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Abstract

Next-generation sequencing (NGS) has transformed soil microbial ecology by revealing
taxonomic and functional diversity that was largely inaccessible through cultivation-based
approaches. However, greater sequencing resolution alone does not explain why particular
microbial assemblages repeatedly emerge under specific soil and environmental conditions.
This structured narrative conceptual review examines the current state of NGS-based soil
microbiome characterization and introduces Hierarchical Environmental Filtering (HEF) as
a framework for interpreting microbial community assembly. We discuss advances from
amplicon sequencing to shotgun metagenomics, long-read sequencing, multi-omics, and
computational analysis, together with limitations related to sampling, DNA extraction,
primer selection, sequencing depth, bioinformatics, reference databases, and relic DNA.
Within HEF, pedogenesis establishes a historically contingent physicochemical template,
whereas contemporary climate, vegetation, rhizosphere processes, biotic interactions, dis-
persal, and stochastic processes modify assembly within that template. Anthropogenic
disturbances can alter several levels simultaneously and may partially override inherited
soil constraints. Soil microbiomes should therefore be interpreted as dynamic outcomes of
environmental selection across spatial and temporal scales. Integrating standardized NGS
workflows with functional multi-omics and predictive computation should advance soil
microbiome research from descriptive inventories toward a mechanistic understanding of
community assembly.

Keywords: microbiome assembly; pedogenesis; metagenomics; edaphic gradients; anthro-
pogenic disturbance; multi-omics; soil health
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1. Introduction

For more than a century, soil classification has relied primarily on morphological,
physical, and chemical characteristics that reflect the long-term processes of pedogenesis.
These properties remain the foundation of modern soil taxonomy because they integrate the
cumulative effects of parent material, climate, organisms, topography, and time during soil
development [1]. However, soils are also among the most biologically diverse ecosystems
on Earth. Their microbial communities regulate organic matter decomposition, nutrient
cycling, soil aggregation, greenhouse gas fluxes, plant productivity, and numerous other
ecosystem functions [2—4]. Until relatively recently, this biological dimension remained
only partially understood because a large proportion of soil microorganisms could not be
readily cultivated or characterized using conventional microbiological techniques [2].

The development of next-generation sequencing (NGS) fundamentally transformed
soil microbial ecology by enabling the characterization of entire microbial communities
directly from environmental DNA. Amplicon sequencing, shotgun metagenomics, and
related high-throughput approaches have revealed extraordinary taxonomic and func-
tional diversity across soils and have substantially expanded understanding of microbial
biogeography, community structure, and functional potential [5-8]. These studies have
also demonstrated that soil microbial communities are neither randomly assembled nor
uniformly distributed across landscapes. Instead, their composition reflects reproducible
associations with soil physicochemical properties, climate, vegetation, land use, geographic
location, and other environmental conditions [2—4,6].

Nevertheless, increasing sequencing resolution does not by itself explain why particu-
lar microbial assemblages repeatedly emerge under comparable environmental conditions.
Taxonomically different communities may possess overlapping functional capabilities,
whereas communities with apparently similar taxonomic structures may differ in their eco-
logical functions and responses to environmental change [9]. Furthermore, the ecological
patterns inferred from sequencing data can be affected by sampling design, DNA extraction,
primer selection, sequencing depth, bioinformatic processing, reference-database coverage,
contamination, and the persistence of extracellular relic DNA [7,10-12]. Such methodologi-
cal and conceptual limitations become particularly important in large-scale comparisons,
where technical variability may obscure or be mistaken for genuine ecological variation [13].
Consequently, the principal challenge is no longer simply to catalogue the microorganisms
present in soil but to determine how environmental constraints, biological interactions,
historical processes, and anthropogenic disturbances jointly generate reproducible patterns
of community organization and ecosystem functioning [2,4,14].

Addressing this challenge requires the integration of molecular approaches with
concepts from soil science, community ecology, and ecosystem theory. In this review,
we introduce Hierarchical Environmental Filtering (HEF) as a conceptual framework for
synthesizing independent observations concerning soil microbial community assembly.
The framework considers pedogenesis as establishing the fundamental physicochemical
template upon which additional climatic, vegetational, biological, and anthropogenic filters
operate. Rather than focusing solely on sequencing technologies, we examine how mod-
ern NGS approaches have transformed soil microbiome characterization, evaluate their
principal methodological and interpretive limitations, and explore how hierarchical environ-
mental filtering can provide an ecological context for interpreting NGS-derived patterns.

The objectives of this review are therefore fourfold: (i) to evaluate how next-generation
sequencing has transformed the characterization of soil microbial communities; (ii) to ex-
amine the ecological mechanisms responsible for the assembly, persistence, and variability
of these communities; (iii) to assess the limitations imposed by environmental variability,
anthropogenic disturbance, sampling design, and methodological uncertainty; and (iv) to
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explore how integrating NGS with ecological theory, functional approaches, and computa-
tional analysis can improve the interpretation and monitoring of soil microbial systems.

Environmental filtering is an established concept in community ecology and generally
refers to the deterministic exclusion of organisms whose ecological traits do not permit
their establishment or persistence under particular abiotic conditions [15,16]. In micro-
bial ecology, environmental selection is similarly recognized as one of several processes
governing community assembly, operating together with dispersal, ecological drift, di-
versification, and historical contingency [17-19]. Evidence of compositional differences
among environments therefore does not, by itself, demonstrate environmental filtering,
because comparable patterns may also arise through biotic interactions, dispersal limitation,
stochastic processes, or methodological effects [16]. In the present review, we consequently
use environmental filtering in its restricted sense for abiotic constraints and distinguish it
from subsequent community modification through vegetation, host associations, microbial
interactions, dispersal, and disturbance.

The Hierarchical Environmental Filtering framework proposed here does not intro-
duce environmental filtering as a new ecological mechanism, nor does it assume that soil
microbial communities are assembled through a rigid universal sequence. Instead, HEF
is a soil-specific interpretive framework that organizes established assembly processes
according to their causal precedence, spatial scale, temporal persistence, and potential
reversibility. It treats pedogenesis and soil-horizon development as relatively persistent
boundary conditions that define the physicochemical habitat and restrict the range of mi-
crobial assemblages that can become established. Within this constrained ecological space,
climate and vegetation operate across broad to intermediate scales, whereas rhizosphere
processes, biological interactions, dispersal, and short-term environmental variation fur-
ther modify community composition at finer spatial and temporal scales. Anthropogenic
disturbances constitute cross-cutting forces that may modify individual filters or, when
sufficiently intense, partially override the pedogenic template and redirect community
assembly toward alternative states.

Climate operates within HEF through historically accumulated and contemporary
pathways. Over pedogenic timescales, climate influences weathering, horizon development,
organic-matter accumulation and nutrient availability and is therefore embedded in the
inherited soil template. At ecological timescales, current temperature, precipitation and
soil-moisture regimes act directly on microbial growth, dormancy, dispersal and activity.
Climatic extremes may produce short-term community reassembly, whereas persistent
directional climate change can gradually modify vegetation, hydrology and soil properties
and thereby alter the template itself. These pathways should be distinguished analytically
to avoid treating climate simultaneously as both the origin and an independent component
of the same environmental effect.

The relationships among the components of HEF are summarized in Figure 1. Al-
though the framework is described hierarchically, it should not be understood as a rigid or
strictly unidirectional sequence. Historically accumulated pedogenic constraints delimit the
range of contemporary soil conditions, but current climate, vegetation, microbial activity
and anthropogenic disturbance can modify those conditions through feedbacks operat-
ing over different timescales. In parallel, dispersal, priority effects, ecological drift and
biotic interactions determine which members of the regional species pool reach, establish
and persist within individual soils. HEF therefore describes nested and scale-dependent
constraints whose relative importance varies among ecosystems, microbial groups, spatial
scales and periods of observation.
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Figure 1. Conceptual representation of Hierarchical Environmental Filtering (HEF) in soil microbial
community assembly. Pedogenesis generates a historically contingent soil template through the
long-term interaction of parent material, topography, climate, organisms, and time. Contemporary
climate, vegetation, resource availability, and soil physicochemical conditions subsequently operate
within—but can also modify—this inherited template. At finer scales, rhizosphere processes and
biotic interactions influence local establishment and persistence, while dispersal limitation, homog-
enizing dispersal, priority effects, and ecological drift generate community patterns that are not
attributable solely to environmental selection. Anthropogenic disturbances can affect several levels
simultaneously by modifying soil structure, resource availability, vegetation, dispersal, and local
biological interactions. The assembled microbiome influences ecosystem processes, which feed back
to vegetation, contemporary soil conditions, and, over longer periods, pedogenesis. The framework
therefore represents a nested and interactive system rather than a strictly unidirectional sequence.
The surrounding gradients indicate that different processes predominate across spatial scales, from
global and regional constraints to soil horizons and rhizosphere microsites, and across temporal
scales, from pedogenic history to seasonal variation and short-term disturbance.

HEEF therefore differs from a simple sequential list of environmental drivers in four
respects. First, the filters are nested rather than merely additive: the effect of a finer-scale
driver is conditional on the physicochemical and biological context established at broader or
more persistent levels. Second, the framework distinguishes persistent habitat constraints
from dynamic ecological modifiers and transient disturbances. Third, it accommodates
both deterministic and stochastic assembly by proposing that dispersal and ecological drift
operate within, and may sometimes obscure, the range of states permitted by environmental
constraints. Fourth, it explicitly connects this hierarchy to the interpretation of NGS data,
helping distinguish methodological variation and short-term community fluctuations from
reproducible microbial patterns associated with soil formation and ecosystem development.

This organization generates testable expectations. Microbial communities occurring
in comparable soil horizons and pedogenetic settings should exhibit greater taxonomic or
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functional convergence than communities compared without accounting for soil context;
the explanatory importance of individual drivers should change with spatial and temporal
scale; and sulfficiently strong disturbances should weaken associations between microbiome
composition and pedogenic characteristics. HEF is thus presented as an integrative and
hypothesis-generating framework for interpreting sequencing-derived patterns rather than
as a replacement for existing theories of microbial community assembly.

2. Materials and Methods
2.1. Review Design and Scope

This study was conducted as a structured critical narrative review of current next-
generation sequencing (NGS) approaches in soil microbial ecology and their interpretation
within the proposed Hierarchical Environmental Filtering (HEF) framework. The review
was designed to integrate methodological, ecological, and pedological evidence rather than
to estimate a pooled effect size. Accordingly, no statistical meta-analysis was performed.
The literature search and selection process was documented using relevant reporting
principles from the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) framework to improve transparency [20]; however, the study was not designed
as a formal systematic review or meta-analysis.

The review addressed three principal questions: (i) how have NGS technologies
changed the characterization of soil microbial communities; (ii) which environmental and
biological factors explain the assembly, persistence, and variability of these communities;
and (iii) how can the available evidence be integrated into a hierarchical conceptual model
connecting pedogenesis, climate, vegetation, biological interactions, and anthropogenic
disturbance? The scope included studies of bacterial, archaeal, and fungal communi-
ties in soils, as well as methodological studies evaluating sampling, DNA extraction,
marker selection, sequencing platforms, bioinformatic processing, reference databases, and
functional interpretation.

2.2. Information Sources and Literature Search

The primary structured search was conducted in the Web of Science Core Collection.
PubMed and Google Scholar were used as complementary sources to identify methodolog-
ical publications and relevant studies not retrieved by the primary query. Reference lists of
included publications were examined to locate foundational studies, and forward citation
searching was used to identify later methodological developments and applications.

The search strategy combined terms describing soil microbial communities with terms
related to sequencing technologies and microbial community assembly. The principal
combinations included: (“soil microbiome” OR “soil microbial communit\*” OR “soil
bacteria” OR “soil fungi” OR “soil archaea”) AND (“next-generation sequencing” OR
“high-throughput sequencing” OR NGS OR metabarcoding OR “amplicon sequencing”
OR metagenomics OR “shotgun metagenomics” OR “long-read sequencing” OR metatran-
scriptomics OR metaproteomics OR multi-omics). Complementary searches combined
the soil microbial terms with ecological and methodological concepts, including “envi-
ronmental filtering”, pedogenesis, “soil type”, “soil horizon”, “sampling depth”, climate,
moisture, vegetation, rhizosphere, “land use”, agriculture, disturbance, “DNA extraction”,
“primer bias”, “sequencing depth”, bioinformatics, “reference database”, “relic DNA”,
“core microbiome”, “soil health”, and “machine learning”.

Search terms were adapted to the syntax and search capabilities of each database.
Searches in Web of Science were applied to the Topic field, encompassing titles, abstracts,
author keywords, and Keywords Plus, whereas PubMed searches were applied to titles,
abstracts, and indexed terms. Google Scholar was searched using shorter combinations
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of the principal terms because of limitations in the length and reproducibility of complex
Boolean queries. The primary search was completed on 1 September 2026 and covered
publications from 2015 through 2026. Earlier foundational studies were eligible when
identified through complementary searches or citation chaining and were required to
define major concepts or methodological developments.

2.3. Eligibility Criteria and Study Selection

Publications were considered eligible when they met at least one of the following crite-
ria: (i) applied NGS or related molecular approaches to characterize soil bacterial, archaeal,
or fungal communities; (ii) evaluated methodological factors influencing soil microbiome
analysis; (iii) investigated the effects of soil properties, pedogenesis, climate, vegetation,
rhizosphere processes, biological interactions, land use, or anthropogenic disturbance on
microbial community assembly; or (iv) contributed conceptual or analytical approaches
relevant to the ecological interpretation of soil microbiome data. Primary research articles
were prioritized, although authoritative reviews and database or software publications
were included when they provided essential methodological context or supported the
development of the conceptual framework.

Publications were excluded when they: (i) did not examine soil or a directly soil-
associated compartment; (ii) focused exclusively on cultivation-based microbiology with-
out relevance to molecular community characterization; (iii) reported sequencing results
without sufficient ecological or methodological information for the objectives of this review;
(iv) were unrelated to microbial community assembly, sequencing methodology, soil prop-
erties, or ecosystem functioning; or (v) duplicated information reported in another version
of the same study. Studies of sediments, aquatic microbiomes, animal microbiomes, and
built environments were excluded unless they contained methodological evidence directly
applicable to soil microbiome analysis.

The Web of Science search returned 632 records. Titles and abstracts were screened
against the eligibility criteria, producing a focused shortlist of 65 publications for detailed
assessment and citation chaining. Potentially eligible publications were subsequently
evaluated from their full texts. Additional publications identified through PubMed, Google
Scholar, reference-list screening, and forward citation searches were subjected to the same
eligibility criteria (Table S1). Uncertainties concerning eligibility or interpretation were
discussed among the authors and resolved by consensus.

2.4. Data Extraction and Critical Evaluation

For each eligible publication, information relevant to the objectives of the review was
extracted and organized according to the study context, microbial group, sequencing or
analytical approach, principal environmental variables, major ecological findings, and
reported methodological limitations. When available, particular attention was given to soil
type, soil horizon and sampling depth, climate, moisture regime, vegetation, rhizosphere or
bulk-soil origin, land use, disturbance history, DNA extraction procedure, molecular marker,
sequencing platform, sequencing depth, taxonomic database, and bioinformatic workflow.

Methodological publications were evaluated according to their relevance to the major
sources of uncertainty in soil microbiome characterization, including sampling design,
laboratory processing, amplification bias, sequencing coverage, taxonomic assignment,
computational analysis, and the contribution of relic DNA. Ecological studies were evalu-
ated according to whether they provided evidence for reproducible relationships between
microbial communities and pedogenetic, climatic, vegetation-related, biological, or anthro-
pogenic factors. Because the included publications differed substantially in experimental
design, geographic scale, sequencing platform, molecular targets, and reported outcomes,
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formal quantitative comparison and meta-analysis were not considered appropriate. Evi-
dence was therefore synthesized qualitatively and critically.

2.5. Conceptual Synthesis and Development of the HEF Framework

The selected evidence was organized through an iterative conceptual synthesis. Re-
ported drivers of soil microbial community composition were first grouped according to
their spatial and temporal scales and their relationship to soil formation and ecosystem
functioning. Evidence was subsequently classified into four principal levels of environmen-
tal filtering: (i) pedogenesis and the resulting soil physicochemical template; (ii) broad-scale
climatic and biogeographic constraints; (iii) contemporary biological controls, including
vegetation, rhizosphere processes, and microbial interactions; and (iv) anthropogenic
modification or overriding of natural environmental filters through land use, agricultural
management, nutrient enrichment, and other disturbances.

Methodological sources of variation, including sampling depth, sampling period,
DNA extraction, marker choice, sequencing depth, bioinformatic processing, and reference-
database selection, were evaluated separately because they influence the observed repre-
sentation of microbial communities rather than community assembly itself. The final HEF
framework was developed by integrating recurring patterns across the selected studies and
identifying areas of agreement, uncertainty, and methodological limitation. The framework
is therefore presented as a conceptual interpretation of the available evidence rather than
as a statistically validated predictive model.

2.6. Limitations of the Review Method

The literature-selection strategy may have been affected by database coverage and
search-term sensitivity. Relevant studies may not have been retrieved when they used
highly specific terminology without explicitly referring to soil microbiomes, NGS, microbial
community assembly, or environmental filtering. Google Scholar improved the breadth of
retrieval but offers less reproducible search results than curated bibliographic databases.
The inclusion of heterogeneous observational, experimental, methodological, and con-
ceptual publications also prevented formal meta-analysis and standardized risk-of-bias
assessment. Finally, the categorization of environmental drivers within the HEF frame-
work involved interpretive synthesis; therefore, boundaries among pedogenetic, climatic,
biological, and anthropogenic filters should be regarded as conceptually useful but not
mutually exclusive.

3. Sequencing Strategies and Interpretive Limits in Soil
Microbiome Research

3.1. Comparison of Sequencing Strategies

The choice of sequencing strategy determines which components of microbial commu-
nity structure can be resolved and, consequently, which levels of environmental filtering can
be evaluated. Targeted amplicon sequencing supports cost-effective comparison of large
sample sets but provides limited functional information and taxonomic resolution. Short-
read shotgun metagenomics captures both taxonomic and functional profiles, although
fragmented assemblies can restrict genome reconstruction and the assignment of genes
to particular organisms. Long-read PacBio HiFi and Oxford Nanopore sequencing can
improve taxonomic resolution, genome assembly and linkage of functional genes to their
genomic contexts, but they differ in accuracy, read length, throughput, sample requirements
and analytical workflows [21-23]. These distinctions are summarized in Table 1.
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Table 1. Comparison of principal sequencing strategies used in soil microbial community studies.

Characteristic Short-Read Afnpllcon Short-Read Sh9tgun PacBio HiFi Sequencing Oxford Nan'opore
Sequencing Metagenomics Sequencing
Selected taxonomic
Full-length marker genes,
marker, commonly long metagenomic Full-length marker genes,
. bacterial and archaeal 165  Total extracted community & & long to ultra-long
Typical target fragments or .
rRNA genes, fungal ITS DNA reconstructed microbial metagenomic fragments,
regions or eukaryotic 185 enomes native DNA or RNA
rRNA genes &
ggr?sgénlélfili)efaa(icscurate Read length is largely
Commonly 150-300 bp ! determined by
from each end; paired commonly several input-fragment length;
Tvpi P Commonly 100-300 bp kilobases and potentially P & st
ypical read length reads may cover one or reads may range from

more selected marker
regions

from each end

extending to
approximately 15-25 kb
depending on library
preparation

several kilobases to more
than 100 kb, with
ultra-long reads possible

Relative sequencing depth

Very high numbers of
marker reads per sample;
allows extensive sample
multiplexing

High total read numbers,
although much of the data
may originate from
abundant organisms or
non-target DNA

Generally fewer reads
than short-read platforms,
but each read contains
substantially more
contiguous sequence
information

Scalable according to
device and flow-cell
format; sequencing can
continue until the desired
depth is obtained

Taxonomic resolution

Usually genus- or
family-level for short
16S/18S regions;
species-level assignments
are possible only for some
taxa and markers

Potential species- and
strain-level resolution
when reference coverage
and sequencing depth are
adequate

Higher resolution than
short-region amplicon
sequencing; species-level
assignment is possible for
some taxa but is not
guaranteed and depends
on marker variability,
sequence quality and
reference-database
coverage.

Full-length markers and
long shotgun reads can
provide species- or
strain-level resolution,
depending on read
accuracy, depth and
database quality

Functional information

Primarily indirect and
prediction-based;
restricted to functions
inferred from taxonomic
composition

Direct detection of genes
and metabolic pathways,
although short reads may
not preserve linkage
among genes, taxa and
mobile elements

Direct functional profiling
with improved genomic
context; long reads can
span multiple genes,
operons and repetitive
regions

Direct functional profiling
with strong physical
linkage among genes,
genomes, plasmids and
other mobile elements

Error characteristics

Low per-base error after
quality filtering, but
susceptible to PCR, primer,
chimera and
marker-copy-number
biases

Low per-base error;
susceptible to
library-composition bias,
uneven genome coverage
and assembly ambiguity

High single-read
consensus accuracy,
typically above Q30 under
appropriate conditions;
residual errors and
extraction bias remain
relevant

Raw-read accuracy
depends on chemistry,
base-calling model and
read mode; consensus
polishing can substantially
improve
assembled-sequence
accuracy

Major analytical

Primer removal,
denoising, chimera

Quality control, removal
of host or plant DNA,
taxonomic profiling,

HiFi-read processing,
long-read assembly,
metagenome binning,

Base calling, read-quality
filtering, long-read
classification or assembly,

requirements f:letectlon, ASV or OTU. assembly, binning, gene polishing and polishing and detection of
inference and taxonomic o ) . . .
e prediction and functional =~ comprehensive taxonomic  structural variants or base
classification . . . P
annotation and functional annotation =~ modifications
Combines long reads with ~ Very long reads, real-time
Economical; well Simultaneous taxonomic high consensus accuracy; analysis, flexible run
established; suitable for and functional supports full-length duration, scalable
Principal strengths large replicated surveys characterization without amplicons and instrumentation and

and comparison of many
environmental treatments

targeting a single marker
gene

high-quality
metagenome-assembled
genomes

potential field deployment;
can directly sequence
native DNA or RNA

Principal limitations

Primer-dependent
detection; compositional
data; limited functional
inference; variable
taxonomic resolution;
different marker regions
may be poorly comparable

Greater cost and
computational demand;
incomplete recovery of
rare populations;
fragmented assemblies in
highly complex soils

Higher DNA-quality
requirements and
generally higher cost per
sample than routine
short-read amplicon
sequencing; fewer samples
may be multiplexed at
equivalent depth

Raw-read errors may
complicate fine-scale
taxonomic and gene-level
inference without
adequate depth or
polishing; results depend
strongly on DNA integrity
and base-calling workflow
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Table 1. Cont.

Characteristic

Short-Read Amplicon
Sequencing

Short-Read Shotgun
Metagenomics

PacBio HiFi Sequencing

Oxford Nanopore
Sequencing

Relevance to HEF testing

Particularly suitable for
replicated assessment of
compositional turnover
across hierarchical
environmental gradients

Allows environmental
filters to be related to both
taxonomic composition
and functional potential

Improves recognition of
closely related taxa and
functional adaptations
responding differently to
particular filters

Enables resolution of
genomic context, strain
variation and mobile
elements that may
mediate rapid responses
to environmental or
anthropogenic filters

Abundance interpretation

Primarily compositional;
read proportions do not
directly represent cell
numbers

Primarily compositional
and affected by genome
size, extraction efficiency
and database

Compositional unless
calibrated using
quantitative
measurements or internal
standards

Compositional unless
calibrated; real-time read
accumulation does not
itself provide absolute

representation biological abundance

Note: Read length, throughput, accuracy, and cost depend on instrument, chemistry, library prepara-
tion, and bioinformatic workflow and should be interpreted as general characteristics rather than
fixed platform specifications. PacBio HiFi and Oxford Nanopore technologies can support both
targeted amplicon sequencing and shotgun metagenomics.

No single sequencing strategy is optimal for every HEF study. Short-read amplicon
sequencing remains particularly useful when statistical power depends on the inclusion
of many independent samples across nested spatial or environmental levels. Shotgun
metagenomics is more appropriate when HEF predictions concern functional potential in
addition to taxonomic composition. Long-read approaches offer important advantages
when closely related taxa, complete metabolic pathways, operons, mobile genetic elements
or metagenome-assembled genomes must be resolved. Hybrid designs that combine deep
short-read coverage with long-read genomic continuity may provide the most comprehen-
sive characterization, but their increased expense and analytical complexity can reduce the
number of biological replicates. Because robust testing of hierarchical filtering depends pri-
marily on appropriate sampling, replication and measurement of environmental covariates,
greater sequence resolution cannot compensate for an inadequate ecological design.

3.2. Distinguishing Presence, Functional Potential, and Activity

The ecological interpretation of soil microbiome data depends on the biological layer
measured. Detection of a taxon or gene does not demonstrate that the corresponding
organism is viable, metabolically active, or contributing to an ecosystem process at the
time of sampling. Amplicon sequencing primarily describes taxonomic composition, and
functions inferred from marker-gene data remain predictions based on reference genomes.
Shotgun metagenomics directly detects community genes and pathways but describes
functional potential rather than their expression or activity [7,21].

Metatranscriptomics provides evidence of recent transcription, whereas metapro-
teomics identifies expressed protein machinery and metabolomics measures the integrated
pool of compounds produced, consumed, transported, or degraded within soil. These
layers are complementary but not interchangeable: transcript abundance need not predict
protein abundance or reaction rate, proteins may persist after expression, and metabolites
may have microbial, plant, or abiotic origins. Strong attribution of an in situ function
therefore requires complementary process measurements, enzyme assays, isotope tracing,
or stable-isotope probing that links substrate use to particular taxa or molecules.

Relic DNA further separates molecular detection from biological activity because
soil sequences may originate from extracellular DNA or non-intact cells. Its removal can
improve characterization of the viable community, but DNA from an intact cell still does not
establish metabolic activity because that cell may be dormant [10]. Throughout this review,
we therefore distinguish taxonomic presence, functional potential, molecular expression,
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biochemical activity, and ecosystem process rates. An extended comparison of sequencing
and complementary analytical layers is provided in Table S2.

3.3. Compositionality and Quantitative Interpretation of Sequencing Data

Microbiome sequencing generally provides compositional rather than absolute-
abundance data [24]. Because the number of reads generated for a sample is determined
by sequencing depth and bioinformatic processing, taxon counts are constrained by an
arbitrary library total and are usually interpreted as proportions of the recovered commu-
nity. Consequently, an increase in the relative abundance of one taxon does not necessarily
indicate an increase in its absolute population size; it may instead result from a decline
in other community members or a change in total microbial biomass. Likewise, a taxon
can decrease in relative abundance even when its absolute abundance remains constant
or increases. These limitations are particularly important when HEF is used to interpret
microbial responses to disturbance, because drought, contamination, nutrient enrichment
or land management may alter total microbial biomass as well as community composition.

Analytical approaches should therefore account explicitly for compositionality. Ap-
propriate options include log-ratio methods based on Aitchison geometry, such as centered
log-ratio or isometric log-ratio transformations, analysis of taxon ratios or balances, and
calculation of Aitchison distances for multivariate comparisons. Differential-abundance
methods designed for compositional and sparse microbiome data, including ALDEx2, AN-
COM, ANCOM-BC, or comparable validated approaches [25], can also reduce misleading
inferences produced by direct comparison of proportions. The selection of zero-handling
procedures, prevalence filters and reference denominators should be reported because
these decisions can materially affect the results. Rarefaction or conversion to percent-
ages may standardize library size for particular purposes, but neither procedure resolves
the fundamental compositional constraint nor converts sequence counts into absolute
biological abundance.

Where absolute abundance is ecologically important, sequencing should be comple-
mented by independent quantitative measurements. Total or taxon-specific gene abundance
can be estimated using quantitative PCR or digital PCR, whereas flow cytometry, phospho-
lipid fatty-acid analysis or direct cell counting may provide complementary estimates of
microbial biomass or cell density. Known quantities of exogenous cells or synthetic DNA
added before extraction can serve as internal standards and permit sequence data to be
calibrated against sample mass or volume [26]. Standards added before DNA extraction
can additionally account for some variation in extraction recovery, whereas standards intro-
duced only during library preparation cannot correct for losses occurring during extraction.
Quantitative estimates nevertheless require careful interpretation because marker-gene
copy number varies among taxa, DNA extraction efficiency differs among soil types, extra-
cellular DNA may be retained, and gene-copy abundance is not necessarily equivalent to
the abundance of viable or metabolically active cells. Accordingly, compositional analyses
are appropriate for evaluating relative community restructuring, whereas claims concerning
population growth, decline or microbial load require complementary quantitative evidence.
Distinguishing compositional turnover from changes in absolute microbial abundance is
essential for testing HEF, because an environmental filter may alter the relative structure
of a community, its total microbial load, or both. Moreover, quantitative calibration does
not eliminate taxon-specific extraction, primer or amplification biases; compositional and
technical sources of uncertainty must therefore be evaluated independently.
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3.4. Technical Bias, Quality Control, and Reproducibility

Soil microbiome profiles reflect not only ecological variation but also biases introduced
during sampling, DNA extraction, amplification, sequencing and bioinformatic processing.
These effects become particularly important when microbiome signatures are proposed
as indicators of soil condition or as diagnostic tools, because a technically generated
difference may be mistaken for an environmental response. Standardized procedures,
appropriate controls and transparent reporting are therefore required throughout the
analytical workflow.

Marker-gene copy number varies substantially among microbial taxa [27]. Bacterial
and archaeal genomes may contain different numbers of 16S rRNA gene copies, while
fungi vary in the number of ribosomal operons and ITS copies. Consequently, sequence
proportions do not necessarily correspond directly to organismal or cellular proportions,
and taxa with high marker-copy numbers may appear overrepresented. Copy-number
correction based on reference genomes may reduce this effect for well-characterized groups
but remains uncertain for poorly represented soil microorganisms and should not be treated
as an exact reconstruction of cell abundance.

PCR and library construction introduce systematic biases through differential primer
affinity, template competition, amplification efficiency, chimera formation and the number
of amplification cycles. No primer set captures all microbial lineages equally, and the
selected 16S rRNA gene region or fungal ITS region influences both the taxa detected
and the taxonomic resolution obtained. Primer choice should therefore be matched to
the target microbial group and documented in sufficient detail. Technical replicates, mini-
mized amplification-cycle numbers and validated high-fidelity polymerases can improve
reproducibility but cannot completely eliminate amplification bias [28,29].

