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SUMMARY

In nesting animals, the built environment can play an important role in host-associated microbiome
assembly. However, the sources and processes structuring the resulting microbiome remain
underexplored. In the social spider Stegodyphus dumicola, philopatric sisters collectively build and
maintain a silken nest, capture prey, and exhibit alloparental care. We used S. dumicola as a test
system to assess the source and spatial/environmental processes structuring the nest microbial
communities. We collected paired silk and soil samples along two orthogonal transects in southern
Africa. Bacterial and fungal communities were extracted using high-throughput sequencing of
16S-rRNA and ITS barcoding genes and assessed using the SourceTracker tool for R, distance-
based regression of soil and silk dissimilarity, and variation partitioning. Silk bacteria were
partially derived from soil bacteria, but there is no apparent difference in the contribution of local
vs. non-local soils: nest microbial communities are no more similar to microbes in the local soil
beneath them than soil found hundreds of kilometers away. In contrast, silk fungi receive few taxa
from the soil community but show a stronger relationship with local over non-local soils. Silk
bacterial communities are weakly structured by spatial and environmental processes, (i.e. dispersal
and abiotic filtering) suggesting low dispersal limitation and a stronger influence of ecological
drift. Silk fungal communities, in contrast, indicated stronger associations with spatial and
environmental processes. The large contribution of extrinsic sources to the nest microbiome
suggests high immigration potential for opportunistic or harmful microbes that may be partly
responsible for eventual colony collapse.

Keywords: Community ecology, bacteria, fungi, Stegodyphus dumicola
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Introduction

Social animals that create permanent living structures maintain dispersal feedback between
themselves and their built environment, which accumulate and structure host-associated
microbiota (Hill & Gilbert 2023; Li et al. 2021; Miller et al. 2018). In extreme cases, the built
environment is manipulated by hosts to specifically select for essential mutualistic microbes
(Lucas et al. 2019). However, in most cases, nest-associated microbes are not obligate symbionts
of the host. This means that the built environment (i.e., nest) can act as an equal-opportunity source
for potential host-associated microbes dispersing from other origins — vital mutualists, indifferent
commensals, and virulent parasites alike. Thus, the microbial metacommunity formed by the social
group (the ‘social microbiome’; (Sarkar et al. 2020)) is likely to be affected by extrinsic sources
that facilitate taxa colonizing the nest. Accumulation of extrinsically sourced taxa in the nest may
have short- and long-term effects on the health of the social group (Sarkar et al. 2024).

Social spiders use their nests as all-purpose living spaces for prey capture, feeding, mating,
brood care, and shelter from predators across multiple generations (Aviles 1997). Colonies undergo
boom-and-bust cycles, with most collapsing within three to five years for unknown reasons (Busck
et al. 2022; Crouch & Lubin 2001). Colonies are comprised of two main components: the central
silken domicile (retreat) and the surrounding capture web. Retreats are constructed with
combinations of tough sheet and tangle webs that contain plant matter, soil/sand, carapaces,
arthropod pieces, whole insect corpses, and assemblages of live arthropods (Fernandez-Fournier
& Avilés 2018). Some species build retreats that create distinct microhabitats with much hotter
conditions than their surroundings (Soydaner 2013). In contrast, capture webs contain very sticky
silk in less dense combinations of tangle and sheet silk. Capture silk is susceptible to damage from
rain, debris, and insects which appears to be replaced/repaired at a higher rate than retreats
(Ainsworth et al. 2002; Christenson 1984). Due to their inherently different functions and
structural properties, retreat and capture silk are expected to house different microbial
communities.

African social spiders (Stegodyphus dumicola) harbor microbiomes in their bodies, on their
cuticle, and in their silken colonies. Their retreats are composed of extremely tough cribellate silk
with crisscrossing tunnels and contain one or more capture webs that radiate from the retreat as
mostly two-dimensional structures. Although this species is broadly distributed across southern
Africa, it is notable for exhibiting high philopatry and inbreeding and infrequent dispersal
(Settepani et al. 2017; Smith et al. 2009). These behaviors may partly explain the high microbiome
similarity among spiders within the same nest compared to spiders from other nearby nests (Busck
et al. 2020). However, individuals that do engage in long-distance dispersal vial “ballooning”
establish new nests (‘founders’) can experience ecological drift in their microbiota (Rose et al.
2023a), in part due to loss of socially maintained taxa and acquisition of novel environmental
microbes during dispersal. This suggests that extrinsic sources of microbiota are likely to constitute
a large proportion of the nest microbiota as well.

The nearby sandy soil is but one source of potential colonists: the movement of wind-borne
debris also assists microbial dispersal and can also homogenize built microbiomes over greater
distances. Interestingly, previous microbiome analyses of S. dumicola and their silken nests have
shown only weak spatial compositional turnover patterns (i.e. distance-decay) except at very large
spatial scales (>500km; (Keiser et al. 2019; Nazipi et al. 2021)). Silk fungal communities, on the
other hand, have demonstrated compositional turnover at smaller spatial scales than bacteria
(Nazipi et al. 2021). It is possible that soil microbes do strongly influence silk microbiomes, but
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soil bacteria and fungi contribute to different degrees. Bacterial and fungal taxa contributed by soil
may be extremely variable in their dispersal capabilities: even a low degree of dispersal limitation
can induce a distance-decay pattern. However, if dispersal is sufficiently unlimited, nearby sites
may not be easily differentiable from distant sites.

