
thesize that the initial impact of fertility sources likely influences specific
fungi, the effects of which subsequently cascade onto a broader microbial
community.

Because an ML model may not identify stochastic processes, yet these
processes are important to shaping microbial communities, interpretations
of ML models should be considered in conjunction with NCM. The NCM
postulates all community members have equal chances of birth, death, and
relocation, regardless of species61. Such a notion might be seen as counter-
intuitive because the ability to grow, reproduce, and disperse varies across
biotic and abiotic gradients62,63. In contrast, it is well-recognized that
microbial survival and growth in soils face challenges frompersistent abiotic
stressors, including limited and fluctuating water availability, a dearth of
organic carbon substrates, and acidic conditions11. Furthermore, micro-
organisms are always entwined in complex ecological interactionwebs, with
interactions that can affect involved species64. To compensate for the neutral
model limitations, we applied theRFmodel based on both biotic and abiotic
factors65 and used a co-occurrence network for further analysis.

Our results indicated that the roles of deterministic and stochastic
processes for community assembly varied across depth, consistent with
previous observations66. Reduced goodness of fit of the NCM indicated that
the explanatory power of neutral theory declined in deeper layers. This
observation contrasts with the finding from a 15-year field experiment67,
which can be attributed to the absence of tillage in their experimental setup.
However, the diminished predictive power of the RFmodel at greater depth
does not necessarily imply a reduced influence of the deterministic process.
As soil depth increases, both prokaryotic and fungal communities exhibited
increasing community heterogeneity30, although bacterial taxa were more
highly and consistently connected compared to fungi68. The expanded state
space at depths challenges the ability of ML to discern patterns in limited
samples and merits future investigation.

TheproportionofpredictedASVsbasedonabiotic factors is limited for
both prokaryotes and fungi, which might be because the abiotic factors we
measured contained low heterogeneity at the local scale69. Our previous
analysis emphasized that soil depth is the primary driver of microbial
community changes, and the environmental variables we considered are
closely associated with soil depth30. Therefore, when we conducted models
for individual soil layers, these environmental variables exhibited minimal
fluctuations, complicating our ability to discern their environmental filter-
ing effects on microbial communities. Additionally, our study may have
limitations due to the scope of the environmental variables measured, as
acknowledged in previous studies29,70, since we focused primarily on soil
bulk physical and chemical properties, which may not sufficiently address
the intricate spatial heterogeneity observed in soilmicrobial communities at
the centimeter scale11,71.

Machine learning showed that the soil microbiome can carry a strong
signal to indicate fertility source, tillage, and, to a lesser degree, cover crops
thatweredetectedwithRFmodels and these signals differed somewhat from
signals determined using traditional methods such as indicator species
analysis. The organic-based fertilizers were most strongly associated with
the fungal family Chaetomiaceae, the majority of which are saprotrophs
(decomposers), and some species are used to decompose plant biomass
(reviewed in ref. 72). Family Magnaporthaceae was also strongly associated
withorganic fertilizers and this family contains species found inplant tissues
including roots andhave anectrotroph lifestyle73. These taxamay contribute
to the decomposition of greater organic residues occurring from manure
and legume fertility sources. While Chaetomiaceae and Magnaporthaceae

were also identified as indicators formanure using traditionalmethods, they
were weaker indicators not in the top 10 for that fertility source. UsingML,
we found a prokaryotic biomarker in the genus Nitrospira was more often
found in fields fertilized with manure which could benefit the nitrite-
oxidation metabolism of these bacteria74. The fungal taxon Corynespora
cassiicolawas both a hub taxa and biomarker of synthetic fertilization and is
a well-known plant pathogen that is associated with target spot disease in
several plant species including soybeans (Glycinemax) (reviewed in ref. 75),
suggesting greater susceptibility of species in synthetically fertilized fields in
conventional agriculture.

