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Abstract

Microbial communities are fundamental to host health, yet their assembly dynamics under
environmental change remain poorly understood. We analyzed individual-level host-microbe
networks in the non-native wild black rats (Rattus rattus) across a land-use gradient in Madagascar.
By applying a moving prevalence threshold, we distinguished between core and non-core microbes
and compared the assembly drivers shaping their network structures. Non-core microbes formed
fragmented, modular networks shaped mainly by heterogeneous selection, reflecting environmental
filtering. In contrast, core microbes exhibited stable, less modular networks driven primarily
by stochastic ecological drift. These distinct assembly processes persisted across thresholds,
highlighting fundamental differences in microbial structuring. Land-use change significantly
influenced the modular structure of non-core microbes but had minimal effects on core microbes,
demonstrating the differential sensitivity of microbial groups to environmental variation. This
study advances our understanding of host-microbe interactions and provides a framework for

assessing microbiome assembly under anthropogenic change.
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Introduction

The structural organization of species interactions plays a pivotal role in shaping biodiversity
patterns, maintaining community stability, and supporting ecosystem functions [1-3]. As a
result, ecological research has long focused on unraveling these interaction patterns and the
mechanisms underlying their emergence. However, widespread transformation and degradation
of natural ecosystems in recent decades have disrupted ecological communities and their intricate
interactions [4,5]. An example is the relationship between animal hosts and their associated
microbial communities [6,7]. Microbial communities are essential for host fitness and functioning,
influencing critical processes such as metabolism, immune responses, and disease resistance
[8-10]. Despite the recognized importance of microbiomes, the mechanisms driving their assembly
and structuring remain poorly understood, particularly in wild populations under environmental

change.

Anthropogenic land-use change, including the conversion of natural areas into agricultural or
urban ecosystems, alters the environment and the conditions shaping the host microbiome
[6,11]. Different land-use types create distinct environmental conditions, such as changes in
host community composition and density, variations in vegetation cover and composition, and
shifts in human activity, including agricultural practices. These variations can impact the
host microbiome through both deterministic (e.g., environmental filtering) and stochastic (e.g.,

dispersal and ecological drift) processes [12—14].

The processes that shape microbiome assembly play a critical role in structuring the host-microbiome
interaction network, producing patterns that reflect the interplay between environmental conditions
and microbial dynamics [15]. For instance, microbes that optimize digestion or nutrient absorption
under specific environmental conditions set by host diet may be deterministically selected [16].
Over time, such selection pressure could lead to more associations with particular microbial
taxa than with others in the community [17]. Structural patterns are therefore expected to
align closely with environmental conditions, reflecting the ecological context in which they
arise. Conversely, stochastic processes can dominate when selective pressures are weaker [18].
In such scenarios, network structure can be shaped by random demographic variations, such
as fluctuations in microbial population sizes or the accidental extinction of certain taxa [18].
Additionally, stochastic dispersal events during the early stages of microbiome assembly can
have lasting effects on community composition and structure through priority effects, where the
order and timing of microbial colonization influence which taxa establish successfully [19,20].
These random processes may result in substantial variability in microbial community structure,

even under similar environmental conditions.

Host-microbe interactions are also affected by microbe function and prevalence. The microbiome
comprises diverse groups of microbes that can be categorized into different functional or ecological
groups. One key distinction is between core and non-core microbes [21-23]. The most widely
used definition is the ‘common core’ microbiome, which refers to microbial taxa that are consistently
found across a host population above a defined prevalence threshold [24]. While high-prevalence
taxa may indicate stable and essential functional relevance to the host (such as predicting key
host phenotypes like methane emission and lactation in cows [25]), their prevalence alone does

not imply they are necessary for host function [22]. Transient and variable non-core microbes



may provide flexible responses to changing conditions or introduce novel capabilities [21,26].
Examining how the structure of host-microbe interactions varies across different thresholds of
core and non-core microbes can enhance our ability to disentangle the ecological mechanisms

shaping those interactions.

Network analysis offers a powerful approach to studying the associations between hosts and their
partners (e.g., mammals and parasites or bacteria and phages) by mapping their interactions
and revealing structural relationships [7,27]. However, there are only a few studies that have
explored these structural patterns in host-microbiome bipartite networks (e.g., [15,28]). A
key structural property of such interaction networks is modularity, in which the network is
partitioned into groups (modules) composed of species that interact strongly within a module and
weakly outside their module [29]. In host-microbe networks, modules could represent functional
units of microbial communities that perform specific metabolic processes, enhancing system
stability and bolstering network resilience against perturbations [15]. Furthermore, modular
structures can be signatures of underlying processes—such as coevolution, competition, or shared
niches [15,30,31]. However, the processes driving modularity remain under-explored [30,32].
Identifying these processes in host-microbe networks, for both core and non-core microbes, will
provide valuable insights into microbiome assembly dynamics and function. Doing so under
environmental gradients will further help elucidate how microbiomes respond to anthropogenic

changes.

In this study, we investigate the structure of the host-microbe network of wild black rat (Rattus
rattus) populations across a land-use change gradient in rural northern Madagascar. R. rattus
is a non-native, generalist omnivore that is the most abundant species in the region. It poses
a threat to endemic species and is considered a nuisance to humans [33]. The region consists
of a mosaic of human villages, including small agricultural communities that rely on farming
rice, vanilla, and other crops. These land uses transition into more forested areas and a
national park. Such land-use gradients, where human activity is at the interface with natural
ecosystems, are common in rural low-income regions and provide an important context for

studying wildlife-associated microbial communities.

We address two fundamental questions: (1) How do deterministic and stochastic processes shape
host-microbe community structures along a gradient of land-use change? (2) How do these
processes differ between core and non-core microbial groups? Differences in the distribution
of core and non-core microbes suggest that these groups possess distinct traits, leading us
to hypothesize that their community assembly is driven by different processes. Specifically,
core microbes, which are consistently present across hosts, are expected to be structured by
homogeneous selection, where hosts favor specific vital taxa, resulting in similar microbial
communities across individuals, or alternatively, by more stochastic processes. In contrast, given
that non-core microbes are more variable and sensitive to environmental changes, we propose
that their occurrence in hosts is primarily shaped by deterministic processes. Particularly, we
predicted that heterogeneous selection, where environmental differences filter microbial taxa
differently, would lead to shifts in their modular structure along the land-use gradient (Figure
1). However, defining core versus non-core microbes is challenging, as studies typically rely on

arbitrary thresholds that lack clear biological justification [22]. To address this issue, we apply a



moving threshold approach, examining microbial prevalence along a continuous gradient rather
than using a strict cutoff. This allowed us to assess how assembly processes varied continuously

with microbial prevalence in shaping host-microbe community structures.
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Figure 1: Conceptual scheme of methods and hypotheses. (a) ASVs are classified into core
and non-core groups. The core threshold is defined within a prevalence range of 0.05-0.5. (b)
Land-use change influences host-microbe assembly through deterministic processes (heterogeneous
and homogeneous selection) and stochastic processes (dispersal limitation and ecological drift). (c)
A bipartite network is constructed to link individual hosts with core and non-core ASVs. Host
colors represent different land-use types. (d) Modules of hosts are identified based on their strong
associations with similar ASVs. (e) Quantification of the relative importance of stochastic and
deterministic processes for comparisons between hosts clustered within the same module and those
in different modules (see Materials and methods and Figure S1 for details). Colors correspond to
the processes in panel (b).

Materials and methods

Study site and rat sampling

Small mammals were collected in three villages in the SAVA region of northeast Madagascar,
in the area surrounding Marojejy National Park (SI note 1). The park encompasses natural
moist evergreen forests that range from low elevation to high mountain peaks over 2000 m. In
each village, seven sites were sampled along a degradation gradient: (1) semi-intact forest inside
the national park, (2) secondary forest, (3) brushy regrowth (savoka), (4) agroforest (vanilla
plantation), (5) mixed agriculture (sugarcane/coffee plantation), (6) flooded rice, and (7) village
(Table S1). Sites in each village setting were located ~500 m apart. In each site a grid of 121
live traps (11x11, with 10 m distance between traps) was established, in addition to two lines of
11 pitfall traps. Each site was sampled for six consecutive nights three times during the sampling
period. The sampling was carried out between October 2019 and September 2020 in the village
M; between November 2020 and September 2021 in the village S; and between October 2021
and August 2022 in the village A. Fecal pellets were collected from each live-trapped animal and
immediately stored in Zymo DNA/RNA Shield.

We focused our host-microbe network on the black rat (Rattus rattus), a non-native species



introduced to Madagascar probably a few thousand years ago, and the most abundant species
in the region [33]. It is a large generalist omnivore with a broad and flexible diet [34]. All these
characteristics make it one of the main agricultural pests, a major threat to native ecological
communities in the local area, and potentially an important factor in the transmission of zoonotic
diseases [33,35].

DNA extraction and 16S rRNA gene amplicon sequencing

DNA was extracted from ~1g feces collected from trapped small mammals using Zymo Quick-DNA
Fecal/Soil Microbe Miniprep kits (cat #D6010) using manufacturer protocols. 16S metabarcoding
was conducted using 515F-806R primers to target the V4 region of the 16S SSU rRNA [36]. Each
primer included an Illumina adapter, barcode, primer pad, and linker. Reactions were carried
out in 25ulL volumes consisting of 10ul. of 1.25uM forward and reverse primer, 2ul. of DNA,
and 13uLl of Platinum Hot Start PCR mastermix (ThermoFisher Scientific, cat #13000014).
Reaction conditions were as follows: 95°C for 3min, 35x 98°C for 30secs, 58°C for 30secs, and
72°C for 30secs, followed by a final extension at 72°C for 5min. Concentrations were measured
using Promega One Quantifluor kits on a Teccan platereader. Samples were then normalized to
Tng/uL prior to pooling. The product was cleaned using magnetic beads (bead:DNA ratio was
0.8:1) and sequenced at UC Santa Barbara Biological Nanostructures Laboratory on an Illumina
MiSeq (v3 chemistry, 2x300bp, 24M reads).

Sequences were demultiplexed using cutadapt (v.3.4) with zero error tolerance [37]. We then
performed quality filtering steps using the dada2 package in R [38]. Specifically, we filtered and
trimmed amplicons (minimum length = 100, 15% PhiX removed), inferred and removed errors,
dereplicated sequences, inferred amplicon sequencing variants (ASVs) using the pseudo-pooling
method, merged pairs, and removed chimeras. We assigned taxonomic identifications to ASVs
using the assignTazonomy function in dada2, using the SILVA nr99 SSU reference database
(v.138.1).

Sequence data processing

We filtered out very rare ASVs with a relative abundance lower than 0.1% in a sample or those
that occur in less than 1% of all individuals. Additionally, we removed all ASVs that were
identified as ’Chloroplast’ or 'Mitochondria’. Finally, we excluded 21 out of 876 samples with
fewer than 5000 total reads from our analysis. Filtering procedures resulted in 855 individual
hosts and 1,951 ASVs from an original total of 10,358.

Core classification and network construction

We categorized bacterial ASVs into core and non-core groups based on their prevalence (Figure
S2). Typically, this distinction is made before analysis by applying a predefined prevalence
threshold [22,39]. However, no objective boundary separates core and non-core microbes. To
account for this, we implemented a moving threshold of increasing prevalence ranging from
0.05 to 0.5, in increments of 0.05. ASVs with prevalence values above or below the threshold
were classified as core and non-core, respectively. (Figure 1la). For each threshold value
we constructed a bipartite network in which links represented the occurrence of a bacterial
ASV in a rat individual, with link weights as the ASV’s relative read abundance. While

microbial prevalence does not always directly reflect function, core and non-core groups exhibited



substantial taxonomic differences at the family level (SI note 2). This suggests that their
distinction is based not only on prevalence but also on potential functional differences, under
the assumption that functional traits are phylogenetically conserved [40]. For convenience, we
report some of the results using the 20% threshold (based on the ASV prevalence distribution),

but our results hold across thresholds.
Modularity analysis

We assessed modularity in the host-microbe network using Infomap. Infomap detects the optimal
network partition based on the movement of a random walker on the network [41,42]. For any
given network partition, the random walker moves across nodes. The amount of information it
costs to describe the walk is quantified using the objective function L called the map equation.
The optimal network partition, which minimizes L [41], clusters hosts and microbes into modules
that are more densely connected. The modules can contain hosts from a single or multiple sites,
and each site may consist of a single or multiple different modules (Figure 1d). In this way,

modules capture variation in host microbiome within and across land uses.
Community assembly processes within and between modules

To quantify the relative contributions of deterministic and stochastic processes to microbial
community assembly, we applied the framework proposed by [43,44]. This method is widely
used in the study of microbial assembly [18,45-47]. Specifically, we inferred assembly processes
across all pairwise comparisons of individual hosts using a combination of the $-Nearest Taxon
Index (BNTI) and the Raup-Crick metric (RC) (A visual guide is presented in Figure S1).

BNTI quantifies the phylogenetic turnover between pairs of communities, assuming that different
environmental conditions lead to the selection of phylogenetically distinct communities. Therefore,
it provides insights into the influence of selection on community assembly [18,43]. To calculate
BNTI, we constructed a phylogenetic tree based on the 16S sequence data using the Maximum
Likelihood method. We then calculated the S-Mean-Nearest-Taxon-Distance (SMNTD) for
each pair of microbe communities (i.e., individual hosts). SMNTD is the average phylogenetic
distance between each ASV in one individual host and its closest relative ASV in another
individual host. High SMNTD values mean that individual hosts have very different microbial
communities from one another. We compared the observed SMNTD to a null distribution of
BMNTD values generated by shuffling taxa labels across the tips of the phylogenetic tree to
randomize phylogenetic relationships among species. We then calculated SNTT as the number
of standard deviations the observed SMNTD deviated from the mean of the null distribution

(as in z-scores):

BMNTDobS - BMNTDnull (1)
Sd(ﬁMNTDnull)

BNTI =

The Raup-Crick metric (RC') quantifies the probability that two microbial communities differ in
species composition while accounting for differences in richness [48]. It compares the observed
number of shared ASVs (without considering ASV relatedness) between two hosts to a null
distribution, which is generated by randomly sampling from the species pool, with ASV selection

probabilities proportional to their frequencies. The metric is calculated as the count of observed



values that are more than or equal to the null similarity, scaled between -1 and +1:

RC =2 <#(0bserved shared ASVs < null shared ASVs) 0.5)

#total null iterations

(2)

where values approaching 1 indicate that two communities are less similar than expected by
chance, values near 0 indicate similarity consistent with random assembly, and values approaching

-1 suggest greater similarity than expected.