The distribution of African social spider colonies across a large geographic range and a
mild aridity gradient makes this a great system to test assembly rules of the built microbiome in a
natural setting. Here, we explored the impact of an extrinsic microbial source (the soil) on the
microbial community structure of actively occupied built environments (retreat and capture silk)
utilized and maintained by S. dumicola. Taking the ‘metacommunity perspective’ means we
consider the possible assembly outcomes of microbial dispersal between patches at both local and
regional scales simultaneously (Leibold & Chase 2017). We use a combination of SourceTracker
analysis (Knights et al. 2011), variation partitioning (Legendre 2008), and classic distance-decay
methods to tease apart answers to the following questions: 1) To what degree does soil microbiota
influence the microbial community associated with S. dumicola colonies? 2) Is the relationship
between silk and soil microbiota distance-dependent? 3) Do abiotic factors (temperature and
aridity) interact with dispersal limitation to influence the assembly of silk microbiota? 4) How do
these patterns differ between communities of bacteria and fungi? By exploring these patterns in
both bacterial and fungal communities, we can better understand how these two microbial groups
experience community assembly within the built environment of a highly social species. The
results highlight the influence of extrinsic soil microbes on silk microbial composition; however,
quantifying the effects of specific extrinsic taxa on host or nest health is outside the scope of this
analysis.

Methods

Study design and sample collection

In December 2018, we collected samples along two roadside transects that experience a
similar rate of environmental change (temperature and aridity) along their lengths (Figure 1a). The
East-West transect follows the N10, N14, and R31 highways in South Africa, and the North-South
transect follows along the B1 highway in Namibia (Figure 1b). Mean annual temperature and
precipitation were gathered from WorldClim v2 30 arcsecond (~1km) raster files (Fick & Hijmans
2017). Aridity data was gathered from the CGIAR-CSI Global-Aridity and Global-PET Database
(Zomer et al. 2007, 2008). All climatic variables were cross-referenced with the GPS coordinates
of each site location using QGIS (QGIS Development Team & others 2024).

We collected two silk types (retreat and capture) from S. dumicola colonies as well as soil
samples from immediately below each colony (Figure 1c¢). We collected capture silk samples by
twisting a sterile cotton swab in each capture web to gather up approximately 0.5 mL of
mechanically sticky silk and placing it into 1.5 mL centrifuge tubes. We used sterile plastic forceps
to remove approximately 10 mL of retreat silk and placed it into sterile 15 mL tubes. To collect
soil, we scooped approximately 10 mL of sandy soil, no deeper than 5 cm, into sterile 15 mL tubes
directly below each colony. We filled all samples to the max fill line on each tube with RNA/after®
(Sigma-Aldrich, St. Louis, MO) for transport and storage. Samples were then transported to the
University of Florida and placed in a -20°C freezer prior to processing.
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Figure 1. Silk and soil collection along a temperature and aridity gradient in southern Africa.
A) Pairwise relationship of geographic distance and environmental dissimilarity. Environmental
dissimilarity is measured as Euclidean distance based on mean annual temperature and aridity.
Pairwise comparison of sample sites is made within-transect (Namibia or South Africa) or
between-transects (Namibia vs South Africa). B) Map of the sampling area. Samples from all sites
(white dots) were used to calculate alpha and beta diversity metrics. Downstream analysis is
restricted to the 13 sites labeled Fungi (pink), Bacteria (purple), or both (yellow). At these sites,
all three sample types (retreat, capture, soil) were successfully sequenced. C) Example site showing
all three sample types.

To prepare samples for DNA extraction, we thawed each sample tube, removed the
RNA/ater® at the top of the tube, and centrifuged them 3 times at 4500 rpm for 5 mins. to separate
and remove RNA/ater® supernatant from the sample as much as possible. Once RNA/ater® was
removed, we added 0.01 M of phosphate buffered saline solution (-0.138M NaCl mixed with
0.0027 M KCl at pH 7.4). For capture silk samples, we used sterile forceps to remove the capture
silk from the cotton swap used to collect the silk and placed the silk in a new sterile 1.5 mL tube.
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All samples were vortexed at the end and frozen at -20°C. We sent all samples to ZymoBIOMICS
Targeted Sequencing Service (Zymo Research, Irvine, CA) for processing and sequencing.

DNA extraction, sequencing, and HTS data processing

ZymoBIOMICS-96 MagBead DNA Kit (Zymo Research, Irvine, CA) was used to extract
DNA using their automated platform. Bacterial 16S ribosomal RNA gene targeted sequencing was
performed using the Quick-16S™ NGS Library Prep Kit (Zymo Research, Irvine, CA) which
amplifies the V3-V4 region of the 16S rRNA gene. Fungal ITS gene targeted sequencing used the
same library prep kit but with ITS2 primers substituted for 16S primers. The ZymoBIOMICS
Microbial Community Standard (Zymo Research, Irvine, CA) was used as a positive control and
negative controls (i.e., blanks with no DNA) were included to assess the level of contamination
for each DNA extraction during the library prep.