Tillage-enriched taxa that were identified through RF models as the
primary biomarkers for both prokaryotes and fungi included pathogenic
taxa and decomposition specialists. For example, the fungal family Didy-
mellaceae, whichwas associated with full tillage both in theML analysis and
with traditionalmethods, is a broad group populatedwithmany species and
occurs in diverse ecosystems, but most taxa are plant pathogens76. Nec-
triaceae, a fungal family associated with reduced tillage in this analysis but
not with traditional methods, has around 900 species that use saprotrophic
or plant pathogenic lifestyles77, suggesting an important connection with
decomposition and plant health under reduced tillage. Prokaryotic families
associated with full tillage included Chitinophagaceae, some species of
which can decompose chitin78 which is available in the soil from organisms
including fungi and insects and is potentially enhanced by tillage-associated
mortality of these groups. Given that both full and reduced tillage were
associated with families that have similar broad pathogenic and decom-
position classifications, gaining more in-depth knowledge of each family’s
unique capabilities (e.g., mode of pathogenicity or nutrient requirements)
could yield hypotheses for the associations between families and tillage
intensity.

Although traditionalmethods identified some stronger indicators than
those for tillage types, the results fromML suggested that the signal from the
soil microbiome to indicate the presence of cover crops was weak. In the
fungal family Herpotrichiellaceae, the species Exophiala equina was asso-
ciated with cover crops and previously has been found with root
mycorrhizae79. In traditional methods, this family was the fifth strongest
indicator of cover crops. Fungal family Dictyosporiaceae was a biomarker
for fields without cover crops only as identified through ML and contains
globally distributed saprotrophs80. Prokaryotic biomarker from class
Dehalococcoidia that was associated with cover crops increases in previous
agricultural fields after afforestation81. The genus of the family Rhizobiaceae
whichwas amarker for cover crops, Pseudaminobacter, is commonly found
in agricultural soils and is related to bacteria that form root nodules; this
genus also contains atrazine-degrading species82. Family Oligoflexia which
indicatedfieldswithout cover crops, includesmanypredatory bacteria83 that
may be enhanced when root exudate sources of carbon are limited. Tradi-
tional methods only identified two prokaryotic orders indicating no cover
crops and neither contained Oligoflexia, highlighting the importance of
using multiple approaches to identify taxonomy signals.

TheMLapproachprovided several benefits that enableddifferent types
of analyses and assumptions beyond what is available with traditional
approaches, but it alsohas some limitationswhichweemphasize below.One
major benefit ofML is that it overcame limitations due to linear assumptions
and algebraic constraints. Without these limitations, ML was better able to
capture variances (particularly for the fungal community) and retain a high
degree of locality preservation compared with PCoA. Although ML results
can be difficult to interpret, the SHAP framework allowed a simpler linear
function to explore the relationship between community structure and
environmental factors from the RF models. This approach integrated
environmental and agricultural management practices to demonstrate the
relative influence of those factors. The SHAP framework also enabled the
prediction of biomarker groups that could move beyond pairwise models
and did not rely on linear correlation measures using point biserial coeffi-
cients such as that for indicator species analysis. ML approaches can handle
complex datasets, yet one constraint is the requirement for large sample
numbers to allow adequate model training and testing. When examining
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microbial interactions, though, the number of ASVs in each sample can still
be overwhelming for ML as for traditional network analysis. Thus, a subset
of ASVs can be used withML approaches and SHAP to predict agricultural
practices andviceversa.Another constraint, asmentionedpreviously, is that
ML may not consider stochastic processes for shaping microbial commu-
nities and soNCMcanbeused in tandemto support aholistic interpretation
of factors driving assembly.While theML approaches takenwith this study
generally supported those patterns identified using traditional approaches,
ML revealed nuanced novel information and enabled a better under-
standing of community assembly including biotic interactions which were
not studied in the previous analysis30.