Soils also contain humic acids, phenolic compounds, clay-associated substances, met-
als and other compounds that may inhibit DNA polymerases or interfere with DNA
extraction and library preparation. Inhibition can vary systematically among soil types and
treatments, potentially creating an apparent ecological pattern. DNA purity measurements
alone may not reliably reveal inhibition; dilution tests, amplification controls or the addition
of known internal amplification controls can provide more direct evidence. DNA purifica-
tion procedures should be optimized carefully because additional purification may remove
inhibitors while also reducing DNA yield or altering recovery among microbial groups.

Batch effects can arise from differences among sampling dates, storage conditions,
extraction kits, operators, reagent lots, PCR plates, library-preparation runs, sequencing
runs and bioinformatic versions. Ecological treatments should therefore be randomized
or balanced across extraction, amplification and sequencing batches wherever possible.
Batch identity should be recorded and evaluated statistically rather than being confounded
with ecosystem type, treatment or sampling location. Reprocessing all samples through a
consistent bioinformatic workflow is also important when datasets generated at different
times are compared.

Extraction blanks, PCR-negative controls and library blanks are necessary to detect
contamination originating from reagents, laboratory handling or sequencing. Their im-
portance increases for low-biomass samples, in which contaminant DNA can represent a
substantial fraction of the recovered sequences. Negative controls should be sequenced and
analyzed alongside biological samples rather than assessed only by the absence of a visible
PCR product. Positive controls and mock communities with known composition provide
complementary information about extraction efficiency, primer coverage, amplification
distortion, taxonomic misclassification and sequencing error. However, mock communities
should include organisms or DNA characteristics representative of the intended samples
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because a simple commercial standard may not reproduce the extraction difficulty and
taxonomic complexity of soil.

For diagnostic applications, quality-control criteria should be defined before samples
are classified. These may include minimum DNA yield, inhibition thresholds, sequencing
depth, control performance, reproducibility among technical replicates and rules for iden-
tifying or removing contaminants. Candidate microbial indicators should subsequently
be validated using independent sample sets, different laboratory batches and, preferably,
different laboratories. Without such validation, a microbiome signature may reflect a
study-specific extraction protocol, primer pair, sequencing run or bioinformatic pipeline
rather than a reproducible response to an environmental filter. Within the HEF framework,
these technical processes can be considered an observation layer rather than ecological
filters: they determine which components of the underlying community are recovered and
may modify the apparent strength or order of environmental associations. Ecological and
molecular sources of variation, their interpretive risks, and corresponding methodological
responses are summarized in Table S3.

4. Hierarchical Environmental Controls on Soil Microbial Assembly
4.1. Pedogenic Context and Contemporary Climate

Although pedogenesis establishes the physicochemical template upon which soil
microbial communities assemble, it does not fully determine community composition.
Even within soils sharing a common pedogenetic origin, microbial communities may
differ substantially across soil horizons because ecological selection continues under local
physicochemical conditions after soil formation [30]. Once the structural environment
has been established, microbial communities are subsequently shaped by a second level
of ecological filtering imposed by climate, vegetation, rhizosphere processes, and biotic
interactions. These secondary filters do not replace pedogenetic constraints; rather, they
refine the ecological space created during soil formation, thereby shaping the dynamic
component of community assembly.

Secondary ecological controls operate across different spatial and temporal scales
and differ in their mechanisms, persistence, and expected effects on sequencing-derived
microbial patterns. Their principal characteristics and their conditional relationships with
the pedogenic template are summarized in Table 2.

Table 2. Secondary ecological controls refining soil microbial community assembly within the
physicochemical boundaries established by pedogenesis.

Secondary Ecological Principal Spatial and Main Mechanisms Expected Microbial or Relationship to the Representative
Control Temporal Scale NGS-Derived Pattern Pedogenic Template References
Biogeographic Climate acts partly
Temperature and differentiation of through soil formation
precipitation regulate communities; and partly through
Regional to continental; soil moisture, microbial enrichment of taxa and contemporary
. . long-term climatic metabolism, functions adapted to environmental )
Regional climate € . . . R .. . [3,4,8]
regimes with seasonal decomposition, nutrient ~ particular temperature conditions; its effects are
variation turnover, plant or moisture regimes; conditioned by soil
productivity, and shifts in carbon- and texture, mineralogy,
resource availability nutrient-cycling organic matter, drainage,
potential and local climatic history
Usually modifies
Wettn}g and drymg, Rapid functional microbial a_ct1V1ty.and
warming, freezing, . the dynamic fraction of
4 ht floodi d responses; temporary - L
rought, flooding, an s . community composition
changes in relative . . .
o seasonal changes alter I without immediately
Seasonal variability and Days to years; local to . . .o abundance; activation of . :
S ! microbial activity, . altering the underlying [31-33]
climatic extremes regional dormant populations;

dormancy, mortality,
substrate availability,
and plant-microbe
interactions

resistance or recovery
trajectories following
extreme events

pedogenic template;
responses depend on
previous climatic
exposure and soil
buffering capacity
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Table 2. Cont.
Secondary Ecological Principal Spatial and Main Mechanisms Expected Microbial or Relationship to the Representative
Control Temporal Scale NGS-Derived Pattern Pedogenic Template References
Differences in fungal and li%itjioar;zloﬁiflﬁs
Plant identity and bacterial composition i oLty
. ", X within constraints
community composition ~ among vegetation types; imposed by soil fertility,
influence litter chemistry,  enrichment of migeralo Y moisture !
Vegetation and litter Ecosystem to local scales;  organic matter inputs, decomposers adapted to aeration g}r]{ d rootin ! [34-36]
inputs seasonal to decadal nutrient uptake, shading,  particular litter A g .
. N . depth; identical
soil moisture, and substrates; altered vegetation may therefore
belowground carbon functional potential Sug ort di ffeant
allocation related to carbon and migfobiomes on
nutrient cycling X .
contrasting soils
Strong differentiation Represents a localized
Root exudation, between rhizosphere biological refinement of
rhizodeposition, oxygen  and bulk-soil the soil species pool;
Millimetres to metres; gradients, nutrient communities; recruitment is
Rhizosphere and ’ depletion, symbiosis, host-associated taxa; constrained by the )
. . plant developmental and . . . . . [34,37-39]
host-associated selection seasonal timescales and hostimmune or increased organisms available in
signalling processes interaction-network the surrounding soil and
selectively recruit complexity; enrichment by pedogenetically
microorganisms of plant-beneficial or determined nutrient and
host-adapted functions moisture conditions

Competition, facilitation,
syntrophy, cross-feeding,

Non-random
co-occurrence patterns;
microbial modules or

Interactions operate
among organisms able to
reach and tolerate the

Microbial interactions Microsite to antagonism, quorum guilds; functional habitat; their outcomes
and community soil-aggregate scales; signalling, and metabolic ~ redundancy; alternative depend on resource [9,14,40]
self-organization hours to generations complementarity community distributions, pore
influence establishment configurations capable structure, pH, redox
and persistence of similar ecosystem conditions, and other
functions soil properties
Turnover of dominant
Protistan grazing, pOPulathl’\S 2N Thesg processes modify
X . . maintenance of diversity;  relative abundance and
bacteriophage infection, . oo . s
f > strain-specific activity within the
. . - . ungal parasites, and SO . :
Predation, parasitism, Microsite to local scales; . fluctuations; changes in environmentally o
density-dependent [14,40]

and viral control

rapid and episodic

interaction networks and

permissible community

mortaht_y regulate nutrient cycling thatmay  but do not
population abundance . .
- not be apparent from independently define the
and nutrient release s . . ? .
taxonomic inventories physicochemical habitat
alone
Note: In accordance with
the restricted ecological
definition,
environmental filtering
refers primarily to
abiotic constraints on
establishment or
. . These processes persistence. Vegetation,
Demographic Divergence among . - - L
g X 2, determine which of host selection, biotic
stochasticity, local replicate communities i . N -
. . - o .. e several communities interactions, predatlon,
Ecological drift, priority . . extinction, chance under similar conditions; . X . R N
T Microsite to landscape; o - . . compatible with the dispersal, and historical
effects, and historical . colonization, niche alternative community . .
. generations to decades . . . . pedogenic and contingency are
contingency pre-emption, niche states; persistent effects .
et N environmental presented here as
modification, and of colonization order or : .
environmental legacies previous land use constraints becomes secondary ecological
& established controls that refine
community assembly
but should not all be
interpreted as
environmental filtering
in the strict sense. NGS,
next-generation
sequencing [19,41,42]
The pedogenic template
influences whether
Dispersal limitation immigrants can persist,
Restricted connectivity increases differentiation ~ but dispersal controls
limits colonization, among environmentally their opportunity to
Dispersal limitationand ~ Local to biogeographic; whereas high exchange similar sites; encounter the habitat; [43-45]
homogenizing dispersal  episodic to continuous rates introduce and homogenizing dispersal ~ observed convergence or o
establish organisms increases similarity divergence may
across communities among environmentally  therefore differ from that
contrasting sites predicted by
environmental

conditions alone

Note: NGS, next-generation sequencing.
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Table 2 emphasizes that secondary ecological controls differ not only in identity but
also in spatial extent, temporal persistence, and mechanistic relationship with soil proper-
ties. Regional climate and vegetation generate relatively broad and persistent differences
among microbial communities, whereas rhizosphere processes, species interactions, pre-
dation, and short-term climatic variability operate at finer scales and may produce rapid
compositional or functional responses. Dispersal and historical contingency introduce
additional variation by determining which organisms are available for environmental
selection. Consequently, HEF should not be interpreted as a rigid linear sequence in which
each filter replaces the preceding one. Rather, community assembly occurs through nested
and interacting constraints, with finer-scale processes operating conditionally within the
habitat boundaries and species pools established at broader scales.

Among the secondary ecological filters proposed in the HEF framework, climate
operates at the broadest spatial scale, influencing microbial communities through regional
temperature and moisture regimes [4]. Temperature and moisture regulate microbial
metabolism, decomposition rates, nutrient turnover, seasonal ecosystem processes, and mi-
crobial responses to climatic extremes [31,32]. Seasonal climatic variability can substantially
influence microbial community dynamics, with bacterial communities often responding
more strongly than fungal communities to seasonal environmental fluctuations [32,33]. Un-
like pedogenesis, which operates over centuries to millennia, climatic conditions fluctuate
continuously and therefore primarily influence microbial activity rather than the long-term
physicochemical template of the soil. Jansson and Hofmockel [3] emphasized that climatic
variability influences both the composition and functioning of soil microbiomes through
changes in temperature, moisture, resource availability, and plant-soil interactions, al-
though functional responses often occur more rapidly than detectable shifts in community
composition. Recent experimental evidence further demonstrates that soil microbiomes
exhibit consistent and predictable responses to climatic extremes across diverse ecosystems,
with the magnitude of these responses largely determined by local climatic history and
soil properties [31]. Within the HEF framework, climate should therefore be regarded as a
modulator of ecological filtering rather than an independent driver of microbial assembly.

4.2. Vegetation, Rhizosphere Processes, and Biotic Interactions

Vegetation introduces an additional layer of biological selection by continuously mod-
ifying the chemical environment surrounding plant roots [34,38]. Through root exudation,
litter deposition, nutrient uptake, and symbiotic interactions, plants selectively enrich
microorganisms capable of exploiting specific carbon substrates or establishing mutualistic
associations [38]. This rhizosphere-driven selection creates localized microbial communities
that may differ substantially from those inhabiting adjacent bulk soil despite sharing the
same pedogenetic origin [34,39]. The rhizosphere therefore represents one of the strongest
biological filters operating within terrestrial ecosystems, generating highly specialized mi-
crobial assemblages associated with particular host species and exhibiting greater network
complexity than adjacent bulk soils [38,39].

Importantly, plant-mediated filtering does not occur independently of soil proper-
ties. The influence of vegetation is itself constrained by the physicochemical environment
established during pedogenesis. Root architecture, exudation patterns, nutrient acquisi-
tion strategies, and microbial recruitment differ among soils because mineralogy, water
availability, aeration, and nutrient status regulate both plant physiology and microbial
responses. Thus, vegetation should not be viewed as an alternative explanation for micro-
bial community assembly but rather as a biological filter acting within the environmental
boundaries defined by soil formation.
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Biological interactions among microorganisms provide an additional level of eco-
logical filtering. Competition for limited resources, metabolic cooperation, syntrophic
relationships, predation by protists, viral infections, and antagonistic interactions collec-
tively determine which microorganisms successfully establish stable populations after
initial colonization. Community assembly therefore reflects not only environmental selec-
tion but also self-organization emerging from microbial interaction networks. Increasing
evidence suggests that microbial communities possess emergent properties arising from
these interactions, including functional redundancy, ecological resilience, and network
stability, none of which can be explained by the ecological characteristics of individual taxa
alone [14,40].

The role of biological filtering is particularly evident in fungal communities. Compared
with bacteria, fungi often exhibit stronger host specificity, greater dependence on plant-
derived carbon, and more pronounced responses to changes in litter chemistry and root
exudation. Tedersoo et al. [35] demonstrated that vegetation represents one of the principal
ecological drivers of global soil fungal diversity, acting together with climate, soil properties,
and geographic factors to structure fungal communities. These findings indicate that
fungal communities are often more responsive to vegetation-driven ecological filtering
than bacterial communities because their assembly reflects the combined influence of
pedogenetic constraints and ongoing plant-microbe interactions.

Despite the strong influence of climate and vegetation, secondary ecological filters
rarely eliminate the underlying influence of soil formation. Instead, they modify microbial
assemblages within the physicochemical constraints established during pedogenesis. This
nested organization helps explain why similar vegetation may support different microbial
communities when growing on contrasting soils, whereas microbial assemblages occurring
within comparable pedogenetic environments may retain recognizable compositional
patterns despite differences in vegetation. Community assembly therefore reflects the
sequential action of multiple ecological filters operating across spatial and temporal scales
rather than the dominance of any single environmental variable [3,4].

This hierarchical organization has important implications for the interpretation of
microbial assemblies. Stable microbial communities emerge not because they remain
unchanged through time but because successive ecological filters repeatedly constrain
assembly toward similar community states. Consequently, they should be viewed as proba-
bilistic ecological outcomes rather than fixed taxonomic identities. Their apparent stability
depends on the persistence of the environmental filters that generate them, whereas their
variability reflects the strength of secondary ecological selection acting on the pedogenetic
template [3].

The action of these secondary filters also explains why microbial communities exhibit
considerable ecological plasticity. Under natural conditions, climatic fluctuations and
vegetation dynamics continuously reshape microbial community composition while pre-
serving the broader community structure imposed by pedogenesis. However, sufficiently
intense environmental disturbances may override the underlying pedogenetic signal. Un-
derstanding how anthropogenic disturbances modify or override pedogenetic influences
is therefore essential for interpreting NGS-derived microbial patterns and distinguishing
natural ecological variation from disturbance-driven community reassembly.

4.3. Dispersal, Stochasticity, and Historical Contingency

Environmental selection alone cannot account for all patterns observed in soil micro-
bial communities. Community assembly also reflects dispersal, ecological drift, diversifica-
tion, priority effects, and historical contingency, whose relative influence may vary with
spatial scale, habitat connectivity, disturbance, population size, and the strength of environ-
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mental selection [15,19,43,44]. These processes are not additional levels of environmental
filtering in the strict sense. Instead, they interact with the environmental constraints repre-
sented by HEF and influence which of the potentially compatible microbial assemblages
becomes established.

Dispersal can influence microbial patterns in contrasting ways. Dispersal limitation
restricts the movement of organisms among sites and may cause compositionally different
communities to develop under similar environmental conditions. In such cases, geographic
turnover or distance—decay relationships should not automatically be attributed to environ-
mental heterogeneity. Conversely, homogenizing dispersal can increase similarity among
communities exposed to different environmental conditions by continuously introducing
and establishing organisms across sites. High rates of dispersal may therefore weaken or ob-
scure the microbial differentiation otherwise expected from environmental filtering [44,45].
Consequently, similarity among soil microbiomes does not necessarily demonstrate ho-
mogeneous environmental selection, just as dissimilarity does not necessarily indicate
contrasting environmental filters.

Ecological drift produces stochastic changes in the presence and relative abundance
of populations through demographic variation, local extinction, and chance colonization.
Its influence is expected to increase when microbial populations are small, habitats are
fragmented, selection is weak, or disturbance reduces community size. Drift can therefore
generate divergence among replicate communities exposed to similar environmental condi-
tions, particularly when combined with dispersal limitation [19,43,44]. In NGS datasets,
part of the unexplained variation among environmentally similar samples may conse-
quently reflect stochastic turnover rather than an unmeasured environmental filter.

Priority effects and historical contingency further influence assembly because the
identity and order of early colonists can alter subsequent resource availability, habitat
conditions, and opportunities for later-arriving organisms. Through niche pre-emption or
niche modification, early-established populations may lead communities exposed to com-
parable environmental conditions toward alternative taxonomic or functional states [41].
Previous land use, disturbance, vegetation, climatic exposure, and colonization history
may therefore leave persistent microbial legacies even after contemporary environmental
conditions become similar. Such historical effects are particularly relevant when inter-
preting restoration chronosequences, land-use transitions, disturbed soils, and microbial
inoculation experiments.

Within HEF, environmental filters should therefore be understood as defining a proba-
bilistic range of ecologically permissible community states rather than determining a single
inevitable taxonomic composition. Dispersal determines which members of the regional
species pool reach a habitat; abiotic environmental selection determines which organisms
can persist; biotic interactions and priority effects modify establishment and coexistence;
and ecological drift produces stochastic variation among the resulting communities. Strong
and persistent environmental constraints may generate convergence despite differences in
arrival history, whereas weak selection, restricted dispersal, or strong priority effects may
permit multiple community configurations under apparently similar conditions.

Accordingly, HEF should not be used to attribute all residual microbial variation to
environmental selection. Distinguishing among selection, dispersal, drift, and historical
contingency requires spatially and temporally replicated sampling, explicit consideration of
geographic distance and habitat connectivity, environmental measurements at appropriate
scales, and, where justified, null-model or process-partitioning approaches [19,42,44]. These
methods also depend on assumptions concerning phylogenetic signal, taxonomic resolution,
sampling completeness, and the definition of the regional species pool. Their results should
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therefore be interpreted as evidence concerning the relative contributions of assembly
processes rather than as direct proof of individual mechanisms.

5. Anthropogenic Overrides and Environmental Plasticity

The reproducibility of microbial communities depends on the long-term stability of the
ecological filters governing community assembly. As discussed in the preceding sections,
pedogenesis establishes the structural template of the soil, while climatic conditions, vege-
tation, and biological interactions progressively refine microbial communities within this
environmental framework. Under relatively undisturbed conditions, these nested filters
repeatedly generate microbial communities with recognizable ecological signatures associ-
ated with particular soil types. However, this hierarchical organization is not immutable.
Environmental disturbances capable of modifying the strength or sequence of ecological
filters may partially disrupt community assembly and thereby reduce the distinctiveness of
microbial communities.

Among all anthropogenic disturbances, agricultural management represents the most
pervasive driver of microbial community reassembly. Intensive tillage, mineral fertilization,
irrigation, liming, pesticide application, and simplified crop rotations profoundly alter
the physical, chemical, and biological properties of agricultural soils, reshaping microbial
community assembly on timescales that are orders of magnitude shorter than those of pe-
dogenesis [46,47]. Rather than creating entirely new microbial communities, these practices
impose a common set of selective pressures that increasingly outweigh the natural environ-
mental constraints responsible for soil-specific community assembly. Hartmann et al. [48]
demonstrated that intensive agricultural management rapidly restructures microbial com-
munities, shifting them away from the long-term equilibrium established under natural
ecosystem development. Consequently, microbial assemblages become increasingly struc-
tured by management practices rather than by intrinsic pedogenetic characteristics [49-51].

Nitrogen fertilization provides one of the clearest examples of anthropogenic ecologi-
cal override within the HEF framework. Long-term nitrogen enrichment consistently favors
fast-growing copiotrophic microorganisms capable of exploiting nutrient-rich conditions
while suppressing oligotrophic taxa adapted to nutrient-limited environments [52]. Across
diverse ecosystems, nitrogen enrichment promotes bacterial groups associated with rapid
resource acquisition at the expense of taxa characteristic of undisturbed soils. Within the
HEF framework, these changes should not be interpreted merely as shifts in microbial
diversity. Rather, they weaken the natural resource gradients established during soil devel-
opment, redirecting community assembly toward alternative ecological states imposed by
anthropogenic nutrient enrichment.

Collectively, recent studies suggest that intensive land use may increase similarity
among microbial communities occurring in contrasting soils [53,54]. In natural ecosys-
tems, different pedogenetic pathways generate distinct physicochemical environments
that contribute to the assembly of different microbial communities. Under prolonged
cultivation, however, these differences may become increasingly obscured because tillage,
fertilization, irrigation, and crop management impose similar selective pressures across
otherwise contrasting soils. Consequently, microbial community composition increasingly
reflects contemporary management conditions in addition to the longer-term influence of
pedogenesis. Within the HEF framework, this represents an anthropogenic reorganization
of environmental filtering rather than simply a reduction in microbial diversity (Table 3).

https://doi.org/10.3390/d18090556


https://doi.org/10.3390/d18090556

Diversity 2026, 18, 556

18 of 32

Table 3. Anthropogenic drivers, mechanisms, and microbial responses within the Hierarchical

Environmental Filtering framework.

g Proximal hanism of . q
Anthropogenic roxuma Mechanis O Expected Microbial Consequence for HEF .
Driver Environmental Community Response Interpretation Evidence
Condition Altered Reassembly P P
Availability and Relaxation or Enr%chmenF of Cor}temporary resource
o . . e copiotrophic and enrichment may weaken
. - stoichiometric intensification of . .
Mineral fertilization - s nutrient-responsive taxa;  the correspondence
. balance of nitrogen, resource limitation . - - =
or other nutrient .. decline of some between the microbiome [52]
phosphorus and changes competitive . .
amendment . . . oligotrophic taxa; and the antecedent
other nutrients; relationships among . . -
. . . changes in nutrient regime or
frequently soil pH microbial taxa A . .
nutrient-cycling genes pedogenic template
Aggregate structure,  Physical disturbance =~ Community turnover;
. . S . Management may
aeration, moisture redistributes altered bacterial-to-fungal :
- ) : override or obscure
. retention, substrates and relationships; reduced . R R L.
Tillage and repeated . . . microbial differentiation
. o organic-matter microorganisms, abundance of . . [48,50]
soil cultivation A . L . o associated with natural
distribution and disrupts microsites disturbance-sensitive . .
. N - . soil structure and horizon
vertical organization =~ and changes resource  taxa; possible community
. ‘ s o development
of soil horizons accessibility homogenization
Alter: . .
tered . Vegetation-associated
. . . plant-derived s ; 1
Crop selection, crop Quantity, quality and Changes in rhizosphere microbial signatures may
. ; . substrates and host . ) o
rotation or seasonality of litter, ... and bulk-soil community  primarily reflect recent -
associations favour .. . . [53,54]
replacement of root exudates and . . composition, diversity management rather than
natural vegetation rhizodeposition ieroorganisms and functional potential the long-term pedogenic
& P adapted to the P & pedos

cultivated vegetation

environment

Note: HEF, Hierarchical Environmental Filtering.

Collectively, these observations demonstrate that soil microbial communities are nei-

ther immutable taxonomic entities nor temporally invariant ecological systems. Their
composition reflects the combined influence of hierarchical environmental filters operat-
ing across different spatial and temporal scales. When pedogenetic constraints remain
dominant, microbial communities may repeatedly converge toward comparable ecological
states. Conversely, sufficiently strong anthropogenic disturbances can redirect commu-
nity assembly toward alternative configurations increasingly governed by contemporary
land use and resource conditions. Interpretation of NGS-derived microbial patterns must
therefore consider the relative strength of pedogenetic, climatic, biological, and anthro-
pogenic filters rather than attributing observed community composition to any single
environmental factor.

6. Future Perspectives: From Microbial Inventories to
Ecological Interpretation

The rapid development of sequencing technologies and computational ecology has
fundamentally expanded our ability to characterize soil microbial communities. Never-
theless, the ultimate value of microbial sequencing extends beyond increasingly detailed
descriptions of microbial diversity. The central challenge is no longer to determine which
microorganisms inhabit particular soils, but to understand how ecological assembly gener-
ates reproducible biological signatures that can be interpreted, predicted, and ultimately
applied in soil science. Future research should therefore shift from descriptive microbiome
inventories toward mechanistic models capable of linking community assembly with soil
genesis and ecosystem functioning.

Building on recent frameworks for soil bioindicator assessment and best-practice
recommendations for microbiome research [11,12], we summarize six minimum criteria for
defensible microbiome-based soil diagnostics in Table S4.
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6.1. Functional and Multi-Omics Integration

One of the most promising directions is the transition from taxonomic profiling to
functional ecology. Although amplicon sequencing has revolutionized our understanding
of microbial diversity, taxonomic composition alone provides only indirect information
about ecosystem processes. Functionally similar communities may differ substantially in
taxonomic composition, whereas closely related microorganisms may occupy contrasting
ecological niches. Shotgun metagenomics simultaneously characterizes taxonomic compo-
sition and the repertoire of functional genes present in microbial communities. It therefore
provides information about functional potential rather than direct evidence of gene expres-
sion, metabolic activity or process rates. Linking the metagenomic repertoire to realized
ecosystem functioning requires complementary transcriptomic, proteomic, metabolomic
or process-level measurements. Such multi-omics approaches could transform soil micro-
biome analysis from taxonomic description into comprehensive ecological signatures of
soil functioning [55].

6.2. Machine Learning: Predictive Potential and Validation Requirements

The high dimensionality and non-linearity of microbiome datasets have encouraged
the application of machine-learning methods to classify soil conditions and predict envi-
ronmental or functional variables. Random forests, support-vector machines, gradient
boosting, nearest-neighbour methods and neural networks can identify multivariate pat-
terns that may not be apparent from individual taxa or conventional univariate analyses.
However, high apparent predictive performance does not necessarily demonstrate that a
model has learned a generalizable ecological relationship. Microbiome datasets commonly
contain spatially, temporally or experimentally correlated samples, creating a substantial
risk of data leakage and overly optimistic estimates of model performance.

Randomly dividing individual samples between training and testing sets is inap-
propriate when multiple samples originate from the same site, plot, soil core, season or
experimental unit. Under such conditions, the model may recognize site-specific, temporal
or batch-associated signatures that occur in both subsets rather than learn relationships
transferable to new environments. Training and testing partitions should therefore be de-
fined at the highest relevant independent level. Suitable approaches include grouped cross-
validation, in which all observations from a site, plot or experimental unit remain within
the same fold; leave-one-site-out or leave-one-region-out validation; spatially blocked
cross-validation; and temporally separated validation in which earlier observations are
used to predict later ones. The validation strategy should reflect the intended application.
For example, random grouped cross-validation may evaluate prediction of unsampled
plots within a studied region, whereas leave-one-region-out validation provides a more
demanding test of geographic transferability.

Data leakage can also occur before model fitting. Feature filtering, taxon selection, zero
replacement, normalization, compositional transformation, batch correction, imputation,
scaling and hyperparameter selection must be performed using the training data within
each cross-validation iteration. Selecting microbial predictors from the complete dataset
before cross-validation exposes the model to information from the test folds and can
markedly inflate performance. When feature selection or hyperparameter optimization
is required, nested cross-validation should be used: the inner loop performs model and
feature selection, whereas the outer loop provides an unbiased estimate of predictive
performance. A final independent dataset that was not used during preprocessing, feature
selection, model selection or parameter tuning remains the strongest test of generalizability.

Performance should be reported using metrics appropriate to the prediction task and
outcome distribution. Classification studies should provide a confusion matrix and report

https://doi.org/10.3390/d18090556


https://doi.org/10.3390/d18090556

Diversity 2026, 18, 556

20 of 32

sensitivity, specificity, balanced accuracy, precision, recall, F1 score or Matthews correlation
coefficient as appropriate. Receiver-operating-characteristic area under the curve (ROC-
AUC) can be informative, but precision-recall AUC may be more revealing when classes
are strongly imbalanced. Overall accuracy alone can be misleading when one class predom-
inates. Regression studies should report the coefficient of determination (R?) together with
an error measure expressed on the scale of the response, such as root-mean-square error
(RMSE) or mean absolute error (MAE). Calibration, uncertainty intervals and performance
variability among validation folds should also be presented. Comparisons with simple
baseline models are necessary to establish whether the microbiome contributes meaningful
predictive information beyond class prevalence or readily measured soil properties.

Published applications illustrate both the potential and limitations of these approaches.
Using bacterial communities from more than 3000 soil samples representing 606 sites
in New Zealand, Hermans et al. [56] reported 85% accuracy for land-use classification,
up to 83% accuracy for categories based on soil physicochemical properties, R? values
ranging from 0.35 to 0.79 for individual soil variables, and 50-95% accuracy in assigning
soil-quality scores. More recently, Aouabed et al. [57] compared traditional machine-
learning and deep-learning methods using two publicly available soil-microbiome datasets.
Their best reported predictions reached R? = 0.57 for bacterial composition at the phylum
level and R? = 0.45 for fungal functional groups, while performance generally declined
at finer taxonomic levels. Random forest and k-nearest-neighbour methods frequently
outperformed the multilayer perceptron, illustrating that increased model complexity does
not necessarily improve prediction when the available sample size is limited. These values
are illustrative rather than directly comparable because the studies addressed different
outcomes, taxonomic levels, datasets and validation designs.

For HEF-based applications, the most informative validation tests are those that
progressively withhold entire levels of the proposed hierarchy. Models may, for example,
be trained in some plots and tested in new plots within the same soil type, then tested in
independent sites, climatic regions or land-use systems. A large decline in performance
during geographic or temporal transfer would indicate that the learned microbial signature
is context-dependent rather than a universal diagnostic indicator. Conversely, reproducible
performance in independent environments would support the proposition that hierarchical
environmental filtering generates transferable associations between microbiome structure
and soil condition. Therefore, machine learning should be viewed as a tool for testing
the generality and predictive value of HEF-derived patterns, not as evidence of ecological
mechanism by itself.

Representative examples of predictive performance reported in soil microbiome stud-
ies are summarized in Table S5 [56-58]. These values should be regarded as study-specific
illustrations rather than universal benchmarks because the underlying prediction tasks,
datasets, taxonomic resolutions and validation procedures differ substantially.

6.3. Core Microbiomes and Integrated Soil Assessment

Another major challenge concerns the identification of stable core microbiomes as-
sociated with particular soil types. The concept of a core microbiome generally focuses
on microorganisms that consistently occur across samples or environments under defined
ecological conditions [59]. However, from the perspective of hierarchical environmen-
tal filtering, ecological persistence may be more informative than taxonomic persistence
alone. Future studies should therefore identify microbial assemblages that are repeatedly
assembled under similar pedogenetic conditions. Such ecological core communities would
represent biological manifestations of persistent environmental filtering rather than fixed
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taxonomic inventories. This distinction may prove fundamental for developing reliable
microbiome-based indicators of soil identity.

The integration of microbial information with conventional soil measurements repre-
sents another promising research direction. Physical and chemical soil properties provide
essential information about pedogenetic history and present environmental conditions,
whereas microbial communities provide a dynamic biological dimension reflecting ecosys-
tem functioning and contemporary ecological responses. Combining these complementary
information layers may improve monitoring of soil degradation, restoration trajectories,
land-use effects, and changes in ecosystem functioning. Evidence that microbial community
composition responds systematically to soil properties, land use, environmental gradients,
and ecological restoration supports the value of such integrative approaches [60-62].

However, successful integration of NGS-based microbiome analysis into soil ecological
assessment will require rigorous methodological standardization. Differences in sampling
strategy, sequencing platforms, DNA extraction protocols, bioinformatic pipelines, and
reference databases continue to limit direct comparisons among studies [11,12]. Perhaps
even more importantly, ecological interpretation requires standardized consideration of
sampling depth, seasonality, land-use history, and disturbance intensity, all of which influ-
ence microbial community assembly [3,30,63]. Without harmonized analytical protocols,
methodological variability may exceed biological variation, substantially reducing the
reproducibility of microbial sequencing across laboratories and geographic regions.

6.4. Empirical Testing and Testable Predictions of HEF

For HEF to function as more than a descriptive organization of environmental drivers,
it must generate predictions that can be evaluated against alternative models of community
assembly. Its central proposition is that inherited soil properties establish persistent but
non-exclusive constraints on microbial community assembly, while contemporary climate,
vegetation, biological interactions, dispersal, disturbance, and stochastic processes deter-
mine variation within or across those constraints. HEF does not predict that pedogenic
characteristics will explain all microbial variation or that environmentally similar soils
will contain identical communities. It predicts that explicitly accounting for the temporal
persistence, scale, and conditional relationships among environmental variables should
explain microbial community structure more effectively than treating all potential drivers
as independent and additive.

A primary prediction is that inherited soil characteristics, including horizon identity,
mineralogy, texture, organic matter distribution, drainage, and buffering capacity, will
explain a statistically detectable component of microbial taxonomic or functional variation
after contemporary climate, vegetation, geographic distance, and management have been
considered. This prediction can be evaluated using variation partitioning, partial distance-
based redundancy analysis (db-RDA), hierarchical mixed models, or related multivariate
approaches. Support for HEF would be provided by a reproducible unique contribution
of inherited soil properties and by convergence of at least some taxonomic or functional
attributes among comparable soil horizons across independent locations. Conversely,
repeated failure of inherited soil properties to explain any unique or transferable varia-
tion, particularly when contemporary and spatial variables explain nearly all observed
structure, would contradict the proposed importance of the pedogenic template in the
systems examined.

A second prediction is that the effects of contemporary climate and vegetation will
be conditional on inherited soil properties rather than universally additive. For example,
microbial responses to drought should differ among soils with contrasting texture, drainage,
organic matter, or water-holding capacity, while rhizosphere effects should vary with soil
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fertility, pH, and mineralogy. Such conditionality can be tested using interaction terms in
PERMANOVA or multivariate generalized models, stratified db-RDA, hierarchical models
with soil-specific slopes, and structural equation models representing direct and indirect
pathways. HEF would be supported if models incorporating interactions or mediated
pathways consistently outperform models containing only independent additive effects.
Similar contemporary responses across contrasting soils, with no detectable interaction
with inherited properties, would weaken this aspect of the framework.

A third prediction concerns temporal scale. Short-term climatic variation should
initially produce stronger changes in microbial activity, transcription, protein expression,
or metabolite production than in the persistent component of community composition,
whereas long-term environmental change may progressively modify both microbial com-
position and the inherited soil template. Repeated seasonal sampling, time-series analy-
sis, and integration of DNA-based profiles with metatranscriptomic, metaproteomic, or
metabolomic measurements could test this prediction. HEF would be supported by dif-
ferential temporal responses among molecular layers and by greater persistence of the
soil-associated component of community structure than of microbial activity. Equiva-
lent instability across all taxonomic and functional layers, unrelated to the persistence of
environmental variables, would be inconsistent with this expectation.

HEEF further predicts that strong anthropogenic disturbance may reduce the corre-
spondence between microbial communities and inherited soil properties. This could be
tested by comparing undisturbed and intensively managed soils across multiple soil types
using factorial PERMANOVA, variation partitioning, multigroup structural equation mod-
eling, and analyses of beta diversity and multivariate dispersion. Evidence of decreasing
unique variation attributable to soil type, combined with increasing similarity among
microbial communities subjected to comparable management, would support the proposed
anthropogenic override. Persistence or strengthening of soil-specific microbial patterns
across increasing disturbance intensity would contradict this prediction or indicate that the
inherited template remains more resistant than proposed.

Environmental associations must also be distinguished from dispersal and stochastic
assembly. Phylogenetic null models and (-nearest taxon index (3NTI) analyses can as-
sess whether observed phylogenetic turnover differs from null expectations. Commonly
applied frameworks interpret strongly positive BNTI values as evidence consistent with
variable selection and strongly negative values as evidence consistent with homogeneous
selection. For comparisons not assigned to strong selection, taxonomic null models, such as
abundance-weighted Raup—Crick approaches, may help distinguish patterns consistent
with dispersal limitation, homogenizing dispersal, or an undominated fraction incorporat-
ing drift, weak selection, and weak dispersal [42,44]. HEF would be supported where the
relative contribution of inferred selection changes predictably across pedogenic contexts,
environmental gradients, or disturbance levels. Predominance of spatial or stochastic
processes with little reproducible association with environmental variables would limit the
applicability of HEF in the system examined.

No individual statistical method can demonstrate the causal hierarchy proposed by
HEFE. PERMANOVA can test differences in multivariate composition but cannot alone
distinguish environmental selection from differences in within-group dispersion. Tests of
multivariate dispersion should therefore accompany PERMANOVA. Variation partitioning
and db-RDA can quantify unique and shared fractions of explained variation, but these frac-
tions remain sensitive to collinearity, variable selection, spatial structure, and unmeasured
covariates. Structural equation modeling can assess whether observed data are consistent
with hypothesized direct and indirect pathways, but cross-sectional models do not by
themselves establish causality. Likewise, BNTI and related null-model classifications de-
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pend on phylogenetic signal, the selected regional species pool, taxonomic resolution, and
null-model assumptions. The strongest tests of HEF would therefore combine replicated
observational studies with temporal sampling, reciprocal soil or microbiome transplants,
controlled manipulation of moisture, vegetation or management, and validation across
independent soils and geographic regions (Table 4).

Table 4. Testable predictions of the Hierarchical Environmental Filtering framework and analytical

approaches for their evaluation.

Observation Supporting Observation
HEF Prediction HEF Contradicting or Suitable Approaches
Weakening HEF
Soil horizon, mineralogy, Inherited properties

Inherited soil properties
retain an independent
association with microbial
community structure

texture, drainage, or
persistent organic matter
explain unique variation
after contemporary and
spatial factors are
controlled

explain no reproducible
unique variation, while
contemporary or spatial
variables account for
nearly all structure

Variation partitioning;
partial db-RDA;
hierarchical models;
cross-site validation

Contemporary effects are
conditional on the
inherited soil context

Climate, drought,
vegetation, or rhizosphere
effects differ predictably
among soil types or
horizons

Contemporary drivers
have uniform effects and
models containing
soil-context interactions do
not improve fit or
prediction

Factorial PERMANOVA;
interaction models;
stratified db-RDA;
structural equation
modelling

The relative importance of
controls changes with
temporal scale

Microbial activity and
expression respond rapidly,
whereas persistent
community structure
changes more slowly

Taxonomic and functional
layers display equivalent
instability unrelated to
environmental persistence

Repeated sampling;
time-series models; DNA—
RNA-protein-metabolite
integration

Strong disturbance can
override the inherited
pedogenic signal

Increasing management
intensity reduces
soil-associated
differentiation and
promotes convergence
under similar management

Soil-specific microbial
patterns remain unchanged
or become stronger with
disturbance

Factorial designs; variation
partitioning;
PERMANOVA with
dispersion tests;
multigroup structural
equation modelling

Comparable persistent
environmental constraints
promote probabilistic
convergence

Independent sites with
comparable horizons
exhibit greater taxonomic
or functional similarity
than expected after
accounting for distance

Environmentally
comparable sites are no
more similar than expected
under spatial or null
models

db-RDA; matched-site
comparisons; variance
decomposition;
phylogenetic and
taxonomic null models

Selection, dispersal, and
drift contribute differently
across HEF contexts

BNTI or related analyses
show predictable changes
in inferred selection across
soil types, gradients, or
disturbance levels

Turnover is consistently
dominated by dispersal or
stochastic processes and
lacks reproducible
environmental associations

BNTL Raup—Crick metrics;
phylogenetic null models;
iCAMP or comparable
process-partitioning
frameworks

A hierarchical
representation performs
better than a flat driver
model

Hierarchical or mediated
models improve
out-of-sample prediction,
information criteria, or
explained variation

Flat additive, spatial, or
stochastic models perform
equally well or better
across independent
datasets

Model comparison;
cross-validation; SEM;
hierarchical Bayesian or
mixed models

Note: db-RDA, distance-based redundancy analysis; PERMANOVA, permutational multivariate
analysis of variance; SEM, structural equation modeling.
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At the framework level, HEF would be weakened if hierarchical models consistently
failed to improve explanatory or predictive performance relative to flat additive, purely
spatial, or stochastic models; if inherited soil properties provided no reproducible unique
contribution; and if the effects of contemporary drivers showed no dependence on soil
context. HEF should therefore be considered a falsifiable, context-dependent framework
whose relevance may vary among microbial groups, spatial scales, ecosystem types, and
levels of disturbance.

