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Abstract

Environmental change exposes ecosystems, including host-associated microbiomes, to
stressors that occur repeatedly and in sequence, yet it remains unclear whether prior stressor
history conditions host-microbiome responses to later perturbation. We used adult zebrafish
(Danio rerio) to test whether sequential exposure to antibiotics, heat stress, the intestinal
nematode Pseudocapillaria tomentosa, or pairwise stressor combinations altered gut
microbiome structure, intestinal host gene expression, and host health outcomes. Across eight
exposure regimes, prior stressor history and parasite exposure were associated with gut
microbiome composition, while increasing prior stressor history was associated with reduced
gut microbial diversity and convergence in community composition. Host intestinal
transcriptional responses to parasite exposure were historically contingent, with parasite-
associated differential gene expression varying non-linearly across prior stressor histories.
Cumulative mortality increased with prior stressor history, whereas infection prevalence among
surviving hosts decreased. Integrating microbial abundance, host gene expression, mortality,
and neutral-community modeling identified Cetobacterium, Culicoidibacter, Flavobacterium,
and Shewanella as candidate host-linked taxa associated with host response and survival.
Collectively, these findings indicate that prior environmental stressor history shapes vertebrate
host-microbiome responses to future perturbation and highlight specific gut microbial members
as potential biomarkers or functional targets for follow-up studies.
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Introduction

The Anthropocene is accelerating environmental change, exposing ecosystems and host-
associated communities to stressors that increasingly co-occur and recur [1-3]. Because
stressors can interact synergistically, antagonistically, or additively, multi-stressor responses
are often difficult to predict from single-stressor studies, and empirical syntheses show that
stressor suites frequently depart from additivity [4—6]. Climate-linked drivers are expected to
increase the repetition and sequencing of perturbations, including in host-microbiome systems
[7, 8]. Yet most multi-stressor work emphasizes concurrent exposures, leaving the sequence
and accumulation of prior perturbations, and how they shape host-associated microbiomes
and host responses to a later biotic challenge, largely untested [9]. Resolving this is central to
predicting the resilience of host-associated microbial ecosystems to anthropogenic stress [10].

Ecological theory offers a framework. Historical contingency predicts that the order and timing
of past events shape community structure and function [11, 12], and priority effects can amplify
these legacies when early perturbations alter the establishment of later organisms through
niche preemption or modification [13, 14], steering communities toward divergent ecological
states [15]. Host-associated microbiomes are a tractable system for testing how assembly
history shapes community and host responses under environmental change [16, 17], and
across hosts both stressor combination and cumulative stress history can shape host fitness
and microbiome-associated phenotypes [18, 19]. Building on this theory and evidence, we
hypothesize that historical stressors act as assembly filters that modify host-microbiome
structure and function and thereby condition responses to future disturbance.

We tested this in the zebrafish (Danio rerio), a vertebrate model well suited to controlled,
longitudinal, multifactorial designs that manipulate stressor order and whose gut microbiota are
experimentally accessible and environmentally responsive [20, 21]. Prior work links priority
effects and stressor-driven filtering to microbiome assembly and host-relevant outcomes in this
system [22], and work from our group shows that abiotic and biotic factors, including warmer
rearing temperatures and intestinal nematode exposure, shift gut microbiota composition and
assembly and associate with divergent host phenotypes [23—-25]. This foundation enables a
direct test of whether successive stressor exposure conditions the host-microbiome response
to a future perturbation.

Here, we asked whether successive stressor history conditions zebrafish host-microbiome
responses to a later perturbation, with three predictions: that prior antibiotic and thermal
exposure act as assembly filters, producing differences in gut community composition,
diversity, and dispersion across stressor histories; that distinct histories alter the intestinal
transcriptional response to a subsequent parasite challenge; and that cumulative mortality and
infection prevalence among survivors both increase with prior stressor history. We reared 720
adult zebrafish across eight regimes spanning all combinations of antibiotic exposure, heat
stress, and challenge with the intestinal nematode Pseudocapillaria tomentosa, applied
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sequentially (Figure 1; Table 1). Antibiotics and thermal stress represent increasingly common
anthropogenic and climate-linked pressures on gut microbial communities [26, 27], while the
nematode provides a biotic perturbation relevant to helminth infection of the vertebrate gut
[28]. We then integrated gut microbiome composition, intestinal gene expression, and host
outcomes to identify taxa associated with coordinated host-microbiome responses, clarifying
how prior stressor history shapes vertebrate host-microbiome responses to future perturbation.
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Figure 1: Experimental design schematic. Adult zebrafish (n = 720) were initially grouped
into one of eight different cohorts across 24 tanks corresponding to one of the eight different
pairwise combinations of exposure regimes, consisting of either no exposure (control),
antibiotics (A+/-), temperature (T+/-; heat stress) and/or parasites (P+/-; Pseudocapillaria
tomentosa) (1-2). For the antibiotic stressor, antibiotic-exposed fish were exposed to
antibiotics between days 0 and 14. (2-5) For the temperature stressor, (3-4) heat stressed
fish were exposed to a heat stress between days 18 and 25, with a temperature (2-3) ramp
up and (4-5) ramp down period (1-2°C/day) preceding and following the heat stress period
between days 14 to 18 and days 25 to 29, respectively. For the parasite stressor, parasite-
exposed fish were exposed to parasites between days 29 and day 60. (1-5) From days 0 to
29, fecal and gut microbiota samples were collected (n = 72 samples, or 3 samples per each
of the 3 replicate tanks per each exposure regimes). (6) At the final time point (day 60), fecal
and gut samples were collected from all the remaining surviving fish (n = 235). Additionally,
cumulative final mortality was assessed, and surviving fish were inspected for presence of
parasitic infection. Asterisks (“*”) indicate fewer samples than expected due to mortality or
post-processing filtering due to insufficient read counts, and “~” indicates average samples
across treatments in the case of the final time point number of samples/treatment.
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Table 1: Exposure regimes and prior stressor history. In addition to the control group,
there were seven treatments consisting of different pairwise combinations of exposure
regimes to antibiotics, heat stress, or parasite exposure. Prior to the final stressor of parasite
exposure, fish in these different exposure regimes were successively exposed to a different
number of prior stressor history, either zero, one, or two prior stressors.