Conclusion
In conclusion, by incorporating ML models we expanded on previously
identified patterns30 that used traditional approaches to determine that the
diverse agricultural microbial community was shaped by deterministic
factors stemming from the effects of fertility source, tillage, and cover
crops. Here we also identified that the community structure was strongly a
result of stochasticity. Similar to traditional methods, we found fertility
source had the greatest impact onmicrobial communities, but ML revealed
that influence diminished with depth, recruiting specific microbial mod-
ules dominated by fungi. Traditional methods identified soil depth as the
strongest factor explaining both prokaryotic and fungal community
composition variance, but in this study, ML enabled a more nuanced
interpretation where for fungi, fertility source was a far more important
factor. In traditional approaches, cover crops only explained the com-
munity variance of fungi when the full-depth profile was considered, but in
this study, we found cover crops exerted an influence on both prokaryote
and fungi co-occurrence patterns and that, like with traditional approa-
ches, it was smaller than fertility source and was not consistently depth
dependent. In contrast, we found the effect of tillage on the microbial
community was concentrated in 0–20 cm, which intensified the impor-
tance of the stochastic process while reducing dispersal limitations and
potentially destroying microbial interactions. With traditional approaches,
tillage was also only influential in the surface soils, but without machine
learning, the overall influence with regard to assembly could have been
minimized as tillage explained almost negligible (~1.7%) variance. Col-
lectively, our results showed that in a long-term agricultural field trial,
highly diverse soil microbial communities differentiate with agricultural
practices, but that stochasticity is a fundamental driver of community
structure especially in surface soils. Further, we demonstrated that ML
models can break through certain linear limitations of traditional methods,
providing a better understanding of co-occurrence patterns, assembly
processes, and mechanisms underlying the microbial community at dif-
ferent soil depths under different agricultural practices.

Methods
Dataset description and preprocessing
Soil samples were collected on January 28 and 29, 2019 from Rodale
Institute’s Farming SystemsTrial inKutztown, PA,USAwhichwas initiated
in 1981. The soil type is Clarksburg silt loam, which is anAlfisol. Fields have
an average slopeof 3%.Agricultural treatmentswere fertility source (organic
legume, organicmanure, or synthetic inorganic fertilizer), tillage type (full or
reduced tillage), and winter cover (cover crops or fallow (only for synthetic
fertilizer)) for a total of eight different agricultural treatments. Each agri-
cultural treatment was used for three replicate fields each with an area
of 0.05 ha.

Soil cores were collected to 1m depth using a hydraulic soil probe
(Giddings,Windsor,CO,USA) thatwas 4.58 cm indiameter. Four soil cores
were collected from each of the three replicate fields per agricultural treat-
ment and soil was divided into 0–10 cm, 10–20 cm, 20–30 cm, and
30–60 cm. Depth sections were homogenized to combine the same depth
section for all four soil cores fromareplicatefield resulting in a total of 96 soil
samples. The soil was subsampled and stored at −80 °C until nucleic acid
extraction. The remaining soil was used for analyzing physicochemical

parameters by Rodale Institute (gravimetric water content, bulk density,
whole soil stability index), Penn State Agricultural Analytical Services
Laboratory (University Park, PA, USA) (cation exchange capacity, phos-
phorus, potassium, magnesium, calcium, copper, sulfur, zinc, iron, man-
ganese, aluminum, sodium, and acidity), Cornell Nutrient Analysis
Laboratory (Ithaca, NY, USA) (loss-on-ignition soil organic matter, total
carbon, total nitrogen, total hydrogen), and Soil Fertility Lab at the Ohio
State University (Wooster, OH, USA) (mineralizable carbon,
permanganate-oxidizable carbon, autoclaved-citrate extractable protein).

Total DNA was extracted from 0.25 g soil subsamples using the
DNeasy PowerSoil kit (Qiagen) and amplified and sequenced by Magigene
Biotechnology Co. Ltd. (Guangzhou, China). Sequencing included three
negative controls that were empty tubes processed alongside samples
starting with DNA extraction. Amplicons for prokaryotes targeted the 16S
rRNA gene using primers 515F84 and 806R85. Amplicons for fungi targeted
the ITS2 region using primers ITS3 Forward and ITS4 Reverse86. Amplified
samples were sequenced using NovaSeq 6000 (Illumina). High throughput
sequencing data for amplicons of both bacteria/archaea and fungi have been
deposited to the NCBI Sequencing Read Archive (SRA) with accession
number PRJNA635685.

Sequences were processed using R (version 4.0.3) with the package
dada2 (version 1.18.0) to identify amplicon sequence variants (ASVs).
Prokaryote ASVs were annotated for taxonomy using the SILVA
database87,88 (version 138.1) and fungi were annotated with the UNITE
database89 (version 8.3). Microbial datasets were curated using R package
decontam90 (version 1.2.0) to remove contaminant ASVs based on the
negative controls using (16S threshold = 0.52, ITS threshold = 0.1), and
ASVs identified as chloroplasts and mitochondria were removed. See Bier
et al.30 for additional environmental and biotic data collection and pre-
processing details. All amplicon sequence variants (ASVs) excluding con-
taminants, chloroplasts, and mitochondria were included in the canonical
analysis and the NCM model tests because the Bray–Curtis distance used
can address the issue of double zeros arising from infrequent ASVs. Addi-
tionally, the NCM model requires a comprehensive species abundance
distribution to accurately fit the correlation between frequency and relative
abundance in a community61.

For co-occurrencenetwork analysis and the construction of RFmodels
(including using the relative abundance of ASV as inputmodel features and
as prediction targets), we used a subset of ASVs. When constructing co-
occurrence network, onlyASVs present in at least half of the samples within
the selected depth rangewere used to ensure the reliability of the correlation
calculation91.When building an RFmodel and using the relative abundance
ofASVsasprediction targets, the sameASVsused in co-occurrencenetwork
analysis were used for two reasons. Firstly, when employing the relative
abundance of ASVs as the target variable, the model struggles to discern
underlying data patterns if the target predominantly consists of zeros.
Secondly,whenusing the relative abundanceofASVsas features, the issueof
high dimensionality and low sample size arises, leading to overfitting of the
ML model.

Given the specific requirements of thesemodels, theASVspresent in at
least half of the samples within the selected depth range were defined as
common ASVs for clarity of the analysis below. These commonASVs were
then employed in the construction of co-occurrence network, the factors-
based RF model for predicting abundance profiles, and the RF model for
discerning agricultural practices.

To assess the influence of biotic and abiotic factors on specific taxa, we
categorized the abundance profile of other taxa as biotic factors. In contrast,
environmental factors and agricultural practices were classified as abiotic
factors65 and included soil protein, sulfur, carbon exchange capacity (CEC),
K% saturation of CEC, total mineralized carbon, potassium, gravimetric
water content, permanganate-oxidizable carbon, Ca% saturation of CEC,
sodium, organic matter, acidity, pH, calcium, total carbon, bulk density,
carbon:nitrogen ratio, zinc, total nitrogen, Mg% saturation of CEC, man-
ganese, aluminum, iron, copper, total hydrogen, whole soil stability index,
phosphorus and magnesium30.
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Interpretation of machine learningmodel based on SHAP values
Due to the black-box nature of ML models, interpreting them can be
challenging. To address this problem, we employed SHapley Additive
exPlanations (SHAP)18 framework to get insights from the fittedMLmodel.
SHAP is a popular interpretation method based on Shapley values92 from
cooperative games, which is a unique solution to satisfy with a set of
desirable properties. SHAP assign each explanatory variable (i.e., feature,
such as depth in abiotic factors or relative abundance of a specific taxon in
biotic factors) a SHAP value as feature importance to quantify its influence
on a prediction target (e.g., relative abundance of a specific taxon or the
probability of being associated with certain agricultural practices) for a
certain sample. By evaluating the marginal contribution of features on
different feature subsets, SHAP can capture possible interactions between
features. And by summing the marginal contribution using unique Shapley
kernel weights, SHAP can ensure that the sum of all feature importances is
equal to the outputof themodel. SHAP focuson local interpretability,which
explains a model’s individual predictions. For example, when we use the
relative abundances of microbiome taxa to identify the type of fertility
source for a sample if the SHAP value for a specific taxon related to legumes
is 0.02, we can interpret this as the abundance of that taxon increasing the
probability that themachine learningmodel will identify the fertility source
as legume by 2%. To understand how much models rely on each feature at
the scale of the entire dataset, the absolute sum of the SHAP values for all
samples was calculated as global feature importance. Due to its efficiency in
explaining tree-basedmodels, we employed the TreeExplainer algorithm to
estimate SHAP values from all fitted RFmodel using TreeExplainer in shap
Python module93.

Machine learning-based canonical analysis
To understand the relationships between soil microbial communities and
environmental factors under agricultural practices, a ML-based canonical
analysis was proposed. Like db-RDA94, our method relies on a matrix of
distances. Since traditional ordination methods such as Principal Coordi-
nates Analysis (PCoA)95 and Multidimensional Scaling (MDS)96 fall
short in capturing complex nonlinear structures97, we applied manifold
learning to effectively uncover composite patterns and enhance the cluster
structures of microbial communities98. t-distributed stochastic neighbor
embedding (t-SNE)99 is a manifold learning technique that minimizes the
Kullback-Leibler divergence to represent high-dimensional data in a lower-
dimensional space. This technique has been proven to outperform
traditional ordination methods on the more complex ecological datasets,
effectively extracting meaningful ecological drivers of variability in com-
munity composition100. t-SNEwas used as an ordinationmethod to discern
ordered relationships and reveal the degree of preservation of the distance
between closer or further samples (T-SNE function in scikit-learn Python
module101). Perplexity is a critical hyperparameter that balances the pre-
servation of both local and global structures within the dataset. Since t-SNE
is not an eigenvector-based method, explained variance score was used to
quantify the effect of ordination, which is calculated by the distance in the
original and reduced space after z-score normalization. To achieve the
optimal dimension reduction effect, the perplexity was fine-tuned with the
goal of maximizing the explained variance score. The final selected per-
plexityparameter valueswere 83 for prokaryotes and90 for fungi. To further
comparing the performance of PCoA and t-SNE, the degree of locality
preservation (DLP)102 was employed to estimate the degree of structure
retention following dimensionality reduction. The explained variance score
of each axis was calculated by the explained variance score of each axis after
PCA rotation. The t-SNE-derived ordination was rescaled to the range
[−1,1] using Min-Max Scaling (MinMaxScaler function in scikit-learn
Python module) for mapped analyses.

Then the RF model was performed with a tenfold cross-validation for
estimation of the t-SNE-derived ordination (RandomForestRegressor and
KFold in scikit-learn Python module)103. We took four categorical features
(depth, fertility source, tillage type, and winter cover) and seven numerical
features (organic matter, C:N ratio, total carbon, total hydrogen, total

nitrogen, and bulk density, other soil properties at 30–60 cm were not
collected) to explain the variability of microbial community structure. To
measure the impact of individual environmental factors and agricultural
practices on the structure of the microbial community, the SHAP inter-
pretability frameworkwas introduced. For eachof the ten iterationsof cross-
validation, SHAP values of environmental factors and agricultural practices
were calculated on the corresponding test set. The final SHAP value was
derived by taking the square root of the sum of the squares of the SHAP
values fromthe twoaxes,whichquantified the importance of environmental
features for explaining the variability in community composition. To vali-
date the effectiveness of the features, randomvariableswere introduced into
the feature table. A t-test (ttest_ind function in scipy Pythonmodule104) was
then conducted to compare the SHAP values of the actual features with the
random variables. Features that exhibited SHAP values significantly higher
than those of the random variables (using a t-test with a significance level of
p < 0.05) were considered to have a meaningful impact on the microbial
community structure.