Taken together, these studies support several central expectations of HEF (Table 5).
First, globally and regionally distributed surveys indicate that broad climatic and bio-
geographic constraints delimit the community pool available for assembly, whereas soil
pH, nutrient availability, horizon and other edaphic properties explain substantial differ-
entiation at finer scales. Second, experimental studies demonstrate that contemporary
disturbances, nutrient enrichment and land management can reorganize communities
within—or, under sufficiently strong disturbance, partly override—the constraints imposed
by the antecedent soil environment. Third, the relative importance of individual filters
differs among bacteria, archaea and fungi, indicating that the proposed hierarchy is con-
ditional rather than universal. Finally, methodological effects, including relic DNA and
DNA-extraction procedures, can alter the apparent magnitude of environmental associa-
tions and should therefore be distinguished from ecological filtering itself. The collected
evidence is consistent with HEF, but it does not yet constitute a direct test of the complete
framework; such validation will require studies designed to quantify multiple filter levels
simultaneously while accounting for dispersal, stochasticity and historical contingency.
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Table 5. Representative empirical studies providing evidence consistent with different components of the Hierarchical Environmental Filtering framework.

Soil or Ecosystem and

Molecular or

Main Environmental

Principal Statistical

Reported Magnitude or

ST Geographic Scope LGSR EET Sequencing Method ARG EE Driver or Contrast Approach Strength of Association e
. . .. . Strong compositional
Temperate soil profiles Phospholipid fatty-acid . . Soil depth and - differentiation between
sampled from the profiling and Two contrasting soil . : Principal component :
. . ; : associated changes in R surface and subsurface Pedogenic template and
Fierer et al. [63] surface to Bacteria culture-independent profiles sampled at . . and multivariate e . N . . e
. . . organic carbon and soil . communities; no single vertical soil-horizon filtering
approximately 2m community multiple depths o community analyses . >
L conditions standardized effect size
depth characterization
reported
Fungal richness and
composition showed
strong but
Climate, edaphic Multivariate, spatial taan—dep endent Global climate, biogeographic
= Natural ecosystems . . . ! . . environmental and
Tedersoo et al. [35] iy Fungi ITS metabarcoding 365 soil samples properties, vegetation and regression-based : context and
distributed globally ; > geographic . . S
and geographic context modelling A P vegetation-associated filtering
relationships; richness
was not globally
coupled to plant
diversity
Organic management
Long-term agricultural Replicated plots S . . increased richness,
fi R . Ordination, diversity
ield experiment 165 rRNA gene and exposed to more than Farming system and . decreased evenness and : P
) . . . . analysis and . . Anthropogenic modification
Hartmann et al. [48] comparing organic and Bacteria and fungi fungal marker-gene two decades of long-term management . shifted community e
. . . . permutational e of the local edaphic filter
conventional pyrosequencing contrasting history P . composition; no
multivariate testing .
management management common standardized
effect size was reported
Nutrient addition
produced
o Marker—gene 25 grassland sites . o geographlcally .
Grasslands distributed . sequencing, 4 . Cross-site multivariate consistent taxonomic .
Bacteria, archaea and subjected to Nitrogen and . . . Contemporary resource filter
Leffetal. [52] across several f X supplemented by . . . and mixed-effects and functional shifts, X .
. ungi . . standardized nutrient phosphorus enrichment . . . and anthropogenic override
continents metagenomic analysis additions analyses including enrichment of
of a subset copiotrophic taxa; no

single cross-domain
effect size reported
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Table 5. Cont.

Soil or Ecosystem and

Molecular or

Main Environmental

Principal Statistical

Reported Magnitude or

ST Geographic Scope LGSR EET Sequencing Method ARG EE Driver or Contrast Approach Strength of Association e
On average,
approximately 40% of
. . 165 rRNA gene and ITS . . Paired community amplifiable prokaryotic
Soils spanning . . Broad soil collection . . . and fungal DNA . .
contrastin Prokarvotes and sequencing combined with paired untreated Relic DNA abundance, comparisons, richness orizinated from Methodological observation
Carini etal. [10] h sicochgmical funed Y with and rglic-DN A-depleted partly associated with analysis and ext%acellular DNA or filter affecting inference across
physic & propidium-monoazide P soil pH multivariate : HEF levels
conditions L samples T . non-intact cells;
viability treatment dissimilarity testing N
observed richness was
inflated by as much as
55%
The relative importance
Vegetation zone Ordination, of environmental and
Natural forests across . Archaeal, bacterial and getal 4 PERMANOVA, spatial variables Regional climate and
M , . . Archaea, bacteria and . . edaphic properties, . . - L .
aetal. [64] four vegetation zones in funei fungal amplicon 110 forest sites climate and spatial distance—decay analysis  differed among vegetation filters acting on
eastern China & sequencing separation P and variation microbial domains; no local soil conditions
P partitioning common standardized
effect size reported
Environmental
variables were more
strongly associated with
Global topsoil survey Bacteria, archaea, . . L Precipitation, soil pH Multivariate and spatial ~ microbial taxonomic Global climatic constraint
. N - N Metabarcoding and 189 sites comprising . E . N
Bahram et al. [6] encompassing major fungi and functional . and other edaphic analyses and predictive and functional followed by regional and local
. shotgun metagenomics 7560 local subsamples . . i s S
terrestrial ecosystems genes properties modelling composition than edaphic filtering
geographic distance; no
single comparable effect
size reported
Soil pH emerged as a
Metabarcoding, Multivariate major correlate of
Contrasting land-use Bacteria, archacaand ~ TNetaproteomics and Multiple soils :r?gg;lsul?rt\{fr? pyssand gﬁ;fs?tz}izgrcr:;:g v Local edaphic filtering and
Coleetal. [53] & g stable-isotope representing contrastin; Soil pH and land use X . & . P ngan
P P 8 8 P
systems fungi assessment of litter land-use conditions microbiome carbon-processing anthropogenic modification
decomposition characteristics with responses; no single
P carbon cycling standardized effect size

reported
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Table 5. Cont.

Study

Soil or Ecosystem and Molecular or Main Environmental Principal Statistical Reported Magnitude or

Geographic Scope

Microbial Group Sampling Scale

Sequencing Method Driver or Contrast Approach Strength of Association

HEF Level Represented

Knight etal. [31]

Grasslands distributed Soil prokaryotic and sequencing following exposed to drought,

across Europe

Responses were
generally small but
Climatic extremes and Mixed-effects, highly consistent and
the climatic history of ordination and phylogenetically
the source soils phylogenetic analyses conserved; heat
produced the strongest
disturbance response

Marker-gene Soils from 30 grasslands

fungal communities experimental climatic flooding, freezing or
disturbances heat treatments

Contemporary climatic
filtering conditioned by
historical environmental
exposure Sample size refers to
the highest-level independent
sampling units reported by
each study—such as sites, soil
profiles or experimental
plots—rather than sequencing
reads or technical replicates.
“No single standardized effect
size reported” indicates that
the study demonstrated
significant or consistent
associations but did not
express the overall result
using one effect-size statistic
directly comparable among
studies. Assignment to an
HEF level represents the
interpretation proposed in the
present review and not
terminology used in the
original publication. The
underlying claims in the
strongest quantitative rows
are supported particularly
well by the global surveys of
Tedersoo et al., Leff et al. and
Bahram et al.; the
methodological magnitude
reported by Carini et al. is
especially useful because it
supplies the kind of numerical
association requested by the
reviewer. Knight etal.’s
experimental study provides a
recent test of how climatic
history conditions microbial
responses to contemporary
extremes [31]. Supplemental
Materials Table S1. Inclusion
and exclusion criteria applied
during literature selection.

Note: Sample size refers to the highest-level independent sampling units reported by each study rather than sequencing reads or technical replicates. Where no
single standardized effect size was reported, the table describes the direction or strength stated by the original authors. Assignments to HEF levels are interpretations

made in the present review; the cited studies did not explicitly test HEF under that name.
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7. Conclusions

The rapid expansion of sequencing technologies has generated an unprecedented
amount of information describing soil microbial communities. Yet the central challenge
of contemporary soil microbial ecology is no longer exclusively technological. A fun-
damental ecological question remains: why do reproducible patterns of microbial com-
munity organization emerge within soils despite immense biological complexity and
environmental variability?

Throughout this review, we propose that these patterns can be interpreted through
the hierarchical organization of environmental filtering. Soil microbial communities should
not be considered passive collections of microorganisms responding independently to
individual environmental variables. Rather, they represent ecological systems assembled
through successive constraints operating during soil formation and ecosystem develop-
ment. Pedogenesis establishes the fundamental physicochemical architecture of the habitat;
resource availability defines metabolic opportunities; vegetation and biological interactions
further refine community composition; climate modulates microbial activity and ecosys-
tem functioning; and anthropogenic disturbance may modify or override these natural
environmental filters.

This perspective provides an ecological context for interpreting NGS-derived ob-
servations. Soil microbial assemblages are dynamic outcomes of community assembly
rather than static taxonomic entities. Their apparent reproducibility reflects the persis-
tence of environmental constraints, whereas their temporal and spatial variability reflects
ecological plasticity and responsiveness to changing environmental conditions. Intensive
anthropogenic disturbance can alter this organization by modifying soil physicochem-
ical properties and resource gradients, thereby redirecting microbial assembly toward
alternative community states.

The Hierarchical Environmental Filtering framework proposed here does not seek
to replace established theories of microbial community assembly. Instead, it provides
an integrative framework for connecting observations from pedology, microbial ecology,
ecosystem science, and environmental genomics. Within this perspective, sequencing
technologies are powerful observational tools: they reveal the biological consequences of
environmental filtering but do not themselves explain the ecological processes responsible
for microbial community organization.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/d18090556 /51, Figure S1: Literature-identification and selection
workflow used for the structured critical narrative review. Table S1: Inclusion and exclusion criteria
applied during literature selection. Table S52: Sequencing and complementary analytical approaches
used in soil microbiome research and their relevance to HEF interpretation. Table S3: Ecological and
molecular sources of variation affecting NGS-based interpretation and corresponding methodological
responses. Table S4: Minimum criteria and research priorities for defensible NGS-based soil micro-
biome assessment. Table S5: Representative examples of machine-learning performance reported in
soil microbiome studies. References [65-71] are cited in the Supplementary Materials.
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