Prior

Stressor | Antiblotics | Heat Stress | Parasite
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Results

Gut microbiota community displays historically contingent sensitivity in response to
parasite exposure

We first characterized the gut microbiota at day 60 across the eight exposure regimes and
prior stressor history levels (Figure 1; Table 1). Differential abundance analysis (MaAsLin3)
identified 12 genera that differed from the control regime (A- T- P-) in at least one regime and
11 genera associated with a linear prior-stressor-history contrast (Benjamini-Hochberg q < 0.1;
Tables S3.9.2, S3.9.7). Core zebrafish gut taxa were consistently present, with the most
prevalent genera including Aeromonas, Cetobacterium, Pseudomonas, Culicoidibacter,
Shewanella, and an unclassified Paracoccaceae genus (Figure 2A). Gut microbial diversity
tracked prior stressor history more than parasite exposure. In factorial models, temperature
was associated with Shannon and Simpson diversity, and an antibiotic-by-temperature
interaction with observed richness (Table S1.1.1). Across the prior-stressor-history gradient,
Simpson diversity declined significantly, Shannon showed a consistent but non-significant
decline, and richness showed no trend (Table S1.5.1; Figure 2B). Parasite exposure did not
significantly alter any diversity metric within a stressor-history level after correction (Table
S1.2.1). Community composition was shaped by both factors. PERMANOVA associated prior
stressor history and parasite exposure with composition under both Bray-Curtis and Canberra
distances, with a significant history-by-parasite interaction only for Canberra (Table S2.9.1;
Figure 2C). Beta dispersion also differed significantly across stressor-history levels (Table
S2.3.1; Figure 2D). Because dispersion heterogeneity can itself drive PERMANOVA, we
interpret prior stressor history as associated with both community location and dispersion,
parasite exposure as associated with compositional shifts, and the history-dependent parasite
effect as metric-dependent. Together, gut microbiota sensitivity to parasite exposure was
shaped by prior stressor history.
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Figure 2: Exposure regimes and prior stress history restructure gut microbiome
communities. A) Relative abundance of a subset of the most prevalent genera across
exposure regimes and number of prior stressors. Genera are ordered by most to least
prevalent. B) Gut microbial diversity displays a significant decreasing trend with increased
prior stress history. C) PCoA of gut microbiota community composition varies across prior
stressor history in the presence and absence of parasite exposure as measured by Bray-
Curtis. D) Beta dispersion varies between fish exposed to different numbers of prior stressor
but does not differ parasite exposed and unexposed fish with the same number of prior
stressors. Asterisks indicate significance levels (* = p <0.05, ** p < 0.01, *** =p < 0.001; ns =
not significant).
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Host gene expression shows non-additive response to parasite exposure

We next profiled intestinal host transcription across regimes at day 60. Because
Pseudocapillaria tomentosa burrows into the intestinal lining, we expected parasite exposure
to elevate differentially expressed gene (DEG) counts, and predicted that this response would
scale linearly with prior stressor history. As expected, parasite-exposed fish showed far more
DEGs than unexposed fish relative to controls (averaging 5,338 versus 78 DEGs; Benjamini-
Hochberg adjusted P < 0.05; Figure 3; Table S4.3.1). Counter to prediction, however, DEG
counts did not scale linearly: the response peaked at one prior stressor rather than two,
whether quantified per regime (one-stressor parasite regimes averaged 6,283 DEGs versus
4,964 at two prior stressors; Table S4.3.1) or by pooled stressor-history group (9,188 DEGs at
one versus 4,440 and 5,871 at zero and two; Table S4.2.1). Thus prior stressor exposure
modifies the host transcriptional response to infection non-additively, with the largest response
at intermediate stressor history.
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Figure 3: Total number of significant differentially expressed genes (DEGs) across
exposure regimes as identified by DESeq2. Blue bars indicate total number of significant
negatively (downregulate) associated DEGs and red bars indicate total number of significant
positively (upregulated) associated DEGs. Exposure regimes are compared to the control
group (A- T- P-). We find a non-additive trend in total number of significant DEGs and

number of prior stressor history among fish exposed to parasites.
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Mortality increases with cumulative stressor exposure independent of parasite
exposure

To test whether these patterns extended to host health, we examined mortality and infection at
day 60. Because cohousing and intermediate terminal sampling preclude continuous mortality
tracking, we estimated final mortality from the expected minus surviving fish per regime (about
45 fish expected per regime). Cumulative mortality rose from 18.9% at zero prior stressors to
31.1% at one and 55.6% at two, a nearly three-fold increase (Figure 4A), and a linear trend
test confirmed that mortality increased significantly with prior stressor history (binomial GLMM
with tank as a random effect; Table S5.13.1). This relationship held independent of parasite
exposure, which had no significant main or interaction effect on mortality (Table S5.14.1).
Infection prevalence among survivors did not increase with stressor history (83.8%, 59.7%,
and 60.0% across zero to two prior stressors; Figure 4B; Table S5.8.1), and neither the linear
trend nor pairwise contrasts were significant (Tables S5.5.1, S5.4.1). Mortality therefore
increased with cumulative stressor history while infection prevalence did not, an unexpected
dissociation we revisit below.
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Figure 4: Final cumulative mortality and infection prevalence trends show a
dissociation between mortality and infection prevalence trends. Trend analyses
between prior stressor history and A) final mortality and B) infection prevalence at day
60. Across both plots, the colored points indicate observed mortality (n = 24 tanks) or
infection prevalence (n = 12 tanks), and the black line and points show marginal model
predictions, with 95% confidence intervals (gray ribbon). Mortality rose with prior
stressor history while infection prevalence among survivors did not increase across the

same gradient.
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Culicoidibacter, Shewanella, Flavobacterium, and Cetobacterium abundance associates
with host gene expression and mortality

Building on these mortality patterns, we tested associations between genus abundance and
tank-level final mortality (MaAsLin3 with tank as a random effect). Four genera, Shewanella,
Culicoidibacter, Flavobacterium, and Cetobacterium, showed significant negative abundance-
mortality associations (Figure 5A; Tables S3.8.1, S3.9.4), indicating that higher abundance of
these taxa tracked lower final mortality.

We then asked whether these four genera also associated with host intestinal gene
expression. Using a two-stage procedure (Spearman screening followed by nonparametric
partial correlations adjusted for total worm burden, with Benjamini-Hochberg FDR control;
Table S6.6.1), each of the four carried at least one significant gene edge. Their profiles
differed: Culicoidibacter had few but the strongest edges (mean absolute partial correlation
0.744, nearly all positive), Flavobacterium the most edges (83, nearly all negative), and
Shewanella and Cetobacterium intermediate numbers of comparatively strong edges (Figure
5B; Tables S6.5.1-S6.5.4). No host gene was shared among the four (Table S6.4.1). These
genera were therefore consistently associated with both host gene expression and final
mortality.

