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Abstract

Co-occurrence networks offer insights into the complexity of microbial interactions, particularly in
highly diverse environments where direct observation is challenging. However, identifying the scale
at which local and non-local processes structure co-occurrence networks remains challenging because
it requires simultaneously analyzing network structure within and between local networks. In this
context, the rumen microbiome is an excellent model system because each cow contains a physically
confined microbial community, which is imperative for the host’s livelihood and productivity. Em-
ploying the rumen microbiome of 1,012 cows across seven European farms as our model system, we
constructed and analyzed farm-level co-occurrence networks to reveal underlying microbial interaction
patterns. Within each farm, microbe co-occurrence was significantly transitive with a group structure
that reflected functional equivalence in co-occurrence. Knowing the group composition (obtained with
stochastic block modeling) in one farm provided significantly more information on the grouping in
another farm than expected. Moreover, microbes strongly conserved co-occurrence patterns across
farms (also adjusted for phylogeny). We further developed a meta-co-occurrence multilayer approach,
which links farm-level networks, to test scale signatures simultaneously at the farm and inter-farm
levels. Consistent with the comparison between groups, the multilayer network was not partitioned
into clusters. This result was consistent even when artificially disconnecting farm-level networks. Our
results show a prominent signal of processes operating across farms to generate a non-random yet
similar co-occurrence patterns. Comprehending the processes underlying rumen microbiome assem-
bly can aid in developing strategies for its manipulation to mitigate greenhouse gas emissions. More
broadly, our results provide new evidence for the scale at which forces shape microbe co-occurrence.
Finally, the hypotheses-based approach and methods we developed provide can be adopted in other

systems to detect scale signatures in species interactions.
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Introduction

The composition and interaction structure (who interacts with whom) of microbial communities de-
termine their stability and function [1-3]. For example, different gut microbiome compositions are
associated with animals’ digestion [4,5]. Therefore, a central goal of microbial ecology is to understand
the mechanisms underlying microbiome composition and structure. However, it is highly challenging
in microbial systems to observe interactions (e.g., competition, cross-feeding) when diversity is high
under natural conditions. Hence, researchers use co-occurrence networks to describe the structure of
microbial communities. While co-occurrence is not direct evidence for interactions, it is a prerequisite
[6-9]. In a co-occurrence network, a link represents a statistically significant association across space
(or time). Such associations emanate from three primary processes: dispersal limitation, environ-
mental filtering, and biotic interactions [10-12]. Therefore, the structure of microbial co-occurrence
networks is governed by a mixture of processes operating at different scales, as is also true for other
network types such as food webs [13]. Identifying the signatures of local vs. non-local processes that
determine the structure of co-occurrence networks remains a challenge and is the primary goal of this

work.

At local scales, co-occurrence depends on direct and indirect interactions with other microbes. For
instance, competition is a selective force that occurs at a local scale because it typically requires
physical proximity [14]. Cross-feeding networks in which microbes depend on each other directly
or indirectly via the production and consumption of metabolites is another key example [15]. At
the non-local scale, environmental filtering affects local microbe composition [16,17]. For instance,
physical-chemical conditions [18,19] and temperature [17]. Therefore, co-occurrence patterns can vary
in space, for example, due to variability in environmental conditions or host characteristics [18,19].
Moreover, local communities exchange species with a ‘regional’ species pool and are interconnected via
colonization-extinction dynamics due to microbe dispersal, generating meta-communities [20,21]. Eco-
logical networks, including co-occurrence networks, contain signatures—that is, observable patterns

indicative of the processes and factors that generated the network [22,23].

To investigate the scale at which signatures of co-occurrence are detected, we used the highly com-
plex microbial ecosystem of the rumen microbiome [24]. The rumen ecosystem is a confined abiotic
microbial environment. Therefore, it is particularly advantageous because it allows for a focused
examination of interactions within this ecosystem, reducing biases resulting from a mismatch be-
tween spatial scales of analysis and interactions [9]. Moreover, the rumen ecosystem’s considerable
importance to food security drives comprehensive monitoring of on-farm parameters, including diet
composition and occasionally even host genetics, which enables us to establish connections between
ecological patterns and their potential determinants. We chose a rumen microbiome data set of 1,012
cows from seven European farms of different localities that were monitored for diet and host genetics
[25]. We focused our analysis on the ‘common core’ microbiome—a subset of microbes that occur in
a minimum proportion of hosts [26,27]. Using core microbes allowed us to focus on those more likely
to influence other microbes and drive co-occurrence patterns [28]. Core microbes are also associated

with cow phenotypes (e.g., methane emissions and dairy production) [25].

The advantage of using networks is the ability to go beyond pairwise co-occurrence because microbe
occurrence and co-occurrence involve indirect effects. We developed a set of hypotheses to detect struc-

tural signatures of scale (Fig. 1). One approach is to analyze local co-occurrence networks separately



and compare them [19,29]. We hypothesized that within each farm, there would be a non-random
transitive signature such that if microbe i co-occurred with j and j with K, then microbe i would
also co-occur with K (hypothesis H1). Non-random transitivity would indicate that from a microbe
perspective, co-occurrence structure is driven by either similar environmental conditions (i, J and k
occupy the same niche) or interaction dependence [14]. For example, rock-paper-scissors competition

dynamics can lead to the coexistence of three species [30].

Transitivity is a well-known measure of clustering in a node’s neighborhood [31]. Such “neighborhood”
clustering can lead to the emergence of groups of microbes that interact with microbes that themselves
interact with similar microbes (H2). We tested for this network pattern using a stochastic block
model (SBM). Stochastic block models aim to identify nodes with similar patterns of connections,
suggesting they serve similar functions or roles within the network [32,33]. They can, therefore, be
used to determine functional groups in ecological networks [32,34], including in microbial networks [35],
although this has been rarely done. In our study system, microbes from the same group have a higher
probability of co-occurring with each other than with microbes from other groups. By comparing
the composition of groups across farms, we can gain insights into the scale at which co-occurrence is
determined. If group composition is similar across farms, then similar processes likely operate in those
farms (H3). Moreover, if similar processes operate at different farms, microbes will likely conserve
co-occurrence partners across farms more than expected by chance. Therefore, co-occurrence links
will be repeatable across farms (H4). We tested this hypothesis using partner fidelity [36], which

measures how similar a microbe’s partners are across farms.

Comparing farm-level networks treats these networks as separate, disconnected communities. Never-
theless, microbe co-occurrence is governed by various processes operating at different scales. Hence,
it is necessary to simultaneously analyze network structure within and between farm-level networks.
For that, we need a mathematical object that separates farm networks on the one hand and connects
them on the other. Multilayer networks [37] are a powerful tool that can represent multiple interlinked
co-occurrence networks, effectively creating a meta-co-occurrence network. This framework allowed
us to investigate, for the first time, local and non-local network signatures of co-occurrence simultane-
ously (Fig. 1D, Methods). We analyzed this multilayer network using modularity to quantify at which
scale—farm, country, or regional (across countries)—the partition of microbes to modules (clusters of

nodes) was prominent.

Across scales, we detected a prominent signal of forces operating across farms to generate a non-random

yet similar pattern of co-occurrence.



Fig. 1. Overview of study scales, hypotheses, and analyses The gures summarize the hypotheses

and the methods used to test them (italic text in parenthesegf) Microbes occur in cows. The four

cows in this toy example belong to the same farm. We calculated the probability that two microbes will
co-occur across the cows within each farm. We connected microbe pairs whenever their co-occurrence was
statistically signi cantly greater than their co-occurrence based on their prevalence alone. The result is a
microbial co-occurrence network (cows are not part of the network) for each farm as in p@)el (B)

The farm-level networks allow testing patterns that transcend pairwise interactions within each farm, such
as transitivity (H1) and grouping (H2).(C) At the inter-farm scale, we compared farm-level networks to
gain insights into the scale at which processes determine the structure (H3 and (#3).We also created

a meta-co-occurrence network using a multilayer network approach. In this network, layers (depicted as
polygons) are farm-level networks. Interlayer links;( ; blue) connect between microbesand j that

have a co-occurrence link in both farmsand . Here, the blue and green microbes co-occur in cows

on both farms. In contrast, the blue and pink occur in both farms but do not co-occur in both and are
therefore disconnected between farms. We used this network to detect scale signatures while simultaneously
considering within and between farm processes (see Fig. 4 for a complete set of hypotheses).



Methods
Data

We used data from Wallace et al. [25]. Rumen microbiome samples were collected from 1012 cows.
The cows were divided into two cow breeds located in four di erent countries in Europe: 816 Holstein
dairy cows in the United Kingdom (farms UK1 and UK2) and ltaly (farms IT1, IT2, and IT3), and

196 Nordic Red dairy cows in Finland (farm FI1) and Sweden (farm SE1). Cows were fed highly
controlled diets. The Holsteins received a maize silage{based diet, while the Nordic Reds received
a nutritionally equivalent diet based on grass silage as forage (Table S1). In the original study [25],
the farmers did not reveal the farm identity or location. Hence, the regions the farms are located in
are available, but not their exact coordinates. This does not a ect our study because the signatures
we obtained are not related to distance. Unlike wildlife, cows and the microbes within them do not
disperse freely across space.

Each rumen sample was analyzed for paired amplicon reads [25]. The paired reads were then run
through DADA2 using default parameters as pre-merged reads. The taxonomic assignments for the
reads were performed using the SILVA database (silvanr_v138). Because the data was for sequences
of the V4 region, only Prokaryotes and Archaea are included. The complete data set included 12,109
microbe ASVs (amplicon sequence variants), clustered at 100% similarity. The microbiome samples
were composed primarily of bacteria (99%), and the rest were archaea, or unknown.

We used the “common core' microbes in each farm [26,27] to focus on the signal produced by the
key microbes. Wallace et al. [25] de ned the common core microbes as those occurring at 50% of
cows within a farm, remaining with 454 microbes. At this strict threshold, the core microbes strongly
predicted the cow phenotype (e.g., methane emission, lactation). Therefore, this can be considered
as the “functional core' [38]. Nevertheless, a 50% threshold is stringent as it includes only 3.7% of
ASVs, which omits variation in occurrence that can in uence signatures in the meta-co-occurrence
network. We opted not to deviate drastically from the functional core because it is biologically
meaningful. Hence, we focused our analysis on microbes occurring in at least 30% of the cows, which
removes biases due to rare species. We also tried other thresholds (except for SBM analysis, which is
computationally impossible when there are too many nodes). Overall, the sensitivity analysis shows
that the patterns we obtained in the 30% threshold provides a good balance between a biologically
meaningful set of microbes and the ability to discern the scale of the processes that de ne it (see
details in Sl note 1).

Construction of farm-level co-occurrence networks

Within each farm, we constructed a co-occurrence network using a combinatorial model that provides
the probability that two ASVs (nodes in the network) signi cantly positively or negatively co-occur
[39] (implemented with R package cooccur v1.3 [40]) (Fig. 1A-B). The combinatorial model was solely
used to determine co-occurrence links. That is, a link between ASM and j in farm  could exist
(value 1) or not (value 0): w; 2 f 0; 1g. Statistical signi cance of co-occurrence was determined per
ASV-pair by calculating the combinatorial probability that the two ASVs will randomly co-occur with

a probability equal to, or more than, observed in the data. The calculation considers their prevalence
in cows and the number of cows. If this probability is smaller than 5%, we considered an intralayer co-

occurrence link (vvij =1, Fig. 1B). Co-occurrence is calculated across cows, so these are not included



in the resulting network.

We note that there are several methods to detect co-occurrence in microbial communities, each with
its advantages and disadvantages [7]. In reality, no method will detect the “true' co-occurrence. We
used Veech's method [39] for three reasons. First, it has a “built-in' null hypothesis whereby p values
are calculated using a distribution-free probabilistic model [39]. It, therefore, avoids potential biases
due to randomization-based null models [41]. Second, our data were binary (presence/absence of a
microbe in cows). Third, it has been widely used and found to be a robust method, including in
studies of microbial communities [42,43].

We tested for non-random co-occurrence patterns by creating 500 shu ed networks for each farm. We
randomly distributed the microbes between cows within each farm, conserving the number of microbes
a cow hosts. This is a conservative algorithm because allowing the number of microbes per cow to
vary would make it easier to detect statistically signi cant results (increasing false positive rates) [44].
This strengthens our results, ensuring that the non-random patterns revealed are statistically strong
and biologically meaningful. After redistributing microbes, we recalculated the farm's co-occurrence
network. This process was repeated 500 times per farm, resulting in 3,500 shu ed networks.

Clustering coe cient

We tested transitivity in co-occurrence by calculating the clustering coe cient. The clustering co-
e cient of a microbe i, CC;, is de ned as the number of closed triangles (three connected nodes,
including i) out of all possible triangles: CC; = 2Ni=(kj(ki 1)), where N; is the total number of
links betweeni's neighbors andk; is the degree (number of links) ofi. If none of the co-occurring
partners of a focal microbe co-occur with one anotherCC; will be 0. In contrast, if all the neighbors
of a microbe co-occur among themselve$; C; will be 1. BecauseCC; can be biased when the degree
is low (it is easier to close triangles), we only calculated CC for ASVs with ten or more partners [45].
An alternative analysis would be to calculate if the probability of three microbes to co-occur is larger
than the joint probabilities of each to occur. Nevertheless, this analysis is conceptually di erent than
transitivity because it does not test triangle closure. It is also computationally e ectively impossible
as there are too many microbe trios.

Stochastic block models

We tested for the emergence of groups of microbes with similar co-occurrence patterns (H2) using
an SBM analysis on each farm. Stochastic block models identify nodes within a network with a
similar connectivity pro le. Accordingly, nodes are \stochastically equivalent” if they share the same
connection patterns to other nodes [33,46]. In the standard SBM, nodes are divided int& groups
with an a nity matrix, denoted as , which encodes the probabilities of links within and between
groups. Consequently, the probability that a link exists between two nodes, and j, which belong to
groups ¢ and cy respectively, isPj = . This arrangement implies that nodes within the same
group have identical probabilities of forming connections with nodes from any other group.

The primary objective of the SBM algorithm is to uncover these hidden groupings within the network.
The algorithm determines the model parameters that most accurately represent the observed network
structure. It seeks the grouping con guration most likely to have produced the observed data. The
algorithm partitions the network to K groups and calculates the likelihood of such clustering, con-



sidering the membership of nodes in groups. The best partition minimizes the AIC score (calculated
based on the likelihood and number of model parameters). We performed the SBM analysis with the
sbm R package (v0.4.5) [47].

Normalized mutual information

We used a measure of Normalized Mutual Information (NMI) [48], based on information theory, to
examine the di erences in SBM group composition between each pair of farms. The index quanti es,
for nodes that appear in both farms, the amount of information that group composition in one farm
provides to deduce the group composition in the other. The NMI score is based on de ning a confu-
sion matrix N, in which the rows correspond to the groups in one farm (farm A), and the columns
correspond to those in the other farm (farm B). The element ofN, Nyy, is the number of nodes in
the group x from farm A that appear in a group y from farm B. A measure of similarity between the
partitions, based on information theory, is de ned as:
2P°A_ PCE Nxy 10g(Nxy N=Ny N y)
I(A;B)= P x=1 y=1 Nxy 10Q(Nxy N=INx N y

wa1 Nx: log(Nx =N) + * {2, N.ylog(N y=N)

(1)

Here, N is the total number of nodes compared (only those that occur in both farms are included),
the number of groups in farm A is denotedca and the number of groups in farm B is denotedcg, the
sum over rowx of the matrix N is denotedNy , and the sum over columny is denotedN y. If the two
farm networks are partitioned into identical group compositions, the index takes its maximum value
of 1; that is, knowing the assignment of nodes to groups in one farm provides perfect information on
knowing the other. If the partitions in the two farms have no common assignments, or one of the
farms is partitioned into a single group, then the value is 0.

To test if our NMI scores are di erent than what is expected by a random grouping, we rearranged
the membership of the nodes within each farm without altering the number of groups and amount of
microbes in each group. We then recalculated the NMI between each pair of rearranged farms and
compared the observed NMI value to that obtained randomly. We performed NMI analysis using the
NMI R package (v2.0) [49].

Partner delity

Partner delity captures the tendency of an ASV to co-occur with the same ASVs in di erent layers
(farms) (Fig. S1). Mathematically, this translates to how similar the partners of a focal ASV are
across layers [36]. For each focal ASY, we created a table in which columns are the farms in which
the ASV occurs, and rows are the focal ASVs co-occurring partners within each farm (see diagram in
Fig. S1). Table entries were 1 if a partner occurred in a farm or O otherwise. We used the table to
calculate the Jaccard similarity in partners between farms (performed with R package vegan v2.5-7;
[50]). We used the mean of the resulting similarity matrix as a measure of partner delity that we
termed P;. This index ranges from 0 to 1 when the identities of co-occurring partners of a microbé
are completely discordant or exactly the same, respectively.

However, some microbes are highly similar in their sequence and can e ectively be phylogenetically
close strains. Therefore, microbe identity (the ASV label in the data set) may not reveal the complete
picture. To account for phylogeny, we calculated partner delity as we did for PjU, using UniFrac [51]



instead of Jaccard. We used the R package GUniFrac version 1.4 [52]. We termed this indeRY.
UniFrac is a similarity index that considers the degree of divergence between ASV sequences instead
of ASV identity. If the lineages of a microbe's partners in di erent farms are distinct (no branches
shared), P,V approximates 0; in contrast, if they share the maximum possible branch lengthP is 1.

For UniFrac, we rst constructed a phylogenetic tree. We used the genetic sequences to reconstruct
an initial phylogenetic tree using a neighbor-joining method (using the R package ape v5.6-2; [53]).
Speci cally, the conversion from sequence to distance is calculated according to the Tamura and Nei
model [54]. The likelihood of this initial tree was computed given the original data, and its parameters
were optimized (using the R package phangorn v2.8-1; [55]). The signi cance of the tting was tested
using ANOVA and AIC (R package stats v4.1.2 [56]).

Calculating signi cance using z-scores

We tested for non-random patterns in transitivity by comparing CC; of each ASVi to that obtained
for the same ASV in the layer across 500 shu ed networks (see Methods section on constructing
networks) using a z-score, following [36]. Z-scores are calculated as

empirical —~shuffled
. cC cc _ o
! shuffled '
whereCC""*? and shufled are the mean and standard deviation of the transitivity obtained from

the 500 shu ed networks. Hence, a positive z-score suggests that transitivity is higher than expected
if microbes were randomly distributed across cows, while a negative one suggests it is lower. The
signi cance of each empirical value was determined at the 0.05 level: a z-score 1:96 or< 1.96
indicates that CC; is greater or lower than the random expectation, respectively.

Network shuing also alters the partners of each microbe in a farm and, therefore, serves as an
adequate null model for testing partner delity. The calculation of z-scores and signi cance for P/’
and PV was done exactly the same as fo€C;.

Construction of a meta-co-occurrence multilayer network

For the modularity analysis, we connected the farm-level co-occurrence networks to form a meta-
co-occurrence multilayer network (Fig. 1D). Interlayer links are the mathematical way to encode
hypotheses related to inter-layer processes. This approach has been applied multiple times in ecological
multilayer networks and is the major advantage of using multilayer networks [37,57{61]. We want
the interlayer link de nition to encode the extent to which processes that determine co-occurrence
operate across layers. We therefore connected a microlven layer  with microbe j in layer if i and

j signi cantly co-occur in cows in both layers (Wij = 1; Fig. 1D). This de nition is closely related

to partner delity because it is not enough that the microbes occur in two farms; they also need to
maintain their co-occurrence in both to be linked.

Modularity analysis

We used Infomap via the R package ‘infomapecology' [59] to capture the modular structure of the
meta-co-occurrence multilayer network. Infomap is a ow-based algorithm designed explicitly for
multilayer networks. The advantage of using an algorithm dedicated to multilayer networks is that



it allows the detection of modules that cross layers [37,59] and, therefore, contain microbes from
di erent farms. Hence, a module is a group of ASVs that co-occur more with each other than with
other ASVs within and across farms. Brie y, Infomap detects the optimal network partition based on
the movement of a random walker on the network (see [59,62,63] for details). For any given network
partition, the random walker moves across nodes in proportion to the weight of the edges. The amount
of information it costs to describe the walk is quanti ed using the objective function L called the map
equation. The optimal network partition is the one that minimizes L [62]. In multilayer networks,
nodes representing observable entities such as ASVs are callpthysical nodes and nodes describing
the occurrence of ASVs in the layers are calledtate nodes The random walker moves from state node
to state node within and across the layers on intra- and inter-layer links, respectively. Therefore, the
multilayer network representation is not merely an extended network with unique nodes in all layers,
and a module can encompass multiple farms. In addition, a physical node (ASV) can be assigned to
di erent modules in di erent layers.

Infomap is particularly appropriate for testing our hypothesis because the next step in a random walk
is determined probabilistically by the number of links a node has. Therefore, if a node has many
intralayer (co-occurrence) links and only a few interlayer (partner delity) links, the next step will be
inside the layer, generating local partitions, which are a signature of farm-level processes. In contrast,
if many nodes have more or less equal numbers of intra- and interlayer links, the modules are more
likely to encompass more than one farm, which is a signature of inter-farm level processes.

Code and data

All data and code are available in the GitHub repository https://github.com/Ecological-Complexity-Lab/
rumen_microbiome_structure .

Results

Microbe diversity

Our threshold criteria resulted in 946 microbes (931 bacteria and 15 archaea) across the 1012 cows.
The vast majority belonged to the Bacteroidetes (52.7%) and Firmicutes (27.8%) phyla. At the family
level, microbes belonged mostly to Prevotellaceae (37.6%), followed by Lachnospiraceae (12.9%) (Fig.
S2). The number of microbes ranged from 42 to 505 per cow across farms (measd: 269.7 104; Figs.
S3, S4). Farms varied in the number of microbes and cows they contained (Table 1). In addition, the
occurrence of microbes in farms and cows was skewed, with most microbes occurring in a few farms
and cows and a tail of microbes that occur across all the meta-community (Fig. 2). Hence, in terms
of beta-diversity, farms shared microbes, but the maximum Jaccard similarity was 0.61 (Fig. S5)

Co-occurrence farm networks are non-randomly structured (H1 and H2)

The co-occurrence structure of each farm network di ered from shu ed networks generated by ran-
domizing microbe occurrence in cows (Fig. S6). Therefore, biological processes determine microbe
co-occurrence structure at each farm, which we investigated further (H1 and H2; Fig. 1B). The mean
CC; ranged from 0.497-0.8 in the seven farms and was signi cantly larger than random for the vast
majority of microbes in all farms (Fig. 3A). The farm co-occurrence networks had a block structure
containing 6-20 groups (Table 1, Fig. S7).



Table 1: Summary statistics of farms . a: number of cows; b: number of microbial ASVs (richness);

c: mean number [range] of ASVs per cow; d: number of co-occurrence links. Density is calculated as
the number of links divided by the number of possible linRE=(S(S 1)). K is the number of groups
detected in the stochastic block models analysis.

Farm Cows 2 ASVs (S)® ASVs per cow ¢ Links (L) Density K

FI1 100 329 185.8 [88-300] 23298 0.49 11
SE1 96 461 259.4 [42-389] 36783 0.35 15
IT1 185 307 179.8 [89-292] 20465 0.45 12
IT2 176 566 349.6 [129-505] 63310 0.42 20
IT3 48 217 125.8 [73-188] 2776 0.13 6

UK1 243 490 280.3 [100-442] 71101 0.61 20
UK2 164 630 369.1 [145-498] 51551 0.27 17

Microbes tend to conserve partners and co-occurrence links across farms (H3 and H4)

We compared the assignment of microbes into groups between pairs of farms (H3; Fig. 1C). The
NMI ranged from 0.217 (between farms FI1 and IT3) to 0.579 (between farms IT2 and UK1) (Fig.
3B). Moreover, all the NMI pairwise comparisons were statistically signi cantly higher than a random
group assignment of microbes (Fig. S8). Each NMI comparison only considers microbes that occur
on both farms. Therefore, despite overall topological di erences between the farm networks (Fig. S6),
microbes assigned to the same group in one farm tend to be assigned to the same group in another.

Non-random transitivity and similar grouping patterns indicate that microbes maintain similar co-
occurrence partners across farms. We tested this hypothesis (H4; Fig. 1C) by calculating partner
delity for the 674 out of 946 microbes ( 70%) that occurred in more than one farm (Fig 2B). We
rst used Jaccard similