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Host genotype and macro-chromosomal inversions influence gene

expression and microbiome assembly in a complex holobiont

ABSTRACT

Genome architecture and gene regulation can influence phenotypes without requiring new
mutations. In multicellular organisms, these processes operate within holobionts, where host
fitness depends on interactions with associated microbial communities. However, how
structural genomic variation influences gene regulation and microbiome assembly in natural
populations remains poorly understood. Here we investigate the non-native ascidian Styela
plicata, a lower chordate harbouring four chromosomal inversions and a rich microbiome.
Using integrative genomic, transcriptomic, and microbiome analyses across populations and
inversion karyotypes, we show that inversion karyotypes are associated with extensive genome-
wide shifts in gene expression beyond the inversions. While population-specific genetic
variation structures overall microbiome diversity, we find specific karyotypes associated with
shifts in microbial taxa with putative host-associated functions. We also identify widespread
correlations between host overexpressed genes featuring functions enriched in lipid metabolism
and immune signalling pathways, and the abundance of specific microbes involved in host—
microbe homeostasis. Together, our results demonstrate that holobiont adaptation emerges from
the interplay between genome architecture, transcriptional regulation, and microbiome
assembly, revealing chromosomal inversions as key modulators of host—-microbe evolutionary

dynamics.

Keywords: Styela plicata, Whole genome sequencing, host transcriptome, microbiome, chromosome inversions,

host-symbiont association, non-native species

Abbreviations: WGS=Whole Genome Sequencing, DEG=Differentially Expressed Gene, ASV=Amplicon
Sequence Variant, iASV=indicator Amplicon Sequence Variant, Pop=Population, Chr2=Chromosome 2,

Chr4=Chromosome 4, Chr 11=Chromosome 11, Chr16=Chromosome 16
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MAIN

Adaptation is traditionally understood as a property of host genomes, typically emerging
through changes in allele frequencies under natural selection . Yet, evolutionary change arises
not only from the genomic variants a species carries, but also on how those variants are
structured and affect gene regulation **. Changes in genome architecture can thus modify gene
expression, potentially leading to adaptive divergence without requiring mutations in genic
regions °. Multicellular organisms further complicate this picture by existing as holobionts ©,
whose phenotypes emerge from interactions between host biology and associated symbiotic
communities "%, In this scenario, microbiomes can influence host nutrition °, immunity '°,
development °, or stress tolerance !!, substantially contributing to the holobiont ecological and
adaptive performance !2. The microbiome can be vertically transferred together with the host
genomic information across generations '3, thus constituting an evolutionary unit on which
natural selection can act 41>, Nonetheless, the microbiome can also be horizontally transmitted
contributing to fast adaptation in response to environmental change '?, but it remains unclear
how host genomic variation interacts with microbial community structure during adaptation in
natural populations. Understanding adaptation thus requires consideration of genome content,
genome regulation and holobionts interactions. Integrating these perspectives will enhance our
understanding of the environmental and ecological factors that drive species’ evolutionary

responses °.

Structural genomic variants, particularly chromosomal inversions, are important contributors
to local adaptation by maintaining co-adapted allelic combinations and generating alternative
regulatory environments '®'®. By reducing recombination and reorganising chromosomal
folding, inversions can promote coordinated shifts in gene expression across large genomic
regions, producing distinct transcriptional states potentially associated with ecological
divergence '%1°, Although inversions are increasingly recognised as key drivers of phenotypic
divergence, whether their regulatory consequences extend beyond the host to influence the
assembly and function of host-associated microbiomes remains unknown. Microbiome

composition varies across host tissues, ontogenetic stages, populations, and environments %%,

with host genetic effects on microbiome structure documented in several systems 2!'2,
Nonetheless, studies trying to link host genome and symbiont community rarely consider
genome architecture or gene-regulatory variation. We consequently lack an integrated
understanding of how different genomic architectures influence host gene expression and

microbiome composition in environmental settings.
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Lower chordates such as tunicates offer a powerful opportunity to address how gene expression
and microbiome composition are influenced by host genomic architecture in the wild. As early-
diverging chordates with relatively simple body plans and intimate microbial associations, they
offer insight into the main principles of host-microbe integration >'****, Among tunicates,
many invasive Ascidiacea species inhabit environmentally heterogeneous marine coastal

2326 where local selection can act on standing genomic variation while connectivity

systems
among populations can be maintained by human-related repeated introductions 2%, These
features make them ideal for examining how genome architecture, gene regulation, and
microbiome composition interact during ongoing adaptation. Here, we investigate holobiont-
level interactions in the invasive ascidian Styela plicata, a species that exhibits four inversions
on independent chromosomes !¢, using an integrated multi-omic framework that combines host
genomics, transcriptomics, and microbiome profiling across heterogeneous populations and
alternative chromosomal inversion karyotypes (Fig. 1). Our study explores a complex scenario

in which the multilevel interplay of mutation, genome architecture, gene expression, and

microbiome community composition is crucial for holobiont system homeostasis.
GENOMIC VARIATION UNDERLIES DIFFERENTIAL EXPRESSION

To investigate how host genomic variation and chromosomal architecture shape holobiont-level
responses in natural populations of S. plicata, we sampled five adult individuals (>5 cm) per
site from three Mediterranean harbours spanning a gradient of anthropogenic impact: the small
harbour of Blanes, the medium harbour of ‘Vilanova i la Geltra’ (abbreviated from now on as
Vilanova), and the large harbour of Barcelona (Fig. 1, Supplementary Table S1). Whole-
genome sequencing (WGS) was performed on the gill tissue of 15 specimens, and population
structure together with inversion karyotype distribution was assessed using 7,188,230 high-
quality SNPs (Supplementary Tables S1-S2). Multidimensional scaling (MDS) analyses based
exclusively on chromosomes lacking inversions recovered the three localities as genetically
distinct clusters (Fig. 1). The great resolution afforded by WGS revealed fine-scale genomic
structure among localities separated by only ~45—-105 km of coastline (Supplementary Table
S1). These results suggest that strong environmental heterogeneity across harbours due to
different levels of anthropisation may contribute to the maintenance of locally differentiated
genomic backgrounds. In contrast, none of the chromosomes carrying inversions (Chromosome
2 (Chr2), Chromosome 4 (Chr4), Chromosome 11 (Chrll), and Chromosome 16 (Chrl6))
exhibited population-specific differentiation (Fig S1). Instead, the same inversion karyotypes

were broadly distributed across all localities, with alternative arrangements occurring at unequal
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frequencies among localities (Fig. 1; Fig. S1; Supplementary Table S3), consistent with
previous observations from a global-scale sampling '®?°. The absence of population-specific
fixation of inversion karyotypes suggests that chromosomal inversions in S. plicata may
constitute standing structural variation maintained across populations, providing a reservoir of

genomic and regulatory diversity '
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Figure 1 | Conceptual scheme and genomic features of the Styela plicata samples. a) Conceptual scheme for
the study design of this work including the type of data obtained, the analyses performed and the sampling
locations. b) Genetic structure of the 15 samples based on WGS data, excluding chromosomes with inversions,
coloured by population (b.1) and chromosome inversion karyotyping of the samples (b.2). Samples BRA10,
MIS22, and PE7 '¢ were included in the karyotype identification analysis as references. The schematic illustration
was designed by Gisela Marin-Capuz. Styela plicata hosting microbiome illustration was designed by Jagoba
Malumbres Olarte.

To assess transcriptional variation associated with population identity (Pop), as well as with the
different chromosomal inversions, we performed RNA-seq on gill tissue across the same 15

individuals. The ascidian gill, homologous to the vertebrate pharynx °, is a metabolically active
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organ that interfaces directly with seawater and constitutes a primary contact zone with
environmental microorganisms and potential pathogens !. Because RNA-derived genotypes
can differ from genomic genotypes owing to transcription-associated and post-transcriptional

3234 we compared transcriptome-derived and genome-derived genetic

sequence variation
structures using MDS for the SNPs from chromosomes without inversions and SNPs for each
of the four chromosomes with inversions. Transcriptome-based MDS recapitulated the patterns
recovered from whole-genome sequencing, resolving the same three population clusters and
identical inversion karyotype distributions across chromosomes (Fig. S2), indicating strong
concordance between genomic and transcriptomic datasets. To rule out potential transcriptional
artefacts arising from sampling stress or locality-specific effects *°>, we performed a principal

component analysis (PCA) on all expressed genes. Global transcriptional profiles were highly

consistent across samples showing no spurious clustering (Fig. S3).

After restricting the statistical analyses to groups (Pop and each of the karyptypes) represented
by more than four individuals to reduce inflation of false positives in low-replicate groups ¢,
we identified differentially expressed genes (DEGs) among populations and between the most
abundant chromosomal inversion karyotypes. To avoid confounding effects, we removed DEGs
which were found by two or more analyses (Fig. 2). At the population level, we identified 153
DEGs (Supplementary Table 4). From these, 144 were unique to populations. These 144 unique
DEGs showed a differential expression profile in individuals from Blanes relative to those in
Vilanova and Barcelona, which exhibited a more similar expression pattern between them (Fig.
2, Fig. S4). This pattern may reflect differences in environmental conditions among harbours,
since Blanes is a small harbour with less anthropogenic activity compared with Vilanova and
Barcelona, which are more urbanised and industrialised areas and, therefore, associated with

23,37

higher levels of anthropogenic contamination . Similar patterns of environmentally

associated transcriptional differentiation have been reported across a broad range of taxa in both
laboratory and field settings, including sponge holobionts, intertidal crabs, and humans 34,
among others. When considering chromosomes hosting inversions, Chrll exhibited a
pronounced number of differentially expressed genes between karyotypes, with 125 unique
DEGs. In contrast Chr2, Chr4, and Chrl6 presented lower numbers of differential signals
involving 19, 14 and 9 unique DEGs respectively (Fig. 2, Supplementary Table 4). Differential
expression patterns based on unique DEGs grouped individuals according to their karyotype

(Fig. 2, Fig. S4), with the exception of a few individuals in Chr2 , suggesting that karyotypes

are also key drivers of gene expression. Interestingly, DEGs were distributed inside but also
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outside focal inversions (Fig. 2), suggesting that transcriptional effects associated with
inversions may extend beyond rearranged genomic regions, which might reflect both local and
trans-regulatory responses. A hypothesis explaining genome-wide transcriptional signatures
associated with inversions is that inversions may influence higher-order chromatin
organisation. In this scenario, different inversion karyotypes might affect chromosomal folding
and nuclear positioning, potentially altering contacts between genomic regions and reshaping
intra and inter-chromosomal interaction landscapes including topologically associating
domains (TADs) #!, as demonstrated with experimental work in model systems *?. Together,
these findings suggest that structural variants may contribute to genome regulation, although
the extent to which such mechanisms drive adaptation in S. plicata remains unclear. Future
work combining high-resolution imaging with chromatin conformation and accessibility assays
will help elucidate whether chromosomal inversions influence chromatin interactions,

regulatory accessibility, and gene expression.

To understand which functions were involved in the potentially adaptive processes of S. plicata
both at the population and inversion levels, we compiled the available GO Terms of DEGs
(Supplementary Table S4). Functional annotation was possible for 30% of the genes, and we
observed biological processes related to transport and intercellular signalling, lipid
biosynthesis, lipid transport, and lipid metabolism, whereas their molecular function categories
were related to enzymatic activity, cofactor binding, and transporter functions (Supplementary

Table S4).
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Figure 2 | Differential gene expression in Styela plicata. a) Number of differentially expressed genes (DEGs)
identified among populations and between inversion karyotypes for each chromosome. Downstream analyses are
based on the genes kept for analyses, highlighted in green. b) Normalized transcript abundance per individual for
the DEGs kept for comparisons across populations (b.1), inversion karyotypes of Chr2 (b.2), Chr4 (b.3), Chrl1
(b.4), and Chr16 (b.5). The x-axis represents individuals, colored according to location, and the y-axis represents
DEGs. For the four chromosomes with inversions, individuals are also colour coded according to karyotype (AA:
homokaryotype for reference arrangement, AB: heterokaryotype, and BB: homokaryotype for alternative
arrangement). DEGs in the y-axis are colour coded according to chromosomal location indicating whether genes
are located on chromosomes without inversions (No inversion), on the chromosome with inversion being analysed
(inversion), or in one of the remaining chromosomes with inversions (Other). For the population comparison DEGs
are colour coded according to their location in chromosomes with or without inversions. ¢) Biological processes
and Molecular function of DEGs identified across all analyses based on their classification into Gene Ontology
(GO) terms.
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HOST GENOMIC FEATURES INFLUENCE MICROBIOME COMMUNITY

To evaluate whether population structure and chromosomal inversions are associated with
variation in microbiome composition, we analysed a previously published 16S rRNA gene

amplicon dataset 2

that includes the gill microbiome from the same S. plicata individuals used
in the present study. The dataset contained 5,377 amplicon sequence variants (ASVs) from gill-
associated communities (Supplementary Table S5) belonging to 32 prokaryotic phyla (bacteria
and archaea). Alpha-diversity measured as ASV richness significantly differed among
populations, with Blanes exhibiting the highest values followed by Barcelona and Vilanova
(Fig. S5; Supplementary Tables S6-S7). Regarding ASV richness across inversions, we
detected that the reference homozygous karyotype (AA) of Chr2 and Chr16 had significantly
higher values than their heterozygous (AB) counterpart. Interestingly, the AA karyotype of
Chr2 was the only group across all comparisons which showed a significantly higher Shannon
diversity compared to AB (Fig. S5; Supplementary Table S6). We next examined differences
in community composition using non-metric multidimensional scaling (nMDS) based on Bray—
Curtis dissimilarities. The nMDS ordination showed that prokaryote communities from the
different populations had a distinct taxonomic composition (PERMANOVA pseudo-F =2.907,
R2=0.326, p=10.004; 10,000 permutations) (Fig. 3; Supplementary Table 8), mainly driven by
the populations of Blanes and Barcelona, which correspond to the smallest and largest harbors,
respectively. In contrast, the taxonomic compositions of prokaryote communities from hosts
with different inversions were overall not significantly different from each other, with the
exception of Chr2 (PERMANOVA pseudo-F = 2.603, R* = 0.167, p = 0.025; 10,000
permutations) (Fig. 3; Supplementary Table 8). Overall, these results suggest that while
population effects are the dominant driver of microbiome structure, inversions (and more
specifically the one in Chr2) contribute to variation in alpha diversity metrics and community
composition. Future work using a larger sample representation is advisable to validate our
results and to further investigate Chr2 karyotype variation across broader geographic scales to
assess whether its association with microbiome diversity is robust and generalisable across its

global distribution.
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Figure 3 | Microbiome community structure and indicator ASVs (iASVs) in Styela plicata. a) Non-metric
multidimensional scaling (nMDS) ordinations of prokaryotic communities colored by Pop (a.1) and inversion
karyotype for Chr2 (a.2), Chr4 (a.3), Chrll (a.4), and Chrl6 (a.5). Asterisks in the top-left corner of the panels
indicate significant differences among represented groups based on a PERMANOVA analysis with 10,000
permutations when considering only groups with more than four specimens. b) Number of iASVs associated with
each population and inversion karyotype. Donuts indicate the number of iASVs uniquely associated with each
population or karyotype. Karyotypes with fewer than four specimens were excluded before statistical analyses. c)
Number and taxonomic assignment of the iASV associated to different groups and potential host-interaction. d)
KEGG repertoire of iASVs whose genome could be recovered through GTDB. KEGG names in red correspond to
symbiont lifestyle functions, KEGG names in blue correspond to parasitic and or pathogenic functions, and KEGG
names in green correspond to host-dependent (symbiont and pathogen) lifestyle functions.

Previous studies in holobiont systems have shown that microbiome composition can be
associated with host genotype 2. Thus, we performed an indicator species analysis to identify
which ASVs are most frequently associated with population or chromosomal inversion
karyotypes as indicator ASV (iASVs). This approach has previously been applied in S. plicata
to resolve environmentally associated prokaryotic fractions linked to seasonal adaptation '2.
Since low-abundance taxa may contribute disproportionately to host-associated functions **, we

kept only those 1ASVs for which a minimum of 75% of the reads were present in at least 75%

10
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of samples of the group (population or karyotype) (Fig. 3). We identified 70 unique iASVs
associated with either populations (40 i1ASVs) or inversion karyotypes (30 1ASVs), spanning
44 families across 11 phyla (Fig. 3, Supplementary Table 9). A large fraction of population-
associated iASVs (33/40) were specific to Blanes (Fig. 3), consistent with patterns observed in
ASV richness and Shannon analyses (Figure S5). Focusing on chromosomal associations, Chr2
accounted for 11 of the 30 inversion-associated iASVs, with similar representation across AA
and AB karyotypes (Fig. 3, Supplementary Table 9). Remarkably, 36 of the 70 iASVs belonged
to taxa previously reported as common core members of coral, sponge, or ascidian
microbiomes. Examples are those of Francisellaceae **, Nitrosopumilus *°, Erythrobacter *°,
and Litorimonas *', among others (Supplementary Table 9). In S. plicata, ASV1 and ASV2
were the dominating iASV of adult gill microbiomes **. While these two ASV mean abundance
in our dataset per sample are ~21,000 and ~19,000 respectively, the iASV we obtained in this
study for population and karyotype have <200 reads per sample, with the exception of one
Chrl1-associated ASV3 (unidentified bacteria), which exhibited ~19,152 reads per sample. The
role of key low-abundance bacteria in boosting community ecological performance has been
widely acknowledged in environmental systems under the term “rare biosphere” *3. This rare-
biosphere can have a disproportionate role in biogeochemical cycles and act as a hidden driver
of overall microbiome function *. Recently, similar key roles for adaptation of rare microbial

12,44

taxa have been acknowledged in marine holobiont systems =", and this could also be the case

for S. plicata.

In order to explore the genomic repertoire of these indicator taxa, we obtained representative
high-quality = genomes  from the Genome  Taxonomy  Database (GTDB;
https://gtdb.ecogenomic.org/). Genomes were obtained by mapping the 16S rRNA gene

amplicons of the iASVs to the genomes in GTDB, with matches at >99% identity being
considered generally representative of the genomic makeup of those taxa (an approach that has
proven effective in several previous studies) **>2. We obtained the genomes for 32 out of the
70 iASVs (Supplementary Table 10) and identified potential associated functions
(Supplementary Table 11). These genomes were then investigated for the presence of functions
usually found in host-associated taxa in terms of metabolism (vitamin biosynthesis, Fe
acquisition, dimethylsulfopropionate catabolism, and production of typical symbiont secondary
metabolites), interaction with the host (secretion systems, eukaryotic-like proteins, evasion of
the immune system), and adhesion mechanisms (type IV pili, adhesins) *>? (Fig. 3,

Supplementary Table 11). This functional gene analysis identified iASV with a rich repertoire

11
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of genes encoding functions commonly associated with host-associated lifestyles (Fig. 3, Figure
S6). Among them, we found genomes belonging to two Vibrio species (Vibrio ezurae and
Vibrio sp.), Endozoicomonas ascidiicola, Erythrobacter insulae, and a member of the marine
Pseudohangiellaceae family which stood out for the richness of their host-associated gene
repertoires (Fig. 3, Figure S6). All these taxa have previously been identified in sponge or

tunicate microbiomes >34

underscoring their likely involvement in interactions with the host.
Indicator associations included both population-specific and inversion-associated taxa (e.g.
Vibrio sp. with Chr2; Pseudohongiellaceae with Chrl1; Umboniibacter with Chrl6) (Figure
S6), suggesting that both population structure and chromosomal variation are associated with
shifts in prokaryotic taxa with potentially relevant functions to host fitness. The genomes of the
molluscan symbiont Umboniibacter > (indicator of Chrl6) the free-living bacteria
Competibacter (indicator of Chr2) and Rhodoferax C (indicator of Pop) °, and the cellulose
degrading Cellvibrio sp. > (indicator of Pop), added to the list of taxa particularly well-equipped
for host-symbiont interaction (Fig. 3, Figure S6). Finally, although not presenting a competitive
functional toolkit which might be associated with host-symbiont interaction, we also identified
typical components of marine sponge and tunicate microbiomes such as other Erythrobacter

members *® and Litorimonas .

AN INTERACTIVE TOOLKIT FOR AN ADAPTIVE HOLOBIOME

To explore potential associations between host transcriptional variation and prokaryotic
community composition, we independently tested correlations between the abundance of each
1ASV and the expression level of each DEG across populations and inversion karyotypes using
a threshold of R? > 0.5 to identify strong associations. In the population-level analysis, 38
1ASVs (95% of 1IASVs) showed significant positive correlations with 46 DEGs (32% of DEGs)
(Fig. 4; Supplementary Table 12). Such correlation patterns may arise from multiple, non-
mutually exclusive processes, including host-mediated regulation of prokaryotic assemblages,
prokaryotic modulation of host gene expression, or shared responses of the holobiome as a
whole to external environmental drivers. Similar host-microbiome associations have been
reported in model systems such as mice and humans, particularly in controlled environments
58, However, to our knowledge, this represents the first genome-wide evidence of host—
microbiome transcriptional associations in a wild non-model invertebrate holobiont, providing
a framework for investigating these interactions across natural populations and diverse non-
model systems. At the genome scale, genes being differentially expressed which correlate with

1ASVs were broadly distributed across chromosomes, including both inversion and non-
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inversion regions (Fig. 4). Moreover, these DEGs were often associated with multiple
prokaryotic taxa (Fig. 4). This suggests that host—-microbiome covariation is a polygenic and
genome-wide property rather than being restricted to specific chromosomal regions, consistent

with complex regulatory architectures observed in other host systems >°.

Across inversions, Chr2, Chr4, and Chrl1 also exhibited significant positive associations
between iASVs and DEGs, although involving fewer correlations compared to population-level
patterns (Fig. 4). In Chr2, two iASVs were associated with six DEGs; in Chr4, one iASV was
associated with two DEGs; and in Chrll, six iASVs were associated with 22 DEGs
(Supplementary Table 12). As previously mentioned, most correlated iASVs corresponded to
low-abundance taxa (Supplementary Table 9). These findings suggest that host transcription—
microbiome associations across inversion contexts could involve functionally relevant rare-
symbionts 4, but also dominant community members such as ASV3 to a lower extent. Note
that although Chr2 had a relatively high number of inversion-associated iASVs, only a small
subset (2 out of 11) showed correlation with DEGs (Supplementary Table 9, Supplementary
Table 12). Importantly, most correlated DEGs were located in other chromosomes (Fig. 4a),
suggesting that host-microbiome covariation is not restricted to genes within structural
variants. This pattern is consistent with a potential role of genome-wide regulatory networks

and higher-order chromatin organisation in shaping host-microbiome interactions >*2,
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Figure 4 | Host—microbiome functional associations in Styela plicata. a) Correlation heatmaps linking
differentially expressed host genes with indicator ASVs (1ASVs) of the different S plicata populations (a.1) and
for those indicators of chromosome inversions in Chr2 (a.2) and Chrll (a.3). Colour intensity denotes the
coefficient of determination (R?), and symbols indicate the direction of the correlation. Gene locations relative to
inversions and iASV of population or karyotype are indicated by annotation bars. b) Gene Ontology functional
enrichment of correlated host genes for Biological Processes (b.1) and Molecular functions (b.2). Note that “t.”
stands for transport, and “s.” for secretion. ¢) Functional network of the correlated DEGs and iASV based on
KEGG Orthology (c.1) and KEGG Modules (c.2).

In total, we identified 47 iASVs showing significant correlations with DEGs across conditions,
spanning 8 phyla and 32 families (Supplementary Table 9). Of these correlated iASV, 58.2%
corresponded to taxa previously reported as common core members of ascidian, coral, or

sponge microbiomes. Among the correlated taxa, we detected members of Francisellaceae, a
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group that includes opportunistic pathogens previously associated with coral disease states -
62_ We also found correlations with Nitrosopumilus, a well-documented archaeal symbiont in
marine tunicates 7%, Other correlated groups generally found in coral, sponge, or tunicate
microbiomes were the families Flavobacteriaceae (1 ASV; Chrl1), Rhodobacteraceae (6 ASVs;
Pop, Chr2, and Chrl1), Saprospiraceae (3 ASVs; Pop), and Vibrionaceae (2 ASVs; Pop and
Chr2) (Supplementary Table 9). We obtained representative genomic information from 19
genomes (Supplementary Table 10) and evaluated within them the presence of functions usually
found in host-associated taxa in terms of metabolism, interaction with the host, and adhesion
mechanisms (Supplementary Table S11). Five genomes showed a higher representation of these
functional categories, including Vibrio ezurae, an unidentified Vibrio, Endozoicomonas
ascidiicola, Erythrobacter insulae, and a member of the Pseudohangiellaceae family (Figure

53

S7). These taxa have all previously been identified in sponge or tunicate microbiomes °°,

underscoring their likely involvement in interactions with marine invertebrate hosts.

We next investigated the functional profiles of DEGs associated with iASV variation.
Functional enrichment analysis revealed a predominance of pathways related to lipid
metabolism, including processes involving arachidonate and eicosanoid transport and secretion
(Fig. 4; Supplementary Table 13). These lipid-derived signalling molecules are known to play
important roles in immune modulation and host—microbiome interactions in the intestinal
microbiome of vertebrates, as their inhibition leads to imbalances and illnesses of the host °°.
Similar functionality for these molecules have been reported in diverse invertebrate taxa,
including corals, where lipid-mediated signalling has been linked to disease resistance ®’. In
insects, these lipid-derived pathways partially contribute to immune regulation of the organism
68, In this context, the presence of lipid-related signalling and metabolic pathways in S. plicata
suggests that components of host—-microbiome regulatory machinery may be broadly conserved
across metazoans. Future comparative analyses across additional early-diverging chordates and
vertebrates are advised to further support our findings and to clarify when and how these

functions became integrated into host—-microbiome physiological interactions.

To assess potential functional complementarity between host and bacterial genomes, we
examined the distribution of KEGG metabolic modules represented within the DEGs and
1ASVs. Five host DEGs were linked with metabolic pathways that were either missing a single
KEGG entry or fully completed by 16 specific iASVs (Fig. 4; Supplementary Table 14),
including five carbohydrate-related metabolic modules: Glycolysis (M00001), Pentose
phosphate pathway (M00004), Trehalose biosynthesis (M00565), Glycogen biosynthesis
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(M00854), and Glycogen degradation (M00855). Similar patterns of distributed metabolic
capacity between host and symbionts have been reported in other holobiont systems, including
sponges, where incomplete host metabolic pathways are complemented by prokaryotic

functions ©°.

Most DEGs associated with these pathways were shared across multiple prokaryotic taxa,
consistent with a potentially redundant and distributed functional landscape across the
microbiome. The only exception was the Chr11 DEG SPLI 24151, which was associated with
KEGG orthologs K01236 (maltooligosyltrehalose trehalohydrolase) and K02438 (glycogen
debranching enzyme) and linked to two specific ASVs (Corynebacterium imitans and Hellea
sp.), suggesting a more restricted set of host—prokaryote associations for this gene (Fig 4,

Supplementary Table 10, Supplementary Table 14).
EVOLUTIONARY SIGNALS OF HOST-SYMBIONT INTERACTIONS

To assess the genetic differentiation signatures of 1ASV-correlated DEGs, and non-correlated
DEGs compared with the background genome, we calculated the genome-wide allele fixation
index (Fst) in 10,000 bp windows using a 2500 bp sliding window approach, grouping samples
by population and by karyotype for Chr2, Chr4, Chrl1, and Chr16 (minimum n = 4 per group).
At the population level, DEGs were broadly distributed across the genome (Fig. 5). However,
1ASV-correlated DEGs tended to cluster in specific chromosomes (notably Chrll, Chrl3,
Chr14, and Chrl5), suggesting non-random genomic distribution of loci involved in host—
microbiome-associated transcriptional variation. Non-correlated DEGs had significantly higher
Fsr values compared to both iASV-correlated DEGs and the genomic background (Fig. 5,
Supplementary Table 15), indicating greater genetic differentiation at these loci and suggesting
that mutations involved in genetic differentiation contribute to observed expression differences
7071 In contrast, iASV-correlated DEGs displayed Fsr values comparable to genome-wide
background levels (Fig. 5, Supplementary Table 15), indicating limited genetic differentiation
at these loci. One possible interpretation is that genes associated with host—microbiome
correlations at the population level are highly conserved. Taken together, these results suggest
that host-microbiome covariation is largely decoupled from strong population-level sequence
differentiation at correlated loci, and may instead reflect coordinated changes in gene regulation
and prokaryotic community composition across environments, rather than divergence driven by

fixed genetic innovation.
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For chromosomal inversions, Fst analyses comparing Chr4 and Chrl16 karyotypes revealed a
similar scenario, with a limited number of DEGs showing higher differentiation than the
genomic background (Fig. 5, Supplementary Table 15). However, these estimates are based on
16 DEGs (4 of them correlated with iASVs), and statistical comparisons (t-test and KS-test)
may be limited by reduced power, warranting cautious interpretation. In contrast, Chr2 and
Chrl1 exhibited a larger number of DEGs and iASV-DEG associations distributed across the
genome. In Chr2, non-correlated DEGs showed higher differentiation than the genomic
background but lower than iASV-correlated DEGs. A similar pattern was observed for Chrl1,
although involving a larger set of interacting DEGs and prokaryotic taxa (Fig. 5). In both cases,
DEGs displayed larger Fsr values than the genomic background, suggesting that mutations
linked to different karyotypes of the chromosome inversions may influence their expression
levels but also the host-associated bacterial community 227971 However, the relationship
between sequence divergence, gene expression, and prokaryotic associations is not uniform
across chromosomes, and may reflect heterogeneous genomic architectures rather than a single
shared mechanism. Future work combining karyotype comparisons with chromatin architecture
profiling will be necessary to disentangle the relative contributions of sequence variation and

regulatory organisation to host-microbiome interactions.
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Figure 5 | Genome-wide Fst values across chromosomes and their association with gene expression and
indicator ASV (iASV) presence. The left panels show genome-wide Fsr values plotted across chromosomes for
different comparisons: Pop (a.1), Chr2 (a.2), Chr4 (a.3), Chrl1 (a.4), and Chr16 (a.5). Each dot represents a 10,000
bp window. Right panels depict boxplots of collapsed Fsr values for each group, with statistical significance (p <
0.05) indicated by Mann—Whitney U tests (w), Kolmogorov—Smirnov tests (ks), or both, as annotated. Boxplots
within violins represent medians and interquartile ranges.

CONCLUSIONS

Together, our results provide a proof of concept for dissecting the genomic architecture of host—
microbiome interactions in natural holobionts. By integrating genome structure, host
transcription and microbiome composition, we uncover coordinated variation between host
regulatory states and microbial communities across populations and chromosomal
backgrounds. Although these associations do not establish causality, their distribution across
the genome, including regions both within and outside chromosomal inversions, suggests that
host—microbiome interactions are unlikely to be governed by isolated loci alone, but may
instead emerge from distributed regulatory networks connecting multiple components of the

host genome. The functional complementarity observed between host and microbial metabolic
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repertoires further highlights how these interactions may contribute to the functional integration
of the holobiont. More broadly, identifying genomic regions associated with microbiome
composition provides a route to identifying candidate host genes, regulatory pathways and
microbial partners involved in microbiome assembly and host-microbe communication,
offering a framework for testing the genetic basis of microbial recruitment and maintenance.
Such a framework could help elucidate how host genomes shape microbiome flexibility across
environments, and how these interactions contribute to environmental adaptation, host—-microbe
coevolution, and the ecological capacity of holobionts to respond to environmental change. By
bringing genome architecture, gene regulation and microbial ecology into a common
evolutionary framework, our approach opens a path towards understanding adaptation not
simply as a property of host genomes, but as an emergent feature of interacting host and
microbial genomes, with broader relevance to the evolution and ecological dynamics of

metazoan holobionts.
MATERIAL AND METHODS
Sample collection and nucleic acids extraction

Five adult individuals from each of the Spanish harbours of Blanes (41.674, 2.799), Barcelona
(41.375, 2.182), and Vilanova i la Geltra (41.215, 1.727) were collected in April 2022. Blanes
is a small harbour (total linear quay length ~1500 m), Vilanova’s enclosure is medium sized
(total linear quay length ~3000 m) and characterized by an elevated fishing activity, and the
harbour of Barcelona is the largest one (total linear quay length > 20,000 m) with high
anthropogenic impacts. In the field, each specimen was divided in two halves immediately after
collection; one was preserved in 96% ethanol (with several changes afterwards) and kept at -
20°C, while the other half was snap frozen in the field with liquid nitrogen and maintained at -
80°C until extraction. For DNA-based approaches we used the half specimens in ethanol, from
which we excised a gill fold using pincers. The DNA of each tissue fragment was extracted
using the Gentra® Puregene® Tissue Kit (QIAGEN), following the manufacturer’s
recommendations. For RNA-based approaches, we used the other half of the specimens, kept
at -80°C. For each specimen, we waited until the surface of the individual was thawed and a gill
fold was excised using pincers. The RNA of each tissue fragment was extracted using the

protocol described in Ghangal et al., 2009 72,

DNA and RNA extractions were sent to Novogene (UK) for library construction and

sequencing. For DNA, a whole genome sequencing (WGS) approach was used, while for RNA,
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cDNA transcriptome libraries were generated. Both for WGS and for RNAseq, libraries were
prepared with an insert size of 350 bp. DNA and RNA libraries were sequenced following a
150 bp paired-end strategy on an Illumina NovaSeq 6000 platform (San Diego, CA), targeting
5 Gb output for each DNA sample aiming for an approximate coverage of 12X per individual

16 and 10 Gb for each RNA sample.
Host DNA Sequence analyses

After sequencing, we removed adaptors and low-quality genomic data with Trimmomatic
v.0.39 3, using the parameters LEADING:3, TRAILING:3, SLIDINGWINDOW:4:15,
MINLEN:36 (Table S1). The data quality was verified with FastQC v.0.11.9 7. Styela plicata
has 16 chromosomes, with four large chromosomal inversions (~19.5 Mb inverted region in
chromosome 2, ~17 Mb in chromosome 4, ~10.5 Mb in chromosome 11, and ~14 Mb in
chromosome 16) 6. To identify the inversions’ karyotype in each of our samples, we used as
reference  three  previously  published samples (ENA  Accession  codes:
BRA10=SAMEA114503380, MIS22=SAMEA114503395, PE7=SAMEA114503401) ¢
having all possible karyotypic combinations for each of the four inversions (homozygous for
the reference ordination, heterozygous, homozygous for the alternative ordination) We mapped
the clean reads of the 18 samples against the reference genome of Styela plicata (Accession
code: GCA_963675895.1) '° with the software bwa v.0.7.12 7° using the BWA-MEM algorithm
76, We used the command “mpileup” from the software bcftools v.1.13-60 77 to call all
individuals’ SNPs. We used the software vcftools v.0.1.17 7 to keep only those SNPs which
were biallelic (--min-alleles 2 --max-alleles 2), had a minimum depth of 5 reads (--minDP 5), a
mean maximum depth of 24 (--max-meanDP 24), a minimum allele frequency of 3% (--maf
0.03), and were present in all samples (--max-missing 1). The mean maximum depth threshold
was calculated as 1.5 times the interquartile range of depth across all SNPs. We generated two
datasets, one including all 18 samples for chromosome inversion assignment, and another one
to infer regional population structure excluding the non-Mediterranean samples facilitating
chromosomal inversion assignment (BRA10, MIS22, and PE7). For the file including all
samples we generated four different datasets, each of them including a single chromosome
hosting an inversion using the function “--chr” from vcftools (Table S2). For the other file, we
removed non-Mediterranean individuals using the function “--remove-indv”, and we kept only

those chromosomes without inversions using the function “--chr”.
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To define each individual chromosome inversion karyotype, we conducted a Discriminant
Analysis of Principal Components (DAPC) on each inversion dataset with the R package
adegenet v.2.1.10 using the command “dapc” . We defined three potential groups as priors
(prior=3), and we only retained one axis for both discriminant and principal components
analyses (n.da=1, npca=1). The posterior probability of each individual being assigned to a
given genomic group was represented with the R package ggplot2 v.3.4.4 3°. Additionally, we
transformed all datasets to plink using the function “--plink” from vcftools, generated Multi-
Dimensional Scalings (MDS) of the genomic data using the function “--mds-plot” from plink

v.1.9. 3! and visually represented the results with ggplot2.
RNA Sequence analyses

We obtained ~40.92 million raw transcriptome reads per sample (Table S1), which were
reduced to ~40.41 million reads after filtering low-quality data with Trimmomatic using the
same parameters as for genomic data. We mapped the reads of each individual to the reference
genome with the software hisat2 v.2.2.1, intended for transcriptome data %2, We retrieved
transcriptomic genotypes for all samples with beftools, filtered them with veftools, and carried
out MDS analyses to evaluate differences between the transcriptomic and the genomic

information.

We obtained an RNA read count table for each sample using the function “featureCounts”
implemented in the R package Rsubread v.2.8.2 %3, We normalized the counts table with the
function “data.Normalization” from clusterSim v.0.51-3 ®, and conducted a PCA to check any
differences at the population level on the overall transcriptome using the function “prcomp”
implemented in base R. We plotted the ordination with ggplot2. We analyzed differential gene
expression with the R package DESeq v.1.42.0 %. We evaluated differential expression between
populations(Pop), and between the most abundant chromosomal karyotypes for each of the 4
chromosomes with inversions (Chr2, Chr4, Chrll, and Chrl6). To improve statistical
robustness, we restricted the analyses to karyotypes with more than four specimens to ensure
stable dispersion estimates and reduce inflation of false positives in low-replicate groups>®.
Thus, we analysed the presence of differentially expressed genes (DEGs) across Pop (Blanes
vs. Vilanova vs. Barcelona), Chr2 (AA vs. AB), Chr4 (AA vs. AB), Chrll (AB vs. BB) and
Chr16 (AA vs. AB). To keep only robust DEGs, we retained those with a q-value below 0.05
and at least two reads per sample. We represented DEGs across comparisons through Venn

diagrams using the R package ggVennDiagram v.1.5.2 8. For further analyses we removed
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those genes to be identified as differentially expressed in two or more comparisons (Fig. 2) to
avoid confounding effects. We conducted PCAs with the normalized transcript abundance
matrices of the exclusive DEGs in each comparison, and represented them with ggplot2. We
also represented transcription abundance values as heatmaps with the function “pheatmap”

from the same R package v1.0.12 %7.

We retrieved the nucleotide sequences from all DEGs exclusive from a single comparison using
the function “getfasta” from the software BEDTools v.2.27.1 #8, and functionally characterized
them using eggNOGG-mapper v.2 ¥ for Gene Ontology (GO) Terms and Kyoto Encyclopedia
of Genes and Genomes Ontology (KO) Terms, and INTERPROSCAN *° for Protein families
(Pfam). We visually represented the GO-Terms of DEGs across all analyses using the R
package treemap v.2.4-4 °!. We classified gene families as identified by Pfam based on their

most likely involvement in immune system processes from the literature.
Microbiome analyses

The microbiome obtained from the gills of the same individuals was extracted from the
amplicon sequence variant (ASV) abundance table in Galia-Camps et al. ». In short, that table
was obtained by removing paired-end reads chimeras with UCHIME °? using as a reference the
SILVA database **, and a denoising step using DADA2 ** in QIIME2 software *°. Singleton
sequences were discarded and the remaining ASVs were taxonomically assigned using the

classify-sklearn plugin of QIIME2 against the SILVA database.

Based on the ASV abundance matrix, we calculated the Shannon diversity index for each
sample with the function “diversity” from the package vegan v.2.5-6 °°. To calculate the species
richness, we rarefied all samples’ counts to the sample with the lowest number of reads using
the function “rarefy” from vegan. Shannon index and species richness values were graphically
visualized as boxplots with ggplot2. We inferred normality of both Shannon and Richness
values using a Shaphiro-Wilk test with the function “shapiro.test” implemented in base R and
subsequently, rank-transformed them using the function “rank” of base R. We generated five
independent General Linear Models (GLM) for both Shannon and Richness using the function
“glm” of R stats: one testing for differences among populations, and four additional ones testing
for differences among each chromosome’s inversion karyotypes. For significant GLMs with
more than three groups being compared, we conducted pairwise comparisons using the function

“contrast” of the R package emmeans v.1.8.7 %’.
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Next, we transformed the ASV abundance table to relative frequencies and calculated Bray-
Curtis distances among samples using the function “vegdist” from vegan. We obtained a non-
metric MDS with the function “metaMDS” from vegan, and graphically represented the results
using ggplot2. To test significant differences among populations, and among each chromosomal
inversion karyotype, we carried out PERMANOVA tests with 10,000 permutations using the

function “adonis2” from vegan.

We inferred the presence of indicator ASVs (iASVs) of populations and chromosomal
karyotypes. To do so, we used the “multipatt” function of the R package indicspecies v.1.7.14.
%8 with 999 permutations to test statistical significance. We kept only those iASVs for which
at least 75% of the reads were present in at least 75% of samples of the group (population or
karyotype). We identified 1ASV across analyses, represented them through Venn diagrams

using the R package ggVennDiagram, and removed shared iASVs for subsequent analyses.

We represented the taxonomic assignment of iASVs at the class level, as lower taxonomic ranks
were unavailable for most iASVs. For each taxon, we classified the taxa into four categories:
certain interaction, likely interaction, unlikely interaction, or no interaction based on literature
searches for host association. Taxa were classified as showing a certain interaction when the
1ASV was a well-described symbiont or parasite of marine ascidians, corals, or sponges. Likely
interactions were assigned to marine taxa that are frequently reported as core members of
ascidian, coral, and/or sponge microbiomes. Unlikely interactions corresponded to taxa of
marine origin but which are rarely reported in host-associated microbiomes, such as pelagic
groups of Synechococcus sp.. Taxa classified as showing no interaction were generally

associated with terrestrial environments (see Table S9 for full details).

To obtain representative genomes of the iASV, we aligned the 16S rRNA amplicon sequences
of the iASVs to genomes in the Genome Taxonomy Database GTDB 1226 *° using vsearch
v.2.21.1 ' We only retained matches with >99% sequence identity and
genomes with completeness =290% and <5% contamination based on
CheckM v.1.1.6 '°!. We then matched the genome accessions to those in globDB '** to
obtain annotations of the genes involved in interactions with the host. We used precomputed
KEGG ortholog (KO) annotations from the KOfam database ' to obtain gene information
from both metabolic pathways and specific functional modules. We classified genes based on

their most likely involvement in pathogenesis, symbiosis, or both from the literature 3032104

107
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Host-microbiome interactions

Based on the DEGs and iASVs analyses of the five datasets evaluating differences between
Pop, Chr2, Chr4, Chrl1, and Chrl6, we generated count tables of the differentially expressed
genes and abundance tables of the iASVs for each comparison. The matrices only included
unique DEGs and iASVs. We normalized the matrices using the “data.Normalization” function,
and calculated pairwise Pearson’s correlations (r) and coefficients of determination (R?)
between DEGs transcription levels and iASV abundance for each specimen. We established a
threshold of R? > 0.5 to identify correlations of substantial magnitude, and we visually

represented them with the R package pheatmap.

We then evaluated the genomic toolkit based on Gene Ontology (GO) terms of the DEGs of the
host involved in host-iASV interaction. To do so, we used topGO v.2.54 '® to evaluate
enrichment on the genes being correlated with iASV. We compared using t-tests a list of
correlated genes and all the genes within S. plicata using the function “runTest”, the algorithm
“classic”. We repeated so for “biological processes” (BP) and “molecular function” (MF),
independently. We retained all enriched GO-terms with a significant p-value below 0.05 and at
least three genes with that GO-term. To further address the function of correlated DEGs, we
retrieved the Pfam and KO terms previously recovered with INTERPROSCAN and eggNOG-
mapper, respectively, and manually evaluated their functions. Similarly, for the correlated
1ASV toolkit, we represented their potential to create associations with the host and their KO

annotations as above mentioned for the 1ASVs.

Finally, to evaluate whether the correlated DEGs and the iASV functions interact with each
other, we created a list of KO associated to the DEGs of the host, and a second one with all the
KO annotations recovered from the genomes of correlated iASVs. We used the Reconstruct
option of KEGG Mapper v.5.2 ' implemented in the KEGG webpage

(https://www.genome.jp/kegg/mapper/), to evaluate whether any of the almost complete

metabolic modules recovered (only one KEGG missing) were composed by both the host DEGs
and the symbiont iASVs. We transformed the resulting table into an edge map and graphically

represented them as network structures in R.
Fst analysis and modulation of gene expression and the microbiome

To evaluate whether differences of gene expression are associated with genetic divergence, we

calculated Fgsr values in 10,000 bp windows with a 2500 bp sliding step across the genome
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among populations for chromosomes without inversions and between the most abundant
karyotypes for each chromosome with inversions. We represented the Fst window values as
Manhattan plots with the R package CMplot v.4.5.1 ', identifying windows with non-DEGs,
windows hosting non-correlated DEGs, and windows with correlated DEGs. We represented
the Fst distribution of these three genomic fractions using violin plots in ggplot2. We finally
carried out Mann—Whitney U tests and KS tests to evaluate significant differences in the means
and distributions of Fsr values among windows with non-DEGs, non-correlated DEGs, and

correlated DEGs for the population and each of the four chromosomes with inversions.
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Supplementary Figures Captions

Figure S1 | a) Identification of inversions using MDS analyses for Chr2 (a.1), Chr4 (a.2), Chrl1 (a.3), and Chr16
(a.4). Each cluster in the first axis corresponds to a karyotype arrangement. The samples are colour coded by
locality and the reference samples with known karyotype are coded in greyscale.

Figure S2 | a) Genetic differentiation based on SNP genotyping from RNAseq data for the 15 S. plicata
samples. Multidimensional scaling (MDS) of individuals with SNPs from chromosomes without inversions (a.1),
Chr2 (a.2), Chr4 (a.3), Chrl1 (a.4), and Chrl6 (a.5).

Figure S3 | a) Transcriptome expression for S. plicata samples using all RNAseq data.

Figure S4 | a) Differential expression patterns of S. plicata represented as vectorised PCAs for the Population
model (a.1), the Chr2 model (a.2), the Chr4 model (a.3), the Chr11 model (a.4), and the Chr16 model (a.5). Note
that each arrow corresponds to the weight of a differentially expressed gene on the PCA.

Figure S5 | a) Alpha diversity across populations and karyotypes. Boxplots show ASV richness (left column)
and Shannon’s diversity index (right column) for samples grouped by Population (a.1) and karyotype for Chr2
(a.2), Chr4 (a.3), Chrll (a.4), and Chrl6 (a.5). Boxes indicate interquartile ranges with medians. Asterisks in the
top-left corner of each panel indicate significant differences among represented groups.

Figure S6 | a) Host-associated functions of iASV bacteria. a.1) KEGG repertoire of iASVs whose genome could
be recovered through GTDB. KEGG names in red correspond to symbiont lifestyle functions, KEGG names in
blue correspond to parasitic and or pathogenic functions, and KEGG names in green correspond to host-dependent
(symbiont and pathogen) lifestyle functions. a.2) Principal components analysis (PCA) based on the presence of
KEGGs involved in microbial interactions with the host, representing the functional gene composition of iIASVs
with a representative GTDB genome.

Figure S7 | a) Host-associated functions of the iASVcorrelated with DEGs. a.1) KEGG repertoire of iASVs
whose genome could be recovered through GTDB. KEGG names in red correspond to symbiont lifestyle functions,
KEGG names in blue correspond to parasitic and or pathogenic functions, and KEGG names in green correspond
to host-dependent (symbiont and pathogen) lifestyle functions. a.2) Principal components analysis (PCA) based
on the presence of KEGGs involved in microbial interactions with the host, representing the functional gene
composition of representative genomes of correlated iASVs.
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Supplementary Table Captions

Table S1 | Sample metadata and sequencing statistics for genomic and transcriptomic datasets. Rows
correspond to individual Styela plicata specimens, with columns reporting population, sample identifiers, inversion
karyotypes and sequencing information for the DNA and RNA datasets.

Table S2 | Summary of SNP datasets used for population structure and chromosomal inversion analyses.
Rows correspond to the different SNP datasets analysed, with columns summarizing the sequencing source,
number of samples and SNPs retained, and the population or chromosomal inversion comparison for which each
dataset was used.

Table S3 | Chromosomal inversion karyotypes across samples. Rows correspond to individual specimens, with
columns reporting the inferred karyotype for each of the four chromosomal inversions (Chr2, Chr4, Chrll and
Chrl6), together with the population assignment where applicable.

Table S4 | Differentially expressed genes and functional annotations across populations and chromosomal
inversion karyotypes. Rows correspond to differentially expressed genes, with columns reporting the comparison
in which each gene was identified, expression statistics and functional annotations, including Gene Ontology and
other available annotations.

Table S5 | ASV abundance and taxonomic composition across samples. Rows correspond to amplicon
sequence variants (ASVs), with columns reporting their read abundance across individual samples and their
taxonomic assignments.

Table S6 | Alpha-diversity indices and comparison diagnostics across populations and chromosomal
inversion karyotypes. Rows correspond to the fitted models for richness and Shannon diversity, with columns
reporting model statistics and diagnostic tests, including normality and homoscedasticity assessments.

Table S7 | Post-hoc pairwise comparisons of alpha diversity among populations. Rows correspond to pairwise
population comparisons, with separate results for richness and Shannon diversity and columns reporting the
estimated differences and associated statistical tests.

Table S8 | PERMANOVA tests of population and chromosomal inversion effects on microbiome community
composition. Rows correspond to the population and chromosomal inversion models, with columns reporting
degrees of freedom, sums of squares, pseudo-F statistics, explained variation and permutation-based significance
values.

Table S9 | Indicator ASVs, taxonomic assignments and putative host associations across populations and
chromosomal inversion karyotypes. Rows correspond to indicator ASVs identified for population or inversion
groups, with columns reporting indicator statistics, abundance/correlation information, taxonomic assignments and
the associated host genomic or transcriptional comparison.

Table S10 | Genome-resolved characterization and taxonomic assignment of indicator ASVs. Rows
correspond to indicator ASVs linked to reconstructed microbial genomes, with columns reporting sequence
identity and alignment statistics, taxonomic assignments from GTDB and NCBI, genome completeness and
contamination, and rRNA gene annotations.

Table S11 | KEGG functional annotations and putative host-associated functions of indicator ASV genomes.
Rows correspond to functional annotations identified in the genome-resolved indicator ASVs, with columns
reporting KEGG Orthology identifiers, functional categories and the corresponding ASV/genome assignments.

Table S12 | Correlations between indicator ASVs and differentially expressed host genes across populations
and chromosomal inversion karyotypes. Rows correspond to ASV—gene pairs, with columns reporting
comparison, indicator ASV, host DEG, and coefficient of determination (R?).
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Table S13 | Gene Ontology enrichment of host genes correlated with indicator ASVs. Rows correspond to
enriched Gene Ontology terms, with columns reporting the GO identifier, functional description, ontology
category, number of annotated genes, number of correlated genes and enrichment statistics.

Table S14 | KEGG metabolic modules linking indicator ASVs and correlated host genes. Rows correspond
to KEGG metabolic modules, with columns reporting module identifiers and descriptions, the KEGG Orthology
components contributing to each module, and the indicator ASVs and host genes associated with the module.

Table S15 | Distributional comparisons of Fsr values among non-DEGs, non-correlated DEGs and iASV-
correlated DEGs across populations and chromosomal inversion karyotypes comparisons. Rows correspond
to population and chromosomal inversion comparisons, with columns reporting the FST distributions for each
gene category and the statistical comparisons among categories.
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