For each of the core and non-core groups, we inferred community assembly processes as follows
[43,44]. |BNTI| > 2 indicates dominance by deterministic processes such as environmental
filtering, as the observed phylogenetic turnover deviates significantly from that expected under
random turnover. Positive values (BNTI > 2) suggest heterogeneous selection, whereby environmental
differences among hosts filter microbial taxa differently, leading to higher-than-random phylogenetic
turnover. In contrast, negative values (SNTI < 2) indicate homogeneous selection, where
similar conditions across hosts favor the same microbial taxa, resulting in lower-than-random

phylogenetic turnover.

A |BNTI| < 2, indicates weak selection, whereby stochastic processes dominate. Within this
range, if RC > +0.95, dispersal limitation is inferred, meaning that while communities remain
phylogenetically similar, higher-than-random taxonomic turnover suggests that microbial dispersal
is restricted, preventing taxa from colonizing suitable hosts. Conversely, if RC < —0.95,
we infer homogenizing dispersal, where frequent microbial movement between hosts reduces
taxonomic differences, leading to more uniform community compositions. When |SNTI| < 2
and |RC| < 0.95, the process is classified as ecological drift—a stochastic process where random

fluctuations, rather than selection or dispersal, drive community composition (Figure S1).

We measured the relative contribution of each process to community assembly by calculating
the proportion of all rat individuals’ pairwise comparisons where the process was inferred. To
evaluate whether specific assembly processes generate the modular structure, we determined the
relative importance of each process separately for comparisons between hosts clustered within

the same module and those in different modules (Figure 1d-e).
Quantifying the effect of land-use on host-microbe network structure

To explore how land-use change impacts the network’s modular structure, we used transformation-based
redundancy analysis (tb-RDA), a constrained ordination technique that examines variation in
response variables explained by environmental predictors [49]. A Hellinger-transformed matrix
of the number of hosts in each module at each site served as the response variable. The
Hellinger transformation converts raw count data into the square root of relative abundances,
thus preserving ecological distances while reducing the disproportionate influence of rare instances.
To represent land-use change, we included three environmental gradients—vegetation, elevation,
and distance to the village center—as explanatory variables (see SI note 3 for details). Vegetation
was characterized using the first two principal components (PCs) from a PCA of eight vegetation
attributes. PC1 was primarily associated with high herbaceous cover and low tree cover, while
PC2 distinguished between different tree types. Distance to the village center served as a proxy
for human disturbance. The variables were standardized to a zero mean and unit variance. The

number of hosts at each site was included as a conditioning term to account for the influence



of host abundance before analyzing the effects of the main predictors. We excluded trapping
sites located inside villages from the analysis due to missing vegetation data. Additionally,
we removed the largest module in each network, as it spanned all sites and homogenized the
data. The significance of the overall tb-RDA model was tested using a Monte Carlo permutation
test with 999 runs. The significance of each explanatory variable was evaluated with a Monte
Carlo procedure (using the anova.cca function with term margins), applying Holm’s correction

to adjust p-values for multiple testing.
Software packages

All analyses were conducted in R (version 4.2.1) [50]. We used the R package informapecology
[42] (version 2.7.1) to calculate modularity. We calculated the SNTI and RC indices and null
models using the R packages iCAMP [51] and Vegan [52], respectively, RC, with 500 iterations
used for generating the null distributions. We used the Vegan [52] package for the tb-RDA

analysis.

Results

Core and non-core microbial networks are modular

As is common in microbial communities, the community was dominated by non-core microbes,
and even at the lowest threshold, non-core ASVs accounted for >70% of all ASVs (Figure
2a(i)). The connectance (i.e., the proportion of realized links out of all possible links) of the
core microbial network was consistently higher than that of the non-core network across all core
thresholds, ranging from 0.13 to 0.65 for the core group compared to 0.02 to 0.05 for the non-core
group (Figure 2a(ii)). This reflects the fact that core microbes occur in many more hosts than

non-core microbes.

Both core and non-core host-microbe networks exhibited modular structures across all core
thresholds. However, the non-core network was more fragmented, with a greater number of
smaller modules (Figure 2a(iii-iv)). For instance, at a core threshold of 0.2, the core group
network consisted of 11 modules with an average module size of 77 hosts, whereas the non-core
group network comprised 89 modules with an average module size of 9 hosts (Figure 2b). In
all core networks there was a single large module that spanned all sites and included 35-50% of
hosts (Figure 2a(v)). For the non-core group, this large module emerges and rapidly expands
(31-63% of hosts) as the core threshold increases beyond 0.15. At a core threshold of 0.2 the
largest module covers 48% of hosts in the core group and 45% of hosts in the non-core group
(Figure 2b).

The taxonomic composition varied significantly between the core and non-core groups across
all core thresholds due to differences in the relative abundance of microbial families (SI note
2). While the most abundant core and non-core microbial families remained consistent across
all core thresholds, the non-core group exhibited greater taxonomic variation between modules
(Figure 3). Specifically, the dominant families varied between modules in the non-core group,

whereas in the core group, taxonomic composition remained more stable.
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Figure 2: Modular structure of host-microbe networks. (a) Network properties of the core
(orange) and non-core (blue) microbial groups across a range of core thresholds. (i) The proportion
of ASVs classified as core and non-core at each core threshold, out of 1951 ASVs. (ii) Network
connectance (proportion of realized host-ASV links out of all possible ones). (iii) The number of
modules identified in the network. (iv) The average module size (i.e., the average number of hosts
per module). (v) The proportional size of the largest module in the network. The gray dashed
vertical line indicates a core threshold of 0.2. (b) Modular structure of the networks at a core
threshold of 0.2. Each column represents a module, and each row corresponds to a site. The cells
indicate the presence of hosts from a site within a module, with the color intensity reflecting the
relative abundance of hosts, out of all the hosts in the site (each row sums to 1). Sites are arranged
along a land-use gradient, from semi-intact forest [SIF], secondary forest [SF], brushy regrowth [BR],
agriculture [AGR], agroforest [AGF], flooded rice [FR], to the village [VL] (Table S1). The non-core
microbial network is fragmented into more and smaller modules, compared to the core microbial
network.
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Figure 3: Microbial taxa variation across modules and thresholds. Rows represent core and
non-core groups across different core thresholds, as shown in the columns. Bars indicate the relative
abundance of microbial families. Reads from all hosts within each module were aggregated, and data
are presented for the five largest modules (ordered 1-5 by size). All remaining modules are grouped
under " Other.” Each color represents a bacterial family, with only the eight most abundant families
from both core and non-core groups displayed. Less abundant families are combined and shown in
gray, while ASVs with no identified family are represented in black. The core and non-core groups
differed significantly in taxonomic composition across all thresholds, with non-core groups showing
greater variation across modules.
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Distinct processes drive the modular structure of core and non-core microbial
groups

The observed differences in modular structure between microbial groups suggest that they are
shaped by distinct ecological processes. To explore this further, we analyzed the assembly
processes driving variation within and between modules in each group. Our findings reveal
that distinct ecological mechanisms govern the modular organization of core and non-core
microbial groups (Figure 4). In core groups, microbiome variation between hosts within the
same module and across different modules is predominantly driven by ecological drift, a pattern
consistent across all core thresholds. For instance, at a core threshold of 0.2, drift accounted
for 63.2% of pairwise comparisons between hosts in different modules and 73.5% of comparisons
within modules. This pattern highlights the stable and ubiquitous nature of core microbes
across environmental conditions. The reduced influence of selection further amplifies the role
of stochastic processes, such as ecological drift, in driving microbiome variation and shaping

modular organization.

In contrast, selection primarily drives the assembly of non-core microbes. For instance, at a
core threshold of 0.2, variation between modules was explained predominantly by heterogeneous
selection (56.9%), followed by drift (36%), dispersal limitation (6.2%), and homogenous selection
(0.9%). In comparison, variation within modules was largely attributed to drift, ranging from
49.9% to 67%. At a core threshold of 0.2, within-module variation was driven by 31.3%
heterogeneous selection, 59.2% drift, 5.8% dispersal limitation, and 3.7% homogeneous selection.
This pattern suggests that local environmental conditions and host-specific factors select (i.e.,
heterogeneous selection) for phylogenetically distinct microbial communities, which are then

clustered into separate modules.
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Figure 4: Assembly processes of core and non-core microbial groups within and across
modules. Proportion of pairwise comparisons (y axis) between hosts clustered within the same
module or in different modules across a range of core thresholds (x axis). Each color represents
a specific assembly process. We inferred community assembly processes across all pairwise host
comparisons using the $-Nearest Taxon Index (SNTI) and the Raup-Crick metric (RC') (see Materials
and Methods). The relative contribution of each process was measured by the proportion of pairwise
comparisons where it was inferred. The vertical gray dashed line indicates a core threshold of 0.2.

Land-use change drives the modular structure of the non-core microbial network

To evaluate the impact of land-use change on the network’s modular structure, we examined
how the similarity of modules across sites aligned with the land-use gradient. In line with
our hypotheses, we found that environmental characteristics associated with different land-use
types consistently influenced module similarity across sites for the non-core microbial group.
This was shown by a significant tb-RDA across nearly all thresholds (0.1-0.5) (Figure 5a).
These findings also correspond to our finding that heterogeneous selection drives the non-core
modular structure of microbial communities. The variation explained by the model (adjusted
R?) ranged from 6.1% to 11.7%. For most thresholds, at least one explanatory variable was
significant in the model, with site vegetation and elevation being the most frequently significant
variables (Figure 5b). For instance, at a core threshold of 0.2, the model (F = 1.41, p < 0.01)
explained 10% of the variation in module composition, with vegetation and elevation being the

dominant factors (Figure 5c).

A different pattern emerged for the core microbial group, as the th-RDA was significant just

at the core thresholds of 0.05 and 0.5, explaining 9.3% and 18.3% of the variation, respectively
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(Figure 5a). Distance from the village center was the only marginally significant variable at
the core threshold of 0.5. At a core threshold of 0.2, the model was not significant (F = 1.21,
p = 0.218), explaining just 4.9% of the variation. This weak effect of land-use change aligns

with the earlier finding that deterministic processes play a relatively minor role in the core group

assembly.
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Figure 5: Similarity in composition of modules across environmental gradients. (a) Variation
in module composition explained (adjusted R?) by the transformation-based redundancy analysis
(tb-RDA) across a range of core thresholds for core (orange) and non-core (blue) microbial groups.
Filled and non-filled circles represent significant (p < 0.05) and non-significant models, respectively.
(b) The significance of explanatory variables. Filled cells indicate significant variables at specific core
thresholds, with colors corresponding to the microbial group, and their shades indicating significance
(dark, p < 0.05) or marginal significance (light, p < 0.1). The gray dashed line indicates a core
threshold of 0.2. (c) An example for the tb-RDA ordination of network modules at a core threshold
of 0.2. Each point represents a site, with colors indicating land-use type. Significant variables
are highlighted in red. Vegetationl is positively associated with herbaceous cover and height and
negatively associated with tree cover.

Discussion

Understanding how microbial communities assemble and respond to environmental change is
a fundamental question in ecology, with implications for host health and ecosystem function

[53,54]. In this study, we used a network-based approach to investigate the assembly processes
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shaping host-microbe interactions in non-native black rats that are replacing endemic species
along a land-use gradient in Madagascar. By applying a moving threshold to classify core and
non-core microbes, we captured nuances in microbiome structure and its drivers, while also
demonstrating the robustness of our main findings across arbitrary analytical thresholds. Our
results suggest that core and non-core microbial communities are governed by distinct processes:
non-core microbes were shaped primarily by deterministic forces, particularly heterogeneous
selection driven by environmental variation along the land-use gradient, whereas core microbes

were structured mainly by stochastic processes, with ecological drift playing a dominant role.

Communities of rat hosts and non-core microbes were highly modular, with a greater number of
smaller modules compared to core microbes. This pattern aligns with the expectation that
non-core microbes, which are more transient, respond strongly to selective pressures that,
in turn, structure the host-microbe network. The microbiomes of rats in different modules
varied primarily due to heterogeneous selection, whereas those within the same module were
phylogenetically similar and shaped mainly by ecological drift. The strong influence of heterogeneous
selection between modules suggests that environmental differences across land-use types act as
filters, structuring non-core microbial communities by selecting for taxa best suited to specific
conditions and potentially providing hosts with beneficial functions. These taxa are then
clustered into modules reflecting the host-microbe interactions under distinct conditions. This is
further supported by the statistically significant effect of land-use—particularly vegetation and
elevation—on module composition along the gradient: sites with more similar environmental
conditions tend to have more similar module composition, meaning that hosts in these areas
share more similar microbes. The adaptable nature of the non-core microbiome may facilitate

the success of rats as effective invaders across diverse land-use types [55].

Microbial communities comprise diverse microbes with varying attributes, such as differences in
prevalence, suggesting that multiple ecological processes shape their assembly [13,56]. However,
classifying microbes as core or non-core is often done arbitrarily, relying on threshold definitions
[22]. A flexible threshold approach, as applied in our study, offers a more comprehensive
understanding of microbial assembly and helps clarify the ecological forces shaping host—microbe
networks. Our results indicate that while patterns shifted gradually along the core threshold
gradient, they remained qualitatively consistent across different thresholds. This suggests that,
at least in our system, selecting a core threshold above a relatively low prevalence (~0.2%)
does not fundamentally alter the underlying assembly processes of microbial communities. In
other words, microbes with a prevalence below 0.2% appear to be the most sensitive to selective

pressures imposed by the environment.

These patterns can be further understood by examining specific microbial families. The most
abundant families, such as Lachnospiraceae, Muribaculaceae, Prevotellaceae, and Ruminococcaceae,
remain relatively consistent across all thresholds, supporting the host by aiding digestion and
producing essential metabolites [57-59]. However, their distribution is not uniform, with certain
families disproportionately abundant in specific modules. For example, Prevotellaceae plays a
key role in fermentative metabolism, breaking down carbohydrates and proteins [60]. Specifically,
the genus Prevotella helps digest plant-based polysaccharides and is associated with high-fiber

diets [61]. This family is most abundant in a module that primarily consists of hosts from
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herbaceous-dominated sites, suggesting a link between these microbes and the host diet. Additionally,
many rarer microbial families are restricted to specific modules and sites (e.g., Clostridiaceae
and Spirochaetaceae). These microbes may either provide hosts with specialized functions
adapted to particular environmental conditions or simply reflect distinct environmental microbial

communities [12,62].

Unlike non-core microbes, core microbial communities exhibited a less fragmented network
structure, characterized by fewer but larger modules that persisted across the land-use gradient.
At all core thresholds, ecological drift was the primary driver of host-microbe network structure,
influencing microbiome composition both within and between modules. Species turnover is
common in microbial communities, as random fluctuations in community composition occur
even in the absence of deterministic forces [18]. Consequently, hosts with relatively higher
taxonomic but not phylogenetic turnover were grouped into different modules. This suggests
that despite compositional shifts in taxa (ASVs), the microbiome maintained its phylogenetic
structure and potentially its functional integrity both within and across modules. This pattern
supports the idea that core microbes play essential roles in host metabolism and overall function
[23,25].

Notably, the composition of modules remained largely unchanged despite land-use variation,
indicating that the core microbiome remained relatively stable across different environmental
conditions. For example, the most abundant families— Lactobacillaceae, Muribaculaceae, and
Oscillospiraceae—known for their essential roles in metabolism and fiber digestion [63,64], were

consistently present across all modules and land-use types.

However, the impact of land-use on structuring the host-microbe network remains inconclusive
for both core and non-core microbes, a pattern demonstrated by two observations. First, a
single large module encompassed about half of the rat individuals and spanned all sites across
most thresholds, indicating that many hosts clustered together despite varying environmental
conditions. Second, the ordination test explained only ~10% of the variation in module composition
among non-core microbes across sites and was not significant for core microbes. These findings
suggest that factors not included in our models, such as direct and indirect interactions with

pathogens, may exert a stronger influence on selection pressures than land-use change [6,65].

One potential factor reducing the signal in the patterns we found is the fact that rats are mobile
and can move within and between sites [34], potentially obscuring direct site-specific effects.
The spatial mismatch between site-level environmental measurements and the finer scale at
which microbes respond to their surroundings may cause environmental variables to inadequately
capture the conditions experienced by microbial communities [66], ultimately contributing to the
low variation explained in our RDA model. Directly measuring the host’s diet could help address
this issue by providing more precise and relevant information about the gut environment, which
directly influences microbial community composition [16,67]. In addition, we lack direct and
detailed information on microbial function. Future studies would benefit from precise functional
measurements, obtained via whole-genome or shotgun sequencing, which provide a more direct
and comprehensive understanding of microbiome function [68,69], to investigate whether these

functional characteristics vary with land-use.

In conclusion, our findings indicate that core and non-core microbes are shaped by distinct
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ecological processes, with non-core microbes responding more strongly to environmental selection,
while core microbes remain relatively stable and are primarily influenced by stochastic forces.
These insights contribute to a deeper understanding of microbiome ecology in wild animal
populations, where environmental variability plays a key role in shaping microbial communities.
By integrating network analysis with a flexible moving threshold to define core and non-core
microbes, we provide new insights on microbiome assembly. This approach offers a powerful
framework for disentangling the complex interactions between hosts, microbes, and their environment,
with broad applicability across diverse systems and contexts, including land-use change, climate

change, and biological invasions.
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Figure S1: Inference of Community Assembly Processes. For core and non-core groups,
we inferred community assembly processes using SNTI and RC following [43,44]. Values of
|BNTI| > 2 indicate deterministic processes: positive values suggest heterogeneous selection, while
negative values indicate homogeneous selection. When |SNTI| < 2, stochastic processes dominate.
Within this range, dispersal limitation is inferred if RC' > +0.95, while homogenizing dispersal
is inferred if RC < —0.95. When both metrics fall within neutral ranges, ecological drift governs
community composition through random fluctuations. Colors represent distinct microbial community
compositions, with similar shades indicating phylogenetically related communities.
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Table S1: Summary of site characteristics.

Site Village Land-use Type No. of No. of Rats No. of Vegetation  Vegetation Distance to Elevation
ASVs Other SM PCi PC2 Village
Center (m)
1 A semi-intact forest 611 8 24 -4.665 1.544 2162.7 476.2
2 M semi-intact forest 521 8 37 -3.915 1.440 3650.7 275.6
3 A secondary forest 1180 43 39 -1.669 -1.266 1614.1 534.2
4 M secondary forest 1140 30 46 -1.979 -0.005 2887.1 202.0
) S secondary forest 1341 54 46 -0.919 -2.090 2215.4 783.8
6 A brushy regrowth 1067 30 55 2.766 -0.063 1249.9 388.3
7 M brushy regrowth 1462 60 65 -0.165 -2.082 2419.4 148.4
8 S brushy regrowth 1398 53 99 2.115 -0.442 734.1 593.3
9 A agriculture 932 21 59 -0.230 -0.282 1007.3 372.2
10 M agriculture 1382 63 93 1.672 -0.308 1800.9 131.0
11 S agriculture 1475 73 69 1.905 0.624 1014.5 601.0
12 A agroforest 1209 37 69 1.401 -0.227 617.5 265.3
13 M agroforest 1298 60 75 1.625 0.371 600.6 95.0
14 S agroforest 1429 69 38 0.896 0.031 2016.8 737.8
15 A flooded rice 860 19 44 2.042 1.170 513.1 105.5
16 M flooded rice 1468 69 82 1.758 0.367 1352.6 118.1
17 S flooded rice 524 7 75 1.110 2.066 496.0 481.4
18 A village 1359 72 14 - - 0.0 135.8
19 M village 1315 46 14 - - 0.0 93.7
20 S village 1191 33 22 - - 0.0 551.3




SI note 1: Study site and small mammals sampling

Small mammals were collected in the vicinity of three villages in the SAVA region of northeast
Madagascar, in the surroundings of Marojejy National Park. The village M (14.477049° S,
49.8147° E) was sampled between October 2019 and September 2020. A second village, S
(14.607567° S, 49.647759° E), was sampled between November 2020 and September 2021, while
a third village, A (14.397276° S, 49.8820° E), was sampled between October 2021 and August
2022. In each village, seven sites were sampled along a degradation gradient: (1) semi-intact
forest inside the national park, (2) secondary forest, (3) brushy regrowth (savoka), (4) agroforest
(vanilla plantation), (5) mixed agriculture (sugarcane/coffee plantation), (6) flooded rice, and
(7) the village (Table S1). At the semi-intact forest site in the village S, no rats were captured,
so the site was excluded from the analysis, resulting in a total of 20 sites. Sites in each village

setting were located ~500 m apart.

For sampling small mammals a 110 m X 110 m grid of 121 live traps (11x11) was established,
including 97 Sherman (H. B. Sherman Traps, Inc., Tallahassee, Florida, model LFA and XLK),
and 24 Tomahawk (Tomahawk Live Trap, Hazelhurst, Wisconsin, model 201), placed 10 m apart
and baited with peanut butter. Additionally, two pitfall lines were installed between 20-50 m
outside of the grid, running in parallel to the grid edge. Each pitfall line was 100 m in length,
with 11 buckets dug into the ground and placed every 10 m, and an 80 cm high vertical plastic
fencing oriented and stapled to vertical stakes and bisecting each bucket. Each plot was sampled

for six consecutive nights three times during the sampling period.
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Figure S3: Study site and sampling scheme. (a) Sampling was conducted in northeastern
Madagascar, across three villages near Marojejy National Park. (b) In each village, seven distinct
land-use types were sampled. The map illustrates the village M as an example. The images depict
typical landscapes from top to bottom: semi-intact forest, brushy regrowth, flooded rice fields, and
village plots. (c) In each plot, an 11x11 trapping grid consisting of a mix of Sherman and Tomahawk
traps was installed, along with two pitfall lines. A total of 855 Rattus rattus individuals were captured.
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SI note 2: Comparing microbial taxonomy of core and non-core groups

To examine taxonomic variation between core and non-core groups, we aggregated ASVs at the
family level for each core threshold. ASVs with unidentified families were excluded, resulting in
the analysis of 1,770 ASVs (90.72% of all ASVs) classified into 55 families. For each microbial
group at each core threshold, we summed the read counts for each family across all hosts.
Relative read abundance was then calculated by dividing by the total number of reads for each
microbial group and threshold combination. To assess differences in taxonomy, we calculated
the Bray-Curtis Dissimilarity Index between core and non-core groups at each threshold. The
groups differed significantly, with the Bray-Curtis index increasing from 0.35 at a threshold of
0.1 to 0.84 at a threshold of 0.45, indicating that core microbes belong to different families than
non-core microbes (Figure S4). A similar pattern was found for the relative abundance of

microbial families (Figure S5).
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Figure S4: Bray-Curtis Dissimilarity Index between core and non-core microbial groups.
Bray-Curtis was calculated at the aggregated family level across all core thresholds.
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Figure S5: Taxonomical classification of core and non-core microbial groups at the family
level. For better visualization, only families with a relative abundance greater than 1% are included.
[C]=Core; [N]=Non-core.
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SI note 3: Measuring environmental gradients across sites

To explore land-use change we measured three environmental gradients across sites: vegetation,
elevation, and the distance from the village center (Table S1). These variables collectively
capture much of the natural and anthropogenic variation along the land-use gradient. Elevation
was recorded at the center of each site. The distance to the nearest village was calculated as
the shortest distance from the village center to the site center, using the distHaversine function

from the geosphere R package.

In addition, we measured vegetation attributes in each site using 16 plots (5m x 5m) within the
sampling grid, conducting measurements three times during the sampling period. At each plot,
we assessed eight vegetation attributes: (1) Number of trees [n_trees] (2) Number of dead logs
[n_logs] (3) Tree diameter at breast height [tree_dbh] (4) Tree height (5) Percent canopy cover
[m_canopy_cv| (6) Number of Liana sp. [n_liana] (7) Herbaceous height [m_herb_ht] (8) Percent
herbaceous cover [m_herb_cv]. We averaged the measurements across all plots to calculate mean
values for each site. To explore vegetation variation between sites, we conducted a principal
component analysis (PCA). Prior to analysis, all variables were centered at 0 and rescaled to have
unit variance. The first two principal components explained 83.39% of the variation across sites
(PC1: 67.06%, PC2: 16.33%). Vegetation PC1 divides the more natural sites (Semi-intact forest
and Secondary forest) from the more disturbed sites. Accordingly, PC1 is positively correlated

with herbaceous cover and height and negatively correlated with tree-related variables.
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Figure S6: Vegetation PCA across land-use types. Each point in the ordination plot represents
a site, with the shape indicating the village and the color indicating the land-use type. The length
and direction of the arrows indicate the contribution of each vegetation variable to the first two PCA
components (PC1 and PC2).
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