Neutral community model
NCM61 was used to explore the potential role of stochastic processes in
microbial community assembly. This model has been widely applied to
interpret data from environmental samples at various scales28,29. Stochastic
process suggests that stochastic, births, deaths, and immigration play a key
role in shaping microbial communities. Under this assumption, soil
microbial communities are considered as local communities that are 100%
stochastically assembled. Then we can assume that at the metacommunity
level (in the experiment, we regarded the metacommunity as the commu-
nity of all samples including samples from different depths and samples
under different tillage intensities), all individuals originated from a source
community and stochastic processes caused all variation in the community
composition. The NCM proposed a method of parameterization using a
beta cumulative distribution function to describe the relationship between
the detection frequency of each ASV and its relative abundance in the
broader metacommunity. Within the model’s framework, N denotes the
local community size, which can be calculated from average reads per
sample. The immigration rate, denoted bym, represents the probability that
a dead individual is replaced by an immigrant from a source community.
This parameter can be used to reflect the dispersal ability of taxa, and Nm
gives the estimated dispersal between communities29. The parametermwas
estimated through nonlinear least squares. Under a given immigration rate,
the abundance of a taxon in this source community dictates both the fre-
quency and the abundance at which it is observed in the local community.
The R2 value, derived from the predicted abundance frequency and the
experimentally measured abundance frequency, reflects the model’s overall
fit to the neutral theory, which can be interpreted as the importance of
stochastic processes in shaping communities. Confidence intervals (95%)
were calculated for a binomial distribution using the binconf function in
Hmisc R package105. The stochastic models were run three times for each
community (prokaryotic or fungal): across all depths, at each depth, and
under different tillage intensities. Sample sizes of different groups were
comparable, ensuring that sample size did not affect the comparisons. All
computations were performed in R106.

Random forest model to predict community structure
In the NCM model, the neutral assumption ignores the innate difference
between species and their response to environmental factors61,107. To further
analyze the impact of abiotic and biotic selection onmicrobial communities,
RF models were constructed based on abiotic factors (including 24 soil
properties as numerical features and 3 agricultural practices as categorical
features), and biotic factors (including from hundreds to thousands in the
abundance of other ASVs beyond the target taxa as numerical features) to
predict the abundance of ASVs65. Since we built models separately for each
soil layer, soil depth was not used as a feature to train the model. To ensure
the validity of the RF model, only common ASVs were used. Regressions
were conductedwith relative abundanceof commonASVs as thedependent
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variable, and the biotic factors or abiotic factors as independent variables. A
ten-fold cross-validation was employed to validate the model across the
entire dataset, and R² was chosen to assess the regression (RandomFor-
estRegressor and KFold in scikit-learn Python module). The proportion of
predictableASVswasused as ametric to evaluate theRFmodel108, andASVs
with a predictedR² score greater than 0.2 were defined as predictable ASVs.
Based on 1000 simulations of random inputs, the threshold of 0.2 is
established with a 95% confidence interval. This suggests that the likelihood
of obtaining an R² value from the RF, when using random input, that
exceeds 0.2 is less than 5%.

Co-occurrence networks and network inference
Given the intricate high-dimensional nature and limited sample size of
microbiome data, directmodeling usingmachine learning poses challenges.
By leveraging co-occurrence networks and identifying sensitive ASVs
proposed by Hartman et al.8, which was described below, a subset of ASVs
was pre-identified that are responsive to agricultural practices and exhibit
potential interactive dynamics. The co-occurrence patterns of the micro-
biome were studied across the unique depth environments by building
microbial networks at each soil depth. The nodes in networks represented
ASVs, and the edge represented a strong and significant correlation between
nodes. To ensure the reliability of the correlation calculation, only common
ASVs were included for the correlation calculation. The Spearman corre-
lation cut-off value was set at 0.76, determined with randommatrix theory
method109. The p-value adjusted by the FDR cut-off value was 0.005.
Topological features were calculated using the igraph package110 in R. The
number of edges was determined with the ecount function, while the dia-
meter was ascertained using the diameter function. Modularity, a metric
indicating how isolated portions of the network are such that they can be
separated into distinctmoduleswas estimatedwith themodularity function.

The identification of sensitive ASVs has been described previously in
the literature8. Correlation-based indicator species analysis was used with
the R package indicspecies111 to calculate the correlation coefficient of an
ASV’s positive association with various agricultural practices. This analysis
involved 1000 permutations and was considered significant at p < 0.05.
Furthermore, differential ASV abundance was assessed under differing
agricultural practices using likelihood ratio tests (LRT) with the edgeR R
package112. ASVs with abundances identified as varying between agri-
cultural practices, at a false discovery rate (FDR) corrected value of p < 0.05,
were deemed responsive to those practices. ASVs that were validated by
both indicator species analysis and LRTwere categorized as sensitive taxa to
agricultural practices.

To investigate the community structure within co-occurrence net-
works at various depths, network modules were identified, which are sub-
structures consisting of nodes with a higher density of edges. A greedy
optimization of modularity algorithmwas applied113 as implemented in the
igraph R package for this purpose. Fertility source-sensitive modules were
defined according to two criteria: (1) the number of ASVs in the module
must exceed 5% of the node number of the network, and (2) the proportion
of sensitive ASVs in the module must be greater than 25%. Modules satis-
fying both criteria were identified as fertility source sensitive and were
named accordingly, with the prefix being the fertilizer associated with the
highest proportion of sensitive ASVs within the module. Wilcoxon signed-
rank tests were used to examine cumulative relative abundance differences
of samples under different fertility sources.

To evaluate the importance of abiotic factors and biotic factors, the RF
model outlined in the section “Random forest model to predict community
structure” was employed. The prediction target of the RF model is the
relative abundance of ASVs in the module, while abiotic factors are
unchangedbutbiotic factors are replacedby the abundanceof otherASVs in
themodule, including dozens to hundreds of numerical features, depending
on the size of the module. Given the high mutual predictability of taxa in
modules, the SHAP framework was used to interpret the biological inter-
actions of specific taxa. While traditional approaches identify hub taxa
primarily based on node degree8,22, it is important to note that microbial

interactions can exhibit asymmetryor extendacrossmultiple species, posing
significant constraints on the efficacy of this method under such
circumstances23,114. To overcome these limitations, a hub taxa identification
method based on SHAP values was proposed. In the SHAP-based frame-
work, the SHAP value was used to quantify the impact of specific taxon to
predict others in the module, and the SHAP values of specific taxon on the
corresponding test set were calculated. In this application scenario, the
SHAP value of a specific taxon can be interpreted as the expected change in
the relative abundance of a different target taxon caused by the presence of
this specific taxon. By summing the absolute SHAP values of prediction of
all other taxa, the impact of this specific taxon on the entire module can be
gauged. This strategy involved assessing the influence of these hub taxa on
the abundance profiles of other species within the community115. To ensure
the reliability of the assessment of influence, only the SHAP values asso-
ciatedwithpredictableASVs (R2 > 0.2)wereused in the summation.The top
ten percent of ASVs that affect the module were defined as hub taxa. These
hub taxa were then employed to retrain the RF model, used to predict the
taxa in thewholemodule, andwere comparedwith theRFmodel trained on
the full set of taxa in the module.

To further compare hub taxa identified by SHAP-based frameworks
with those identified by traditional degree-based approaches, the top ten
percent of ASVs with the highest degree in the modules were identified as
traditional hub taxa. Hub taxa are considered to have a significant influence
on the composition of community59, therefore, changes in hub taxa could
potentially lead to shifts in the composition of the fertility source module.
We employed structural redundancy analysis116 to evaluate the consistency
of variation of the module and hub taxa identified by two approaches. In
structural redundancy analysis, the full set of taxa in the module and hub
taxawere converted to a triangularmatrix of similarities between all pairs of
samples using the Bray–Curtis distance. Pearson correlations were then
computed between the corresponding entries in the two underlying trian-
gular matrices as a metric of consistency. A higher Pearson correlation
coefficient indicated a more consistent response pattern between the
module and hub taxa.

Random forest model to identify agricultural practices and bio-
marker selections
For the RF model to distinguish between different agricultural practices,
the agricultural practices were set as the target variable (including three
classification targets: three types of fertility source, cover crop or not, and
two tillage types), while using the relative abundances of common ASVs
(including hundreds to thousands of numeric variables) as independent
variables for classification of three agricultural practices. Ten-fold cross-
validation was used to validate the model at each depth103, and the model
was established using RandomForestClassifier with n_estimators = 1000
and KFold in scikit-learn Python module. To solve the problem of sample
imbalance, the Area Under the Receiver Operating Characteristic Curve
(AUC) was selected to evaluate the classification of agricultural
practices117. AUC value ranges between 0 and 1 where the score of 1
means a perfect predictor, which means that the model can successfully
identify the corresponding agricultural practices using relative abun-
dance of microbial taxa. The threshold of 0.5 serves as a critical point of
reference in evaluating the model’s effectiveness, and AUC below
0.5 suggests the model has no capacity to discern agricultural practices.
AUC was calculated using roc_auc_score with multi_class = ‘ovo’ in
scikit-learn Python module.

When the number of features substantially outweighs the number of
samples, machine learning models tend to overfit. This means they unin-
tentionally capture noise from the training data, leading to poor general-
ization and performance on new, unseen data, such as test set data or
samples from different datasets, like those from other farms. To ameliorate
this obstacle, a SHAP-based feature selection was proposed to improve the
prediction of marker taxa for agricultural practices. After selecting the soil
depth range, theRFmodelwasfirst trainedon the training set during eachof
the ten iterations of cross-validation, with the absolute sum of the SHAP
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values of all features was calculated. The 50 features with the highest values
were selected as biomarker ASVs. The model was re-established on the
training data with the selected biomarkers, which means that we only use
the relative abundance of selected biomarkers as features and disregard
the relative abundance of other ASVs. After that, the predictions of all ten
iterations were combined to calculate the AUC score, and the absolute sum
of SHAP was calculated as the basis for evaluating the primary biomarkers,
which quantify the contribution of biomarkers to identify agricultural
practices. Finally, the top 50 ASVs with the highest accumulated SHAP
values calculated in the test set were selected as primary biomarkers. The
abundance of fertility source primary biomarkers under different fertility
sources was visualized using Ternary R package118.

Statistics and reproducibility
The details of statistical tests andMLmodels are described in each relevant
section of the “Methods” section. The algorithmic nature of theMLmodels
does not inherently possess the distributional assumptions required for
calculating p-values and confidence intervals. Consequently, non-
parametric methods, such as cross-validation119, are essential for estimat-
ing model uncertainty in ML120.

All computations, except for sequence processing which was con-
ducted using R106 (version 4.0.3), were performed in R (version 4.2.1) and
Python (version 3.7.13).

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
All data generated or analyzed during this study are included in this pub-
lished article and its supplementary information, are deposited in a publicly
available repository or are referenced in another publication. High
throughput sequencing data for amplicons of both bacteria/archaea and
fungi have been deposited to the NCBI Sequencing Read Archive (SRA)
with accession number PRJNA635685. Hub taxa for Fig. 4 can be found in
Supplementary Data 1. Detailed information for Figs. 6 and 7 is provided in
Fig. S5a–e. Additional data sources have been uploaded to https://github.
com/moyujie999/FST_ML including ordination data and SHAP values for
Fig. 1, and network data for Figs. 3 and 4.

Code availability
The source code and package versions used in this study are available at
https://github.com/moyujie999/FST_ML and are also archived at
Zenodo121: https://doi.org/10.5281/zenodo.13910588.
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