To identify host functional themes linked to each genus, we tested KEGG pathway and Gene
Ontology over-representation on each genus’s significant partial-correlation gene list (Figure
5C; Tables S7.36.1-S7.39.1 for KEGG; Tables S7.17.1, S7.24.1, and S7.31.1 for GO). The
four genera nominated largely distinct programs: Flavobacterium-linked genes were enriched
for proteasome function, Culicoidibacter-linked genes for xenobiotic and drug metabolism via
cytochrome P450, cofactor biosynthesis, and related metabolic pathways, and Shewanella-
and Cetobacterium-linked genes for structural and signaling themes such as motor proteins,
cytoskeleton, and integrin signaling. Despite non-overlapping input gene sets, each genus
mapped to partitioned host functional themes rather than a shared program, consistent with
distinct host-microbe relationships among the four taxa.
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Figure 5: Culicoidibacter, Shewanella, Flavobacterium, and Cetobacterium
associations with host final mortality and host intestinal gene expression. A) Tank-
level final percent mortality versus log2 mean genus abundance of four focal taxa
(Culicoidibacter (red), Shewanella (blue), Flavobacterium (green), and Cetobacterium
(purple) across exposure regimes and tanks. Dots are filled by exposure regime and outline
color corresponds to taxon identity. Solid lines and ribbons represent model-based trends
with 95% confidence intervals colored by taxon identity. B) Partial-correlation-based
summary of associations between genus abundance (x-axis) and host intestinal gene
expression (y-axis). Dots are filled by the mean sign of their significant partial correlations
(blue = negative mean partial correlation, red = positive mean partial correlation). C) Dot plot
showing aggregated enrichment results for the top 15 most significant KEGG pathways
across the four focal taxa, dot color indicates focal taxa and dot size indicates the number of
enriched genes in that taxon-pathway combination, and horizontal position

indicates —log ;y(adjusted P-value). The x-axis is truncated between 5 and 17, indicated by a
discontinuity marker (...).
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Culicoidibacter, Shewanella, Flavobacterium, and Cetobacterium genera appear below
Sloan neutral model expectations

Finally, we asked whether the abundances of these four genera reflected neutral processes
(random dispersal, drift) or deterministic selection. We fit a Sloan neutral model to genus
occurrence frequency versus metacommunity relative abundance at day 60 (Figure 6; Tables
S8.6.2, S8.7.2, S8.8.2, and S8.9.2). All four focal genera fell below the neutral prediction,
indicating that neutral processes alone cannot explain their distributions and that each
occurred less frequently than expected for its abundance, consistent with being selected
against. Together with their associations with mortality and host gene expression, these
deviations provide a further line of evidence that Culicoidibacter, Shewanella, Flavobacterium,
and Cetobacterium track biologically meaningful host-microbiome variation. Collectively, the
gut microbiota responded to perturbation in a manner contingent on prior stress history, and
these taxa may help mediate host outcomes within that historical context.
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Figure 6: Fit of the Sloan neutral model at day 60. Each dot represents a unique genus
across all samples at day 60. The y-axis represents occurrence frequency and the x-axis
represents log10 mean relative abundance. Genera that occur more frequently than
predicted by the Sloan neutral model are filled red, and those that occur less frequently are
filled blue. The black dashed line indicates the model’s 95% confidence interval around the
model prediction (solid black line). The focal taxa of Culicoidibacter (red), Shewanella (blue),
Flavobacterium (green), and Cetobacterium (purple) genera occur below the Sloan neutral
model’s predictions.
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Discussion

Ecosystems and the organisms that inhabit them face increasing environmental stressors that
challenge their resiliency. Ecological theories of historical contingency and priority effects
predict that an ecosystem’s prior stressor exposure, by altering community structure and
function, shapes its response to future perturbations [12, 14], yet how strongly this applies to
vertebrate host-microbiome systems remains unexplored [9, 29]. Here, we asked whether
successive abiotic stressors (antibiotics and heat) restructure the zebrafish gut microbiome
and condition host intestinal transcription and health outcomes to a subsequent biotic stressor
(intestinal parasites).

Prior multi-stressor research spans many environments and host-associated systems [5, 30—
33]; our study extends it by asking how multiple successive historical stressors shape a
vertebrate host-microbiome system’s response to a later perturbation. We found that
cumulative stressor history shapes the endpoint structure of zebrafish gut communities,
consistent with priority effects and historical contingency, in which the order and timing of
colonization influence community structure and function. Each prior stressor may act as an
assembly and successional filter that narrows the set of viable community configurations (the
species pool) able to withstand later stressors. Consistent with host traits contributing to this
filtering, Stagaman et al. found that adaptive immunity filters the zebrafish gut microbiota by
reducing neutral assembly (e.g., dispersal) and increasing interindividual differences, though
such effects can be sensitive to shared-environment transmission [34]. Our observation that
gut diversity decreases and composition converges with more prior stressors supports this
view, indicating that microbiota structuring reflects historical exposure to successive stressors,
not only the number of co-occurring ones.

How strongly parasite exposure registers at the community level depended on prior stressor
history. Based on our earlier work with P. tomentosa [24, 35], we expected parasite exposure
to produce larger differences in diversity and composition, especially in fish with more prior
stressors. Instead, fish with fewer prior stressors showed greater interindividual heterogeneity,
regardless of parasite exposure. This contrasts with the Anna Karenina Principle (AKP) [36],
under which stressed hosts should be more variable, and with our prior work in which
temperature acted as a stronger selective force and parasite exposure added stochasticity,
with microbiota diverging toward multiple temperature-dependent stable states rather than an
AKP-like dysbiosis [24]. The pattern instead fits a homeorhetic framework [37], in which
stability reflects change along trajectories rather than return to a single static state. Two factors
may explain the discrepancy with our expectations: parasite exposure here was chronic rather
than single-dose, and, lacking intermediate sampling, endpoint patterns may be biased toward
survivors. Thus prior stressor history conditions how parasite exposure is expressed at the
community level, with endpoint structure reflecting both the final perturbation and the
preceding sequence of stressors.
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Host outcomes also tracked cumulative stress history, indicating organism-level consequences
of sequential perturbation. As predicted, mortality rose with prior stressor history, consistent
with work showing that multiple stressors alter host fitness [38—40] and that microbiome
context shapes responses to combined stressors [19, 41]. In Daphnia, for example, the
interaction between a cyanobacterial stressor and an oomycete parasite depended on
microbiome inoculum type, with an antagonistic survival effect only in hosts carrying a
laboratory-derived microbiome [19]. We similarly observed a non-significant antagonistic
relationship in which parasite-exposed fish had lower mortality than unexposed fish of similar
stressor history, though this differs from Godwin et al., who found heat stress exacerbates
mortality in parasite-exposed salmon [38]. The hygiene hypothesis offers one interpretive
frame, whereby limited exposure to immune-stimulating organisms can promote dysregulated
immunity and vulnerability to later challenges [42, 43]. Together these results suggest multi-
stressor survival effects are context-dependent and non-additive, not predictable from single-
stressor responses. Contrary to our third prediction, infection prevalence among survivors
decreased with prior stressor history. We interpret this as selective mortality: fish most
vulnerable to cumulative stress and parasite exposure likely died before final sampling, leaving
a more resilient surviving subset and producing an inverse mortality-infection relationship. This
implies a host-level filtering effect analogous to the microbiome filtering above, in which
successive stressors constrain not only which microbiota configurations persist but also which
hosts survive to be assessed.

Host intestinal transcription was likewise historically contingent and non-additive. Parasite-
associated differential gene expression (DEG) peaked in fish with one prior stressor and was
lower at zero or two, so the response did not scale linearly with cumulative stress. Among
parasite-unexposed fish, transcriptional divergence from the reference regime instead
increased with prior stressor number, indicating that cumulative stress alone progressively
altered the intestinal state, and our joint model identified genes with significant parasite-by-
stress-history interactions, supporting a host response that depends on prior context. Because
gut microbiota and host intestinal gene expression are tightly linked through immune,
metabolic, and barrier processes, and microbiome state can influence transcriptional plasticity
and stress tolerance [41, 44], the non-additive response we observed may partly reflect
differences in host-microbiome state across stress-history backgrounds. However, sampling
transcription only at the endpoint means we cannot resolve expression trajectories or separate
direct effects of cumulative stress, microbiome-associated shifts, selective mortality, and their
interactions. Overall, prior stress history appears to coordinate shifts in both microbiome
structure and host response, prompting us to ask which microbial taxa link these patterns to
host outcomes.

Integrating microbial abundance with host gene expression and mortality highlighted four gut
taxa as candidate host-linked members. Lower abundance of Cetobacterium, Culicoidibacter,
Flavobacterium, and Shewanella was associated with higher mortality, and each showed
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significant partial-correlation associations with intestinal gene expression after adjusting for
worm burden. All four are common zebrafish gut residents [21, 22, 45, 46]. Culicoidibacter had
few but particularly strong gene edges, enriched for xenobiotic and drug metabolism and
heme- and oxidoreductase-related functions plausibly relevant to stress tolerance; it
corresponds to the ZOR0006 lineage reported in zebrafish [47] and to a representative
characterized from Culicoides sonorensis larvae [48], and although its gut role is poorly
resolved, its recurrence and strong host associations make it a follow-up candidate.
Cetobacterium was linked to a small gene set implicating tissue remodeling and stress-
response programs, consistent with prior evidence that it modulates host metabolism and
improves zebrafish health as a probiotic [49-51]. Shewanella likewise showed gene-
expression associations, and gnotobiotic and community work indicates it can modulate
intestinal immune cell recruitment in zebrafish larvae [52, 53], supporting a context-dependent
host-interactive role.

Flavobacterium, by contrast, was linked to the largest host-gene set among the four, with
predominantly negative associations enriched for proteasome- and ubiquitin-associated protein
catabolism, RNA processing and splicing, and clathrin adaptor and coat complexes. This
requires caution: Flavobacterium is a diverse genus that includes fish-associated opportunistic
pathogens [54, 55], some reported in zebrafish [56], so the association between lower
abundance and higher mortality is not evidence of a uniformly beneficial role. It may instead be
a context-dependent member whose abundance reflects host physiological state, community
stability, or strain-level differences. Consistent with this, our partial correlations identify single-
taxon associations after worm-burden adjustment but do not resolve higher-order interactions
among taxa, so reduced Flavobacterium may signal broader disruption of community structure
rather than an isolated protective effect, making it a possible biomarker of host or community
state whose pathogenic outcomes arise only under particular conditions. Together, these
analyses highlight Cetobacterium, Culicoidibacter, Flavobacterium, and Shewanella as
candidate host-linked members whose abundance patterns are consistent with keystone-like
roles, context-dependent host interactions, or use as biomarkers of host state under
cumulative stress. Targeted follow-up will be needed to distinguish whether they contribute
causally to host outcomes, reflect host physiological condition, participate in community
interaction networks, or some combination.

Neutral-community modeling provided a complementary test of whether the four taxa’s
occurrence patterns were consistent with neutral assembly. Comparing each taxon’s
metacommunity occurrence to Sloan neutral predictions, as applied previously to the zebrafish
gut [22], all four fell below expectation, occurring less frequently than predicted from their
mean relative abundance. Neutral processes such as dispersal and drift are therefore
insufficient to explain their distributions, which may instead be shaped by non-neutral
processes including host or environmental filtering, stressor-associated niche constraints,
competition, or priority effects from prior community history. Alongside their associations with
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mortality and host gene expression, these deviations add evidence that Cetobacterium,
Culicoidibacter, Flavobacterium, and Shewanella track biologically meaningful host-
microbiome variation. These analyses do not, however, establish whether reduced occurrence
contributed to poor outcomes, resulted from stress-associated changes in the gut environment,
or reflected broader community restructuring; resolving this will require temporal sampling,
mono- and co-colonization experiments, and defined-community perturbations.

Collectively, host-microbiome responses to perturbation were historically contingent on prior
stressor history. Integrating gut microbiota, host gene expression, health outcomes, and
neutral-model analyses, we nominate Cetobacterium, Culicoidibacter, Flavobacterium, and
Shewanella as candidates for follow-up, either as putative keystone-like taxa or as biomarkers
of host state under cumulative stress. These results argue that prior stressor history, not only
concurrent stressor combinations, should be considered when interpreting multi-stressor
experiments in host-associated systems, and that stressor sequence should be incorporated
when forecasting host-microbiome responses to Anthropocene-linked pressures. Testing
whether specific taxa causally shape host outcomes, and building predictive models, will
require temporal sampling and functional assays.
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Methods

Ethical approval

All animal procedures were approved by the Oregon State University Institutional Animal Care
and Use Committee (IACUC protocol 2022-0280) and conducted in accordance with
institutional and national guidelines for the care and use of laboratory zebrafish.

Experimental design and stressor history

We tested whether sequential environmental stressor history conditions host-microbiome
responses to a later biotic challenge in adult zebrafish (Danio rerio, 5D strain). Seven hundred
twenty fish were distributed across 24 tanks (three replicate tanks per treatment) in a fully
factorial design crossing antibiotic exposure (A+ or A-), heat stress (T+ or T-), and intestinal
nematode exposure (Pseudocapillaria tomentosa; P+ or P-), yielding eight exposure regimes
(AxTxP<). Stressors were applied sequentially over 60 days rather than concurrently, so that
regimes differed in the number of prior stressors experienced before the final parasite phase
(0, 1, or 2 prior stressors; Table 1).

Antibiotic-exposed fish received medicated gelatin feed containing streptomycin, ciprofloxacin,
and ampicillin (50 ug g™' body weight per day) from days 0-14. Heat-stressed fish experienced
a ramp from 28 °C to 35 °C between days 14-18, maintenance at 35 °C through day 25, and
return to 28 °C by day 29. Parasite-exposed fish received continuous exposure to P.
tomentosa eggs via flow-through effluent from infected donor tanks from days 29-60, following
established Sharpton and Kent Lab helminth challenge procedures [24, 25, 28]. Control fish
(A-T-P-) experienced matched handling without antibiotics, without heat ramp, and without
parasite effluent.

Animal husbandry

Fish were reared under standard Sharpton and Kent Lab zebrafish husbandry (Supplementary
Methods): recirculating aquaculture, 14:10 h light:dark cycle, and diet consistent across tanks
unless otherwise noted for antibiotic delivery. Tanks were cohoused by exposure regime;
individual fish were not uniquely tagged. This cohousing structure motivated endpoint-only
mortality estimation and tank-level inferential models (see below).

Sampling and host phenotyping

Fecal and intestinal microbiota samples were collected at days 0, 14, 29, and 60 (three fish per
tank per time point when available). At day 60, all remaining survivors were sampled, yielding
235 fish with sufficient 16S data after quality filtering. Intestinal tissue for RNA sequencing was
collected from a subset of day-60 fish with paired microbiome data (Supplementary Methods).

Cumulative mortality was assessed at day 60 only. Because intermediate sampling removed
fish from tanks and fish were cohoused without individual IDs, daily mortality could not be
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tracked continuously. We therefore estimated final cumulative percent mortality per exposure
regime as:

(expected fish per regime at day 60 — surviving fish sampled at day 60)
/ expected fish per regime X 100

where expected fish per regime reflects starting stocking (90 fish per regime across three
tanks) minus documented removals at intermediate sampling time points (~45 fish expected
per regime at day 60 after intermediate terminal sampling). Tank was the unit of observation for
mortality models (24 tanks).

Infection prevalence and worm burden were assessed for all fish. No infection was detected
among parasite unexposed fish, so infection prevalence and worm burden were quantified
among parasite-exposed (P+) day-60 survivors only. Unexposed (P-) fish were not included in
infection prevalence or burden summaries because they were not challenged with P,
tomentosa. For each P+ tank with day-60 survivors, infection prevalence was computed as
infected fish divided by sampled survivors. Worm burden was summarized descriptively as
mean total worm count per sampled P+ survivor and, separately, mean burden among infected
fish only. Infection prevalence was modeled with tank-level binomial GLMMs on P+ day-60
survivors (~12 P+ tanks with survivors at endpoint). Parasite exposure (P+ vs P-) entered
mortality models as a binary fixed effect but was not used as a worm-burden covariate in
infection summaries.

16S rRNA gene sequencing and microbiome processing

Gut microbiome profiling followed our published zebrafish 16S workflow (Sieler et al. 2023,
2025; see Supplementary Methods for PCR, sequencing platform, DADA2 parameters,
taxonomy assignment, and filtering). Briefly, V4-region amplicons were processed to amplicon
sequence variants (ASVs), assigned with the SILVA reference, and aggregated to genus level
for downstream analyses. Analyses presented in the main text focus on day-60 samples
unless noted.

RNA sequencing and differential gene expression

Intestinal RNA was extracted from day-60 samples and processed with standard lllumina
library preparation and paired-end sequencing (Supplementary Methods). Salmon
quantification yielded gene-level counts. We conducted two complementary DESeq2 designs
on filtered genes: (1) per exposure-regime contrasts versus the A-T-P- reference (eight
regimes; main-text Figure 3 spine), and (2) a pooled-by-prior-stressor-history model grouping
parasite-exposed fish by history level (0, 1, or 2 prior stressors) to test history-dependent
transcriptional responses (Table S4.2.1). Significant differentially expressed genes (DEGs)
were declared at Benjamini-Hochberg adjusted P < 0.05. The A-T-P- reference regime was
omitted from bar-chart display because it is the contrast baseline.
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Microbiome community analyses

Alpha diversity

Genus-level Shannon diversity [57], inverse Simpson diversity [58], and observed genus
richness were analyzed with beta regression GLMMs (gimmTMB [59]; logit link) including
random intercepts for tank: y ~ HistoryLevelNum x Parasite + (1 | Tank.ID) for stress-history
gradients, and factorial Antibiotics x Temperature x Parasite models with tank random effects
for exposure-regime effects. Type-Ill Wald tests and emmeans contrasts were used for fixed
effects [60, 61]; pairwise parasite contrasts within each history level received Benjamini-
Hochberg false discovery rate (FDR) correction across strata [62, 63].

Compositional variation and dispersion

Bray-Curtis [64] and Canberra [65] dissimilarities among genus-relative-abundance profiles
were tested with PERMANOVA (distance ~ HistoryLevelNum x Parasite; 999 permutations,
seed 42) and betadisper ANOVAs on group dispersions [66, 67]. Main-text models treat fish as
exchangeable units under permutation (no tank stratum).