Real-time PCR was used to amplify the DNA and quantified with qPCR fluorescence
readings, which were pooled together based on equal molarity. The final pooled library was
cleaned with the Select-a-Size DNA Clean & Concentrator (Zymo Research, Irvine, CA), then
quantified with TapeStation (Agilent Technologies, Santa Clara, CA) and Qubit (Thermo Fisher
Scientific, Waltham, WA). The final library was sequenced on Illumina MiSeq with a v3 reagent
kit (600 cycles). The sequencing was performed with 10% PhiX spike-in.

A gqPCR was set up using the same primers as the library prep with a standard curve made
with plasmid DNA for both 16S and ITS2 sequences in 10-fold serial dilutions. The standard curve
was used to calculate the number of gene copies in the reaction for each sample. The number of
gene copies per uL was calculated using the PCR input volume (2uL) for each DNA sample. The
number of genome copies per uL DNA sample was calculated by dividing the gene copy number
by an assumed number of gene copies per genome (i.e., 4 16S copies per genome and 200 ITS
copies per genome). The assumed genome size used to for this calculation was 4.64 x 106 bp, the
genome size of Escherichia coli, for 16S samples, and 1.20 x 107 bp, the genome size of
Saccharomyces cerevisiae, for ITS samples. The full calculation for this is in the Appendix.

Data analyses

For both bacterial and fungal datasets independently, general metrics of diversity and
composition were calculated using the full sample set. However, SourceTracker, distance-decay,
and structuring process analysis were performed on a subset of sites from which data was
successfully collected from all three sample types. In both bacterial and fungal datasets, all three
sample types were represented from 12 sites, but one site was removed from each dataset due to
poor or biased sampling, leaving samples from 13 total sites across both datasets (2 bacteria-only,
2 fungi-only, 9 with both; Figure 1b). All analyses were conducted in Rstudio using R version 4.4.1
(R Core Team 2024).

Sample diversity and composition

To help visualize ASV distribution among sample types, ASVs were parsed based on their
presence in at least one sample of any type (soil, capture, or retreat). An ASV can be found in any
of the seven possible combinations for the three sample types (i.e. soil, capture, retreat, soil &
capture, soil & retreat, retreat & capture, soil & capture & retreat). For each sample, the total ASV
relative abundance (%) is given for each sample type combination.
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Basic diversity analyses were also conducted to assess sampling differences between
sample types. Species accumulation curves were drawn to assess the adequacy of sampling depth
for all samples (‘vegan': (Oksanen et al. 2022)). Three alpha diversity metrics (Shannon's H
['vegan'], absolute richness ['vegan'], Faith’s phylogenetic diversity [PD; "picante’: (Kembel et
al. 2010)]) and Pielou's evenness were used to examine within-sample diversity and compare
between sample types. Statistical differences between sample types were assessed with ANOVA
and the Tukey HSD post-hoc test. Principal coordinates and distance-based PERMANOVA were
used to examine compositional differences between sample types (‘pairwiseAdonis’: (Martinez
Arbizu 2020)). Beta dispersion was used to assess the degree of within-sample type similarity
(‘vegan') and differences between sample types were assesed with ANOVA and Tukey HSD.

Structuring processes

The compositions of most microbial communities in nature are structured by both
deterministic and stochastic processes (Martiny et al. 2006), and structural turnover can occur
along both spatial and environmental gradients (Feng et al. 2019; Gilbert & Lechowicz 2004;
Ranjard et al. 2013). Confounding of spatial and environmental effects is common and several
methods exist to approach this problem, including linear regression and the Mantel test (Astorga
et al. 2012), phylogenetic null models (Stegen et al. 2012), and variation partitioning (Peres-Neto
& Legendre 2010). Each of these methods has its uses and applications that are appropriate for
different kinds of sampling design. In this case, we have two transects across similar environmental
gradients, and we can draw comparisons from within and between them to separate very long
distance effects from environmental effects. We know that the two transects share a similar
environmental gradient to distance relationship (Figure 1a). We also know that there may be little
spatial structure for the silk microbiome of S. dumicola at scales <500km (e.g., within the transects;
(Nazipi et al. 2021)); however, pairwise comparisons between sites of different transects can
separate whether compositional dissimilarity is due to environmental difference or large-scale
dispersal limitation. Here, we begin with distance-decay regression (Soininen et al. 2007) and add
in environment-decay multiple regression for comparison (e.g. (Locey et al. 2020; Ranjard et al.
2013)). We then use variation partitioning to estimate how much variation is attributed to the
environmental gradient, to the spatial gradient, and to spatial autocorrelation effects present in the
environmental gradient (Legendre et al. 2005; Peres-Neto et al. 2006).

The distance-based approach used binary Bray-Curtis distances between samples of the
same type regressed against geographical distance and ‘environmental distance,” respectively.

. . A+B-2 .
Compositional distance was calculated as ;TB] where A and B are the number of taxa in each

sample and J is the number of taxa in both (Oksanen et al. 2022). Only taxa present in more than
one sample were included (i.e. singletons were removed). Environmental distance was calculated
as the Euclidean distance between sites based on temperature and PET. Both temperature and PET
covariates were centered and scaled prior to this calculation. Likewise, geographical distance was
calculated as the Euclidean distance between sites from latitude and longitude given in decimal
degrees. Geographical distances were converted from decimal degrees to kilometers after
calculation. Environmental and geographical distance multiple regressions were performed for
within- and between-transect comparisons with compositional distance.

To perform variation partitioning, we first constructed a Moran’s Eigenvector Map (MEM)
from a spatial weighting matrix of the input site coordinates (‘adespatial’: (Guénard & Legendre
2022)), following Dray et al (Dray et al. 2006). MEM 1 was highly correlated with site geographic
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location and best accounted for the degree of spatial segregation of the two transects. The MEM
was first used to quantify the degree of spatial autocorrelation present in the environmental
covariates, temperature and PET). MEM2 was highly correlated with both environmental variables
and best represented the environmental gradient present in both transects. Therefore, MEM1 was
used as the spatial factor during variation partitioning in order to separate large-scale regional
effects from within-transect effects. A Moran Structural Randomization (MSR) test (‘adespatial )
was then performed between temperature and PET to quantify the degree of correlation between
the covariates after accounting for spatial autocorrelation. The MSR test indicated that, after
accounting for inherent correlation due to spatial autocorrelation, temperature and PET were
sufficiently non-correlated to include both in subsequent variation partitioning analysis (‘vegan’).
Statistical significance of the environmental and spatial components was quantified using
canonical correspondence analysis (CCA; "vegan’).

SourceTracker

SourceTracker analysis (Knights et al. 2011) is a Bayesian approach to quantifying the
proportion of a microbial population in a sample that comes from each of a set of sources identified
a priori. Originally, it was designed as a tool for identifying sources of contamination in
microbiome samples. It randomly assigns each ASV to one of the given source environments and
updates the likelihood of observing it in that source based on the proportion present in the sink
environment. It repeats this Gibbs sampling process 10 times to estimate the variability of the
posterior distribution. We used SourceTracker v1 (https://github.com/danknights/sourcetracker),
which was written for implementation in R (Knights 2016).

After each sink ASV has been assigned proportionally to each source, we took the mean of
the Gibbs samples of the ASV for each sample. We then took the mean across the samples to get
an estimate of the overall proportional source assignment for the sequence. With each capture silk
ASV given an assignment to 'soil', 'retreat' or 'unknown' source, we used these proportions to group
sequences by source value majority. Four groups were created: Soil, Retreat, Mixed, and
Unknown. ASVs grouped into the Soil, Retreat, and Unknown clusters were those assigned to each
of those three sources by SourceTracker with a proportion greater than 50%. ASVs grouped into
the 'Mixed' cluster were those with proportions less than 50% for all three assigned sources.

Variation between Gibbs draws of an ASV in each sink sample is quantified as the
coefficient of variation (CV = o/p). The skewness and kurtosis of the CV distribution for each
source summarizes the degree of uncertainty around draws from each source. Skewness > 1 and
high kurtosis indicates strongly right-skewed data that peaks near CV=0. Skewness <1 and low
kurtosis indicates weakly right-skewed data that peaks further from CV=0.

Intra-colony similarity

To better understand the SourceTracker results, we also examined compositional turnover
between sample types as a function of distance. Cross-comparison between the communities of
different sample types allows us to see the compositional relationship between sample types and
whether the strength of that relationship is affected by the physical distance between samples.
Similar to the traditional distance-decay approach, strong distance-dependent turnover between
sample types indicates that microbial exchange is more common between nearby samples than
distant ones.

Pairwise compositional distance was calculated between each bacterial and fungal dataset
and categorized by geographical distance between the sample collection sites. We calculated binary
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Bray-Curtis distances (‘vegan') between retreat and capture matrices, between retreat and soil
matrices, and between capture and soil matrices. We included only those taxa that were present in
more than 1 sample of either type (singletons removed).

We first performed multiple regression of pairwise compositional distances between
samples against the geographical distances within and between transects. We then grouped
compositional distances by relationship: between samples collected from the same site (“within-
colony”), between samples of different types from the same transect (“within-transect”), and
between samples of different types between transects (“between-transect”). The mean
compositional distances for each group were compared using two-way ANOVA. In this way, we
can test whether the microbiota collected from silks of the same colony are more similar to each
other than to silks of more distant colonies (i.e. distance-decay); likewise, we can test whether
local soils contribute to silk microbiome composition more than distant soils.

Data accessibility

Community feature tables, sample metadata, and data analysis pipeline are available at
https://github.com/kjmtaylor22/stegodyve, which is downloadable as a package using
‘devtools::install github’.

Results

Bacterial and fungal DNA extraction and sequencing were successful for 22 soil samples,
12 retreat silk samples, and 21 capture silk samples, though bacterial DNA sequencing was
successful for one additional retreat silk sample. The full dataset was used to examine general
metrics of diversity and composition. Subsequent analyses were conducted using the 33 sample
datasets as described in Methods.

Silk microbial communities are distinct from soil

Sample type (soil vs. retreat vs. capture) had a significant effect on alpha diversity and
evenness in bacteria, but not in fungi (Figure 2, Diversity; Figure S2). Bacterial alpha diversity
(Shannon’s H, richness) was significantly higher in soil than silks (Tukey HSD: padj<0.01), but
not different between silk types. Evenness in the soil communities was significantly higher than
the retreat communities (Tukey HSD, padj =0.005), but not different from capture communities.
Fungal alpha diversity and evenness were not significantly different between the three sample
types. Phylogenetic diversity (Faith’s PD) was not significantly different between sample types for
either bacterial or fungal communities.

Differences in composition among samples (Figure 2, Composition) were explained
predominantly by the sample type (soil, retreat, capture) and secondarily by transect (Namibia,
South Africa) in both bacteria (PERMANOVA; p<0.001) and fungi (PERMANOVA; p<0.001).
These factors accounted for 21% and 18% of the total variance in bacterial and fungal
communities, respectively. In the bacterial samples, all three sample types were compositionally
distinct. In contrast, while fungal communities were compositionally distinct between silk and soil,
there were no differences between silk types.

Bacterial beta dispersion was not significantly different between sample types. Fungal beta
dispersion was significantly higher in soil than retreat silk (Tukey HSD; paqj=0.003) and capture
silk (Tukey HSD; p.gi=0.002) and not significantly different between capture and retreat silk
(Figure 2, Variability).
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Figure 2. Alpha and beta diversity of microbiota associated with silk and soil samples. Panels
from left to right compare simple metrics of diversity (richness), composition (principal
coordinates), variability (dispersion) and taxonomic distribution among sample types for bacterial
communities (top) and fungal communities (bottom). Groups that are statistically different from on
another are indicated either with letters or stars (*p<0.05; **p<0.01). Non-significant differences
are indicated with ‘ns.’

Differences between soil and silk composition were driven largely by the numerical difference in
species richness (Figure 2, Dispersion). However, though soil tended to be more species rich,
bacterial taxa specific to each sample type or shared among all three sample types were the most
abundant. Taxa shared just between soil and retreat silk or soil and capture silk were numerically
rare. In contrast, the most abundant fungal taxa were those that were shared among all three sample
types or were unique to soil. Taxa shared between just two sample types or unique to silk were
more numerically rare.

Silk communities are structured by different ecological processes than soil

Examining compositional turnover against geographical distance alone generally explained
compositional turnover well (Figure 3a, Bacteria: retreat R =0.41, F=11.98, p<0.001, capture R?
=0.26, F=5.92, p<0.001; Figure 3c, Fungi: retreat R* =0.49 F=16.43, p<0.001, capture R* =0.62,
F=27.95, p<0.001). There were no within- or between-transect differences for the different sample
types, except in the retreat bacteria where the slopes of the two lines differed (t=2.09, p=0.04). The
lack of statistical difference in the multiple regression indicates that the relationship between
composition and geographical distance is ultimately the same both within- and between-transects.
In absentia of an environmental decay gradient, this might be easily mistaken for evidence of
distance-decay patterns. However, compositional turnover across an environmental gradient was
also considered:

Environmental effects on composition within and between transects have substantial
explanatory power for silk compositional variation (Figure 3b, Bacteria: retreat R* =0.44, F=13.13,
p<0.001, capture R* =0.45, F=13.69, p<0.001; Figure 3d, Fungi: retreat R? =0.41, F=11.60,
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Figure 3. Parsing spatial and environmental processes influencing silk and soil microbial
community assembly. A,B) Bacteria. C,D) Fungi. A,C) Multiple regression of pairwise sample
compositional similarity against geographical distance (km). B,D) Multiple regression of pairwise
sample compositional similarity against environmental dissimilarity. Environmental dissimilarity
is calculated as a Euclidean distance based on mean annual temperature and aridity at each site.
Sample pairs are either both from the same transect (“Within transect,” solid line) or from different
transects (“‘Between transect,” dashed line). Trendline equations are given for each line
separately. See Tables S1,2 for coefficients and statistics. B,D insets) Venn diagrams showing the
proportion of the total R2 accounted for by environmental and spatial processes. The total R2 is
given below the Venn segments. Stars indicate statistical significance based on CCA (*p<0.05,
**p<0.01, ***p<0.001).

p<0.001, capture R? =0.65, F=30.99, p<0.001). Generally, sites that were more similar
environmentally across transects were also more compositionally similar than those that were more
environmentally distinct. Within transects, sites that were more similar environmentally generally
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had greater silk compositional similarity (Bacteria: retreat t=-4.72, p<0.001, capture t=-3.32,
p=0.002; Fungi: retreat t=-2.60, p=0.01; capture t=-6.16, p<0.001). Interestingly, the between-
transect decay trend paralleled the within-transect result but y-downshifted in three of the four silk
communities. The y-downshift of the between-transect regression relative to the within-transect
regression is significant in the silk fungal communities (Fungi: retreat t=-3.55, p<0.001, capture
t=-3.33, p=0.002) but not in the silk bacterial communities (Bacteria: retreat t=-3.09, p=0.003,
capture t=-0.19, p=0.85). Neither silk nor soil microbial communities show significant interaction
effect between environmental decay and transect (Table S1,2), meaning that environmental
influence on compositional dissimilarity is not affected by increasing distance.

Variation partitioning analysis of silk microbial communities showed that silk
compositional turnover is more dependent on environmental differences than geographical
distance, although the two variables are measurably confounded (Figure 3b, insets). Permutation
test for CCA of bacterial silk communities indicates that the environmental component is
significant (Retreat: R?=0.17, F=2.09, p=0.035; Capture: R*?=0.1, F=1.56, p=0.021) but the spatial
component is not (Retreat: R =0.07, F=1.78, p=0.1; Capture: R? =0.03, F=1.27, p=0.2). Overlap
between bacterial spatial and environmental components is large relative to the individual fractions
(Retreat: R? =0.05; Capture: R* =0.07). CCA permutation tests for fungal silk communities
indicates that both the environmental and spatial components are significant (Retreat:
environmental R? =0.16, F=1.77, p=0.043, spatial R* =0.12, F=2.80, p=0.015; Capture:
environmental R? =0.21, F=2.44, p=0.001, spatial R* =0.13, F=2.55, p=0.003). Overlap between
fungal spatial and environmental components is small relative to the individual fractions (Retreat:
R?=0.04; Capture: R? =0.02).

In contrast to the silk, soil microbial composition is poorly explained both by within- or
between-transect environmental dissimilarity and by geographical distance alone (Figure 3c,d; R?
<0.07). In other words, neither environmental filtering nor geographical distance has a significant
impact on soil microbe composition. Similarly, partitioning of soil community variation is weak
in both the bacterial and fungal communities (Figure 3d, insets; Bacteria: environmental R? =0.08,
F=1.41, p<0.1, spatial R* =0.06, F=1.56, p<0.1; Fungi: environmental R? =0.07, F=1.35, p=0.1,
spatial R> =0.03, F=1.23, p>0.1). There is no measurable overlap between the environmental and
spatial variation components in the soil microbial communities (Figure 3b,d insets, bottom).

Capture silk is a sink for soil bacteria dispersing from across the region

SourceTracker identified 1930/5167 bacterial ASVs and 606/2087 fungal ASVs abundant
enough in the capture silk to be drawn by the Gibbs sampler. The goal of this analysis was not to
generate an exhaustive catalogue of soil taxa present in the silk; rather, it was to assess the potential
for soil to contribute to silk microbiome assembly.

SourceTracker identified several highly abundant soil bacterial ASVs present in the capture
silk. The top 5 most abundant bacterial ASVs in capture silk were classified as Retreat or Soil and
belong to Geodermatophilus and Modestobacter. For bacterial ASVs drawn from retreat and soil
sources, the distribution of CV of Gibbs draws is highly right-skewed (Figure 4a; skew > 5, kurt >
46). The assignment of bacterial ASVs to an Unknown source generally exhibited greater
uncertainty (Figure 4a ; skew=1.46 kurt=5.49). Capture silk bacteria are drawn similarly from soil
(764/1930; 39.6%), retreat silk (509/1930; 26.4%), and an unknown source (587/1930; 30.4%).
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Figure 4. Sources of microbial taxa in capture silk and the uncertainty of source assignment by
SourceTracker based on ten Gibbs draws. Pie charts show the number of ASVs analyzed that
were assigned to a given source. Density plots show the distribution of coefficient of variation of
assignments for each ASV across the ten Gibbs draws. A) Bacteria. B) Fungi.

The remaining capture silk bacteria (70/1930; 3.6%) are most likely drawn in part from multiple
sources.

In contrast, identifiable soil fungal ASVs were typically rare in capture silk, and the most
abundant taxa were either classified as Unknown or Retreat. The top 5 most abundant fungal ASV's
belong to Aureobasidium, Pleosporales, and Neocamarosporium. For fungal ASVs drawn from
retreat and Unknown sources, the distribution of CV of Gibbs draws is highly right-skewed (Figure
4b; skew > 2, kurt > 10). The assignment of fungal ASVs to soil generally exhibited greater
uncertainty (Figure 4b; skew=1.34, kurt=3.70). Capture silk fungi are largely drawn from an
unknown source (406/606; 67.0%). Comparatively few capture silk fungi are drawn from the soil
(75/606; 12.4%) and retreat silk microbiota (103/606; 17.0%), and a few are indeterminate
(22/606; 3.6%).

Silk is a sink for soil fungi dispersing locally

In the bacterial communities, the distance-decay relationship is generally weak.
Compositional similarity of the capture and retreat silk microbiota is significantly higher within
colonies than between transects (ANOVA, p=0.003), but the within-colony comparison is not
significantly different from comparisons within transect. Similarity between the capture silk and
the soil microbiota is slightly higher within colony than within transect (ANOVA, p=0.03) but is
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Figure 5. Compositional similarity between sample types is a function of distance between
transects. Samples of different types are generally more similar when taken from the same location
(“Within colony”) than when taken from different locations (“Within transect” or “Between
transects”). Capture silk microbiota are compared with the retreat silk microbiota (teal; top
panels) and soil microbiota (brown; middle panels), and retreat silk microbiota are compared with
soil microbiota (magenta; bottom panels). Groups that are statistically different from on another
are indicated with letters. Non-significant differences are indicated with ‘ns.’

not different from the ‘between transect’ group. The retreat silk bacterial communities indicate
equal compositional similarity to local and distant soil microbiota.

In contrast, the fungal communities indicate a strong distance-decay relationship between
samples collected at the same site versus samples collected further apart. Compositional similarity
between capture and retreat silk samples collected from the same site is strongly differentiated
from samples collected within transect (ANOVA, p<0.002) and from samples collected between
transects (ANOVA, p<0.001). There is also a significant difference in compositional similarity
between samples collected within and between transects (ANOVA, p=0.002). Similarly, both the
capture and retreat silk microbiota show significantly stronger similarity to local soil than soils of
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the same transect (ANOVA, p<0.001 and p=0.015, respectively) or to soils of the other transect
(ANOVA, p<0.001 and p<0.001, respectively).

Discussion

Built environments act as reservoirs for host-extrinsic microbiota and host-associated
microbiota alike (Bosch et al. 2024; Wilkins et al. 2016). In a metacommunity mindset, these
reservoirs engage in dispersal feedbacks with the host that can reinforce existing host microbiota
and/or facilitate transmission within the social group (Miller et al. 2018; Sarkar et al. 2020). For
social spiders, a potentially major source of extrinsic microbiota is the sand and soil being blown
around the arid landscape of Southern Africa. Both the capture and retreat silk are typically
suspended in bushes and trees and easily accumulate soil and dust particulates as well as other
debris. Although transmission rates from the environment are likely lower than transmission rates
among individuals, environmental acquisition by one member of the social group has the potential
to be passed quickly among nestmates for both fungi (Cassidy et al. 2025) and bacteria (Keiser et
al. 2016).

Strong spatial structure in silk-associated fungal communities has been demonstrated
across small and large scales (Nazipi et al. 2021), so we expected to observe it here as well. Indeed,
the fungal metacommunity responded more strongly to both spatial and environmental factors than
the bacteria, suggesting that temperature and aridity also have a substantial localized effect on silk
microbial assembly. Mean annual precipitation, mean annual temperature, and potential
evapotranspiration have all been found to be generally good predictors of fungal alpha, beta, and
gamma diversity, respectively (Mikryukov et al. 2023; Tedersoo et al. 2014). The environmental
gradient here is suggestive; however, longer transects across a longer environmental gradient might
yield stronger structuring power over microbial communities.

In contrast, the distance dependence of the silk bacterial metacommunity is not as strong
as we might expect, given that both silks are constructed by spiders that rarely stray from the nest
and maintain a strong social microbiome between generations (Rose et al. 2023b). For instance, in
a strong distance-decay relationship, silks from the same site should be significantly different from
silk comparisons made between colonies within the same transect or between transects. Here, the
bacterial metacommunity shows that only the within-colony and between-transect comparisons are
significantly different, suggesting a breakdown of distance-dependence at smaller scales. Previous
analyses have also hinted at this pattern, where spatial structure of the silk microbiome between
colonies breaks down at scales less than 500km (Busck et al. 2020; Keiser et al. 2019; Nazipi et
al. 2021). Two forces may be responsible for driving this pattern. The first driver is bottom-up: the
obligate, core microbiome of the spiders is small or nonexistent (Busck et al. 2020, 2022), and the
social microbiome is easily disrupted by social fragmentation (Rose et al. 2023a); thus, spatial
turnover may only be observable at very small scales (i.e. <100 m) where historical colony
connections are most feasible. The alternative driver is top-down: High propagule pressure from
cosmopolitan environmental taxa distributed across the region wash out the relationship between
silk microbiomes within that area. Uncontrolled influx of microbes from high-diversity sources
like soil can thus have major impacts on both the built environment and the social microbiome of
its inhabitants.

Clearly, in this system, the soil microbiome has significant influence over the composition
of the silk microbiome. However, it is interesting that this influence is realized in very different
ways by the bacterial and fungal metacommunities. For instance, although neither the bacterial nor



431
432
433
434
435
436

437
438
439
440
441
442
443
444
445

446
447
448
449
450
451
452
453
454
455
456
457
458

459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475

fungal soil metacommunities showed any large-scale turnover with distance (distance-decay) or
along the temperature and aridity gradient (environment-decay) fungal soil-silk relationships were
stronger within colonies than between them. This suggests that a) soil fungal communities exhibit
high spatial heterogeneity (much like soil bacteria (O’Brien et al. 2016)), and b) extremely
localized fungal dispersal has a much more significant impact on nearby silks than long-distance
dispersal.

The soil bacterial metacommunity, in contrast, demonstrated both no distance-decay
relationship and only a very weak affinity to local silks relative to distant silks. This suggests that,
compared to the soil fungi, soil bacteria are truly dispersal unlimited once airborne. The lack of
any meaningful distance-decay relationship between soil bacteria and either silk type, despite high
soil taxonomic contribution, supports the top-down perspective of high propagule pressure. Under
the hypothesis of high dispersal, high loads of well-mixed soil bacteria caught in silk may influence
nearby and distant nest communities equally. These taxa may be widely distributed due to low

dispersal limitation of soil bacteria under extremely arid and windy conditions (Barberan et al.
2014; Choudoir et al. 2018).

The difference between bacterial and fungal cross-comparison patterns may be due to
multiple factors related to fungal biology and life history traits, which may have significant impacts
on the shape of their dispersal kernels: bacterial dispersal kernels may be more fat-tailed on average
than fungal dispersal kernels (Golan & Pringle 2017; Jenkins et al. 2007). The standing assumption
in the literature is that both bacteria and fungal spores are considered “dispersal unlimited” by
virtue of their small size. However, fungal propagule size relative to bacteria may show relative
more dispersal limitation (stronger distance-decay) in fungi than bacteria (De Bie et al. 2012;
Wilkinson et al. 2012). There is also variation in fungal dispersal ability; for example, spores from
mycorrhizal fungi are much larger than ascomycetes and basidiomycetes, and as a result, they do
not hang in the air as long or travel as far (Egan et al. 2014; Peay et al. 2012). Generally longer
lifespans in fungi also correspond with longer historical contingency in fungi than bacteria
(Mennicken et al. 2020), although bacterial communities do exhibit some historical contingency
too (Andersson et al. 2014).

Indirectly, the SourceTracker results concur with the idea that bacterial and fungal
metacommunities here differ in degree of dispersal limitation. We included the SourceTracker
analysis initially because of its application to sample contamination analysis over fairly large scales
(Henry et al. 2016; Liu et al. 2018). In general, SourceTracker had an easier time classifying each
bacterial ASV to its most likely source than it did each fungal ASV. In the bacteria, there was
greater uncertainty with the so-called “Unknowns” than either the retreat or soil taxa; in the fungi,
the greatest uncertainty was with the soil. This suggests that, in the fungal metacommunity, soil
samples are each more directly paired to a particular capture sink than to the capture silk
metacommunity as a whole. In contrast, several retreat fungi and bacteria appeared to be
identifiable with high concordance between Gibbs samples. This suggests that these taxa may be
silk or S. dumicola specialists that occupy silk and debris as a byproduct of their association with
the host. In both bacterial and fungal metacommunities, the Unknown taxa are likely representative
of either capture silk specialists or poorly distributed taxa. We suggest that the Unknown bacteria
are more likely to be capture silk specialists, not only because they tend to be rare but also because
the most abundant extrinsic taxa (Geodermatophilus and Modestobacter) are members of the
family Geodermatophilaceac and commonly associated with soils (Normand et al. 2014).
Likewise, we suggest that the Unknown fungi are more likely to be dispersal limited because they
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were often highly abundant compared to the soil taxa. The most abundant Unknown or retreat taxa
(Aureobasidium, Pleosporales sp., and Neocamarosporium) are members of the class
Dothideomycetes and most commonly found infecting plants or saprotrophic to decaying plant
matter (Schoch et al. 2009) and may be most closely sourced from the plant acting as substrate to
the nest.

There are two possible explanations for the discrepancy in classification power between
bacterial and fungal datasets. The first explanation is biological: the fungi identified as Unknown
may be immigrating from other, more significant sources than soil. One of these sources may be
prey carcasses, as suggested previously (Keiser et al. 2019; Nazipi et al. 2021). The second
explanation is based on the analytical structure of SourceTracker, which was originally designed
to identify sources of sample contamination and quantify their contribution to sink sample
composition (Knights et al. 2011). SourceTracker assumes that samples taken from a given source
contain communities that are drawn from the same joint species distribution (Knights et al. 2011),
which can be affected by dispersal limitation, gradients of abiotic factors, and/or biotic interactions
(Leibold et al. 2021). If these communities are not equally governed by the same underlying
ecological processes, the resulting pattern is high uncertainty around assignments to one or more
of the given sources -- in this case, soil.

To our knowledge, SourceTracker has not been applied to a dataset of this geographic scale
before. Previous studies applying it have been largely limited to single experimental setups in the
lab (Pedersen et al. 2015), or to exploring waterborne contamination across broader scales in the
field (e.g. (Bauza et al. 2019; Henry et al. 2016; Liu et al. 2018; Tian et al. 2024)]. In both cases,
the assumption is that dispersal between samples is high. We find that its assumptions about the
nature of the distribution underlying the relationship between sources and sinks make it an
unexpectedly useful tool for discriminating dispersal specialists on very large scales. Other
methods, such as those by Stegen et al (Stegen et al. 2013, 2015), are perhaps better approaches
for parsing homogenizing dispersal from dispersal limitation within one type of sample (i.e. soils)
but are not designed for estimating relationships between sample types.

Together, these different lines of evidence indicate that the bacterial and fungal
metacommunities in this system take on different network structures. Based on our analysis, we
hypothesize that the fungal metacommunity takes on a multi-layer network-like structure, where
the strongest links occur within sample type, and additional links between sample types are
moderated by distance. In contrast, we hypothesize that the bacterial metacommunity assumes a
modular network-like structure, where samples (the nodes) are strongly linked within each sample
type but weakly linked between types, and link strength is not influenced by geographical distance.
This work explores the baseline for the relationship between the built environment and extrinsic
microbial sources in this system. Future work should address how the differences in bacterial and
fungal metacommunity structure influence the social microbiome and health of hosts. Different
network structures are known to influence microbial transmission (Shirley & Rushton 2005) and
may be factors in pathogen accumulation and nest decline in S. dumicola (Busck et al. 2022).
Alternatively, how these networks influence compositional changes to the host- and nest-

associated microbiome over time may locally alter host fitness and survival patterns (Mueller et
al. 2020).
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728  Figure S1. Rarefaction curves for bacterial (left) and fungal (right) communities from soil, (top),
729  retreat silk (middle) and capture silk (bottom) samples. Curves were generated with a sample size
730  of 250 taxa.
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731  Figure S2. All diversity metrics calculated for bacterial and fungal communities: Shannon’s H,
732 Richness, Evenness, Chaol, Faith’s PD, beta dispersion. A) Boxplots show the values of each
733  metric for each sample type. B) Tukey HSD results for pairwise ANOVA comparisons between the
734  sample types for each metric. Blue lines indicate those differences between groups that are
735  statistically different from O.
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