Differential abundance

Genus-level differential abundance at day 60 was estimated with MaAsLin3 [68] (TSS
normalization, log transform) using tank random-effect models for primary manuscript tables:
exposure-regime contrasts versus A-T-P-, linear prior-stressor-history trends, and parasite
effects (~ Treatment + (1 | Tank.ID) or ~ HistoryLevelNum + (1 | Tank.ID) as appropriate). Cited
main-text results use tank models (e.g., Tables S3.8.1, S3.9.2, S3.9.4, S3.9.7). Sensitivity
models without tank random effects are retained in supplements where noted.

Host-microbiome integration

Taxon-mortality associations

Tank-level final percent mortality was regressed on genus log, abundance with MaAsLin3 [68]
including (1 | Tank.ID) to identify taxa whose abundance tracked mortality (Table S3.8.1).

Partial correlation networks

We tested associations between genus relative abundance and host intestinal gene
expression using a two-stage procedure on day-60 samples with paired RNA and 16S data.
First, Spearman correlations were screened across exposure-regime pairwise contrasts versus
A-T-P-; second, retained gene-taxon pairs were tested with nonparametric partial correlations
(nptest::np.cor.test) adjusting for total worm count as a continuous covariate, as previously
described [25]. Partial-correlation P values were FDR-controlled at 0.10 for network edges
(Table S6.6.1). Worm burden was set to zero for unexposed (P-) RNA samples with missing
burden (structural zeros); mortality and infection models instead use parasite exposure as a
binary indicator and P+-only subsets for burden summaries, respectively (see Sampling and
host phenotyping).
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Functional enrichment

For each focal genus with significant partial-correlation edges, host genes passing the partial-
correlation FDR threshold were tested for over-representation of KEGG pathways and Gene
Ontology terms (biological process, molecular function, cellular component) using
clusterProfiler (org.Dr.eg.db; organism dre). Enrichment used the submitted gene list per
genus without an explicit genome-wide expression universe (Supplementary Methods);
interpretation focuses on ranked terms (Figure 5C; Tables S7.36.1-S7.39.1 for KEGG; Tables
S7.17.1,S7.24.1, and S7.31.1 for GO).

Sloan neutral community model

At day 60 we fit a Sloan neutral model relating genus occurrence frequency to metacommunity
mean relative abundance [69, 70], with bootstrap confidence intervals for the neutral
expectation (1,000 resamples, seed 42). Focal genera were compared to the model prediction
to classify occurrence above or below neutral expectation (Figure 6; Tables S8.6.2, S8.7.2,
S8.8.2, and S8.9.2).

Significance testing and reporting

Unless stated otherwise, two-sided tests were evaluated at a = 0.05. Multiple testing was
controlled within analysis families by Benjamini-Hochberg FDR: alpha-diversity Wald and
pairwise contrasts; PERMANOVA and betadisper follow-up tests where noted; MaAsLin3
gval_individual < 0.05 for primary taxon screens (joint g < 0.1 reported for multi-feature
MaAsLin summaries in supplements); DESeq2 adjusted P < 0.05 for DEGs; partial-correlation
FDR < 0.10 for network edges (Spearman screen FDR < 0.05); enrichment adjusted P < 0.10
for reporting ranked pathways. Main-text Results report effect direction and magnitude; test
statistics, degrees of freedom, and exact P values appear in cited supplementary tables.

Mortality trend contrast

Tank-level mortality was modeled as cbind(dead, alive) ~ HistoryLevelNum + (1 | Tank.ID)
(main trend) and cbind(dead, alive) ~ HistoryLevelNum x Parasite + (1 | Tank.ID) (joint test).
The reported odds ratio for the history gradient is from a linear polynomial contrast on the log-
odds scale (emmeans::contrast(..., “poly”)) testing monotonic increase across history levels 0
— 1 — 2. This OR is not equivalent to a simple two-level marginal odds ratio between extreme
groups on the response scale (Table S5.13.1).

Data availability

Raw 16S and RNA-seq reads are available from NCBI BioProject PRINA1482558 (SRA). All
code and associated files can be found on the project github page:
https://github.com/sielerim/zebrafish-stress-contingency-2026.



https://github.com/sielerjm/zebrafish-stress-contingency-2026
https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

475
476
477
478

479

480
481
482
483

484

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

Funding

This work was supported in part by a National Science Foundation grant (#2025457) to TJS,
and a fellowship to MS offered by the Oregon Department of Fish and Wildlife.

Author Contribution

TJS and MLK conceived and designed the study. MJS, CL, and KK conducted the
experiments. MJS and TJS performed the gut microbiome and integrated analyses. MJS
prepared the figures. MJS, TJS, CL, KK, and MLK contributed to the preparation and editing of
the manuscript. All authors read and approved the final manuscript.


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

485
486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

References
1. Crutzen PJ. The “Anthropocene”. In: Ehlers E, Krafft T (eds), Earth System Science in the

Anthropocene. Berlin, Heidelberg: Springer, 2006, 13—-18.

2. Otto SP. Adaptation, speciation and extinction in the Anthropocene. Proc R Soc B
2018;285:20182047. https://doi.org/10.1098/rspb.2018.2047

3. Orr JA, Rillig MC, Jackson MC. Similarity of anthropogenic stressors is multifaceted and
scale dependent. Natural Sciences 2022;2:€20210076.
https://doi.org/10.1002/ntls.20210076

4. Jackson MC et al. Net effects of multiple stressors in freshwater ecosystems: a meta-
analysis. Global Change Biology 2016;22:180—-189. https://doi.org/10.1111/gcb.13028

5. Rillig MC et al. The role of multiple global change factors in driving soil functions and
microbial biodiversity. Science 2019;366:886—890.
https://doi.org/10.1126/science.aay2832

6. Bi M etal. Number and dissimilarity of global change factors influences soil properties and
functions. Nat Commun 2024;15:8188. https://doi.org/10.1038/s41467-024-52511-2

7. Sydeman WJ et al. Climate change and marine vertebrates. Science 2015;350:772—777.
https://doi.org/10.1126/science.aac9874

8. Peixoto RS, Voolstra CR. The baseline is already shifted: marine microbiome restoration
and rehabilitation as essential tools to mitigate ecosystem decline. Front Mar Sci
2023;10:1218531. https://doi.org/10.3389/fmars.2023.1218531

9. Alum EU et al. Gut Microbiota Resilience and Environmental Stressors: A Hidden Key to
Lifespan Optimization? Probiotics & Antimicro Prot 2026. https://doi.org/10.1007/s12602-

026-10976-1


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

10. Relman DA. The human microbiome: ecosystem resilience and health. Nutrition Reviews
2012;70:S2-89. https://doi.org/10.1111/j.1753-4887.2012.00489.x

11. Lewontin R. The Meaning of Stability. 1969;22:13-24.

12. Fukami T. Historical Contingency in Community Assembly: Integrating Niches, Species
Pools, and Priority Effects. Annu Rev Ecol Evol Syst 2015;46:1-23.
https://doi.org/10.1146/annurev-ecolsys-110411-160340

13. Shulman MJ et al. Priority Effects in the Recruitment of Juvenile Coral Reef Fishes.
Ecology 1983;64:1508—1513. https://doi.org/10.2307/1937505

14. Debray R et al. Priority effects in microbiome assembly. Nat Rev Microbiol 2022;20:109—
121. https://doi.org/10.1038/s41579-021-00604-w

15. Chase JM. Community assembly: when should history matter? Oecologia 2003;136:489—
498. https://doi.org/10.1007/s00442-003-1311-7

16. Sommer F et al. The resilience of the intestinal microbiota influences health and disease.
Nat Rev Microbiol 2017;15:630-638. https://doi.org/10.1038/nrmicro.2017.58

17. Martino C et al. Microbiota succession throughout life from the cradle to the grave. Nat
Rev Microbiol 2022;1-14. https://doi.org/10.1038/s41579-022-00768-z

18. Wang T et al. Metagenomic analysis reveals how multiple stressors disrupt virus—host
interactions in multi-trophic freshwater mesocosms. Nat Commun 2025;16:7806.
https://doi.org/10.1038/s41467-025-63162-2

19. Houwenhuyse S et al. Natural and lab-derived microbiomes differentially shape stressor
interaction patterns of Daphnia magna. The ISME Journal 2025;19:wrae249.

https://doi.org/10.1093/ismejo/wrae249


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

20. Douglas AE. Simple animal models for microbiome research. Nat Rev Microbiol
2019;17:764-775. https://doi.org/10.1038/s41579-019-0242-1

21. Stagaman K, Sharpton TJ, Guillemin K. Zebrafish microbiome studies make waves. Lab
Anim (NY) 2020;49:201-207. https://doi.org/10.1038/s41684-020-0573-6

22. Stephens WZ et al. The composition of the zebrafish intestinal microbial community varies
across development. ISME J 2016;10:644—654. https://doi.org/10.1038/ismej.2015.140

23. Sieler MJ et al. Disentangling the link between zebrafish diet, gut microbiome succession,
and Mycobacterium chelonae infection. anim microbiome 2023;5:38.
https://doi.org/10.1186/s42523-023-00254-8

24. Sieler MJ et al. Modeling the zebrafish gut microbiome’s resistance and sensitivity to
climate change and parasite infection. Front Microbiomes 2025;4.
https://doi.org/10.3389/frmbi.2025.1605168

25. Hammer AJ et al. Gut microbiota metabolically mediate intestinal helminth infection in
zebrafish. mSystems 2024;9. https://doi.org/10.1128/msystems.00545-24

26. Bradshaw A. Abundance and absence: Human-microbial co-evolution in the
Anthropocene. The Anthropocene Review 2024;11:26-48.
https://doi.org/10.1177/20530196231153925

27. Greenspan SE et al. Warming drives ecological community changes linked to host-
associated microbiome dysbiosis. Nat Clim Chang 2020;10:1057—1061.
https://doi.org/10.1038/s41558-020-0899-5

28. Kent ML et al. Pseudocapillaria Tomentosa, a Nematode Pathogen, and Associated
Neoplasms of Zebrafish (danio Rerio) Kept in Research Colonies. Comparative Medicine

2002;52:354—-358.


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

29. Costello EK et al. The Application of Ecological Theory Toward an Understanding of the
Human Microbiome. Science 2012;336:1255-1262.
https://doi.org/10.1126/science.1224203

30. Rongstock R et al. Global change factors differ in effect when acting alone and in a multi-
factor background. Nat Commun 2026;17:425. https://doi.org/10.1038/s41467-025-68155-
9

31. Uren Webster TM et al. Environmental plasticity and colonisation history in the Atlantic
salmon microbiome: A translocation experiment. Molecular Ecology 2020;29:886—898.
https://doi.org/10.1111/mec.15369

32. Kong X et al. Ecosystems have multiple interacting processes that buffer against co-
occurring stressors. Trends in Ecology & Evolution 2025;S0169534725000576.
https://doi.org/10.1016/j.tree.2025.03.002

33. Sures B, Nachev M. Effects of multiple stressors in fish: how parasites and contaminants
interact. Parasitology 2022;149:1822—-1828. https://doi.org/10.1017/s0031182022001172

34. Stagaman K et al. The role of adaptive immunity as an ecological filter on the gut
microbiota in zebrafish. The ISME Journal 2017;11:1630-1639.
https://doi.org/10.1038/ismej.2017.28

35. Gaulke CA et al. A longitudinal assessment of host-microbe-parasite interactions resolves
the zebrafish gut microbiome’s link to Pseudocapillaria tomentosa infection and pathology.
Microbiome 2019;7:10. https://doi.org/10.1186/s40168-019-0622-9

36. Zaneveld JR, McMinds R, Vega Thurber R. Stress and stability: applying the Anna
Karenina principle to animal microbiomes. Nat Microbiol 2017;2:17121.

https://doi.org/10.1038/nmicrobiol.2017.121


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

37. Waddington CH. The Strategy of the Genes, 1st edn. London: Routledge, 1957.

38. Godwin SC et al. Increasing temperatures accentuate negative fitness consequences of a
marine parasite. Sci Rep 2020;10. https://doi.org/10.1038/s41598-020-74948-3

39. Arrigo KR et al. Synergistic interactions among growing stressors increase risk to an Arctic
ecosystem. Nat Commun 2020;11. https://doi.org/10.1038/s41467-020-19899-z

40. Canosa LF, Bertucci JI. The effect of environmental stressors on growth in fish and its
endocrine control. Front Endocrinol 2023;14. https://doi.org/10.3389/fendo.2023.1109461

41. Fontaine SS, Kohl KD. The microbiome buffers tadpole hosts from heat stress: a
hologenomic approach to understand host—microbe interactions under warming. Journal
of Experimental Biology 2023;226:jeb245191. https://doi.org/10.1242/jeb.245191

42. Altmann DM. Review series on helminths, immune modulation and the hygiene
hypothesis: Nematode coevolution with adaptive immunity, regulatory networks and the
growth of inflammatory diseases. Immunology 2009;126:1-2.
https://doi.org/10.1111/j.1365-2567.2008.03006.x

43. Santiago HC, Nutman TB. Human Helminths and Allergic Disease: The Hygiene
Hypothesis and Beyond. The American Society of Tropical Medicine and Hygiene
2016;95:746-753. https://doi.org/10.4269/ajtmh.16-0348

44. Nichols RG, Davenport ER. The relationship between the gut microbiome and host gene
expression: a review. Hum Genet 2021;140:747-760. https://doi.org/10.1007/s00439-020-
02237-0

45. Roeselers G et al. Evidence for a core gut microbiota in the zebrafish. ISME J

2011;5:1595-1608. https://doi.org/10.1038/ismej.2011.38


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

46. Sharpton TJ et al. Phylogenetic Integration Reveals the Zebrafish Core Microbiome and
Its Sensitivity to Environmental Exposures. Toxics 2021;9:10.
https://doi.org/10.3390/toxics9010010

47. Garibay-Valdez E et al. Deciphering the gut microbiota of zebrafish, the most used fish as
a biological model: A meta-analytic approach. Comparative Biochemistry and Physiology
Part A: Molecular & Integrative Physiology 2024;297:111713.
https://doi.org/10.1016/j.cbpa.2024.111713

48. Neupane S et al. Culicoidibacter larvae gen. nov., sp. nov., from the gastrointestinal tract
of the biting midge (Culicoides sonorensis) larva, belongs to a novel lineage
Culicoidibacteraceae fam. nov., Culicoidibacterales ord. nov. and Culicoidibacteria classis
nov. of the phylum Firmicutes. International Journal of Systematic and Evolutionary
Microbiology 2020;70:6482—-6490. https://doi.org/10.1099/ijsem.0.004543

49. Wang A et al. Intestinal Cetobacterium and acetate modify glucose homeostasis via
parasympathetic activation in zebrafish. Gut Microbes 2021;13:1-15.
https://doi.org/10.1080/19490976.2021.1900996

50. Xie M et al. Stabilized fermentation product of Cetobacterium somerae improves gut and
liver health and antiviral immunity of zebrafish. Fish & Shellfish Immunology 2022;120:56—
66. https://doi.org/10.1016/j.fsi.2021.11.017

51. Liao X et al. Vitamin D influences gut microbiota and acetate production in zebrafish (
Danio rerio ) to promote intestinal immunity against invading pathogens. Gut Microbes

2023;15:2187575. https://doi.org/10.1080/19490976.2023.2187575


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

52. Rolig AS et al. Individual Members of the Microbiota Disproportionately Modulate Host
Innate Immune Responses. Cell Host & Microbe 2015;18:613-620.
https://doi.org/10.1016/j.chom.2015.10.009

53. Murdoch CC, Rawls JF. Commensal Microbiota Regulate Vertebrate Innate Immunity-
Insights From the Zebrafish. Front Immunol 2019;10:2100.
https://doi.org/10.3389/fimmu.2019.02100

54. BERNARDET J-F et al. Cutting a Gordian Knot: Emended Classification and Description
of the Genus Flavobacterium, Emended Description of the Family Flavobacteriaceae, and
Proposal of Flavobacterium hydatis nom. nov. (Basonym, Cytophaga aquatilis Strohl and
Tait 1978). International Journal of Systematic and Evolutionary Microbiology
1996;46:128-148. https://doi.org/10.1099/00207713-46-1-128

55. Declercq AM et al. Columnaris disease in fish: a review with emphasis on bacterium-host
interactions. Vet Res 2013;44:27. https://doi.org/10.1186/1297-9716-44-27

56. Li N et al. The Type IX Secretion System Is Required for Virulence of the Fish Pathogen
Flavobacterium columnare. Appl Environ Microbiol 2017;83:e01769-17.
https://doi.org/10.1128/AEM.01769-17

57. Shannon CE. A Mathematical Theory of Communication. Bell System Technical Journal
1948;27:379-423. https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

58. Simpson EH. Measurement of Diversity. Nature 1949;163:688—688.
https://doi.org/10.1038/163688a0

59. Brooks M et al. gimmTMB: Generalized Linear Mixed Models using Template Model

Builder. 2017. 2017., 1.1.14


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

available under a CC-BY-NC 4.0 International license.

Wald A. Sequential Tests of Statistical Hypotheses. In: Kotz S, Johnson NL (eds),
Breakthroughs in Statistics. New York, NY: Springer New York, 1992, 256—-298.

Lenth RV. emmeans: Estimated Marginal Means, aka Least-Squares Means. 2017. 2017.
,1.10.7

Searle SR, Speed FM, Milliken GA. Population Marginal Means in the Linear Model: An
Alternative to Least Squares Means. The American Statistician 1980;34:216-221.
https://doi.org/10.1080/00031305.1980.10483031

Benjamini Y, Yekutieli D. The control of the false discovery rate in multiple testing under
dependency. Ann Statist 2001;29. https://doi.org/10.1214/a0s/1013699998

Bray JR, Curtis JT. An Ordination of the Upland Forest Communities of Southern
Wisconsin. Ecological Monographs 1957;27:325-349. https://doi.org/10.2307/1942268
Lance G, Williams WT. Mixed-Data Classificatory Programs | - Agglomerative Systems.
1967:1.

Anderson MJ. Permutational Multivariate Analysis of Variance ( PERMANOVA ). In: Kenett
RS et al. (eds), Wiley StatsRef: Statistics Reference Online, 1st edn. Wiley, 2017, 1-15.
Oksanen J et al. The vegan Package. 2009.

Nickols WA et al. MaAsLin 3: Refining and extending generalized multivariable linear
models for meta-omic association discovery. 2024.
https://doi.org/10.1101/2024.12.13.628459

Burns AR et al. Contribution of neutral processes to the assembly of gut microbial
communities in the zebrafish over host development. ISME J 2016;10:655—-664.

https://doi.org/10.1038/ismej.2015.142


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

663

664

665

666

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.05.734762; this version posted July 6, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

70. Sloan WT et al. Quantifying the roles of immigration and chance in shaping prokaryote
community structure. Environmental Microbiology 2006;8:732—740.

https://doi.org/10.1111/j.1462-2920.2005.00956.x


https://doi.org/10.64898/2026.07.05.734762
http://creativecommons.org/licenses/by-nc/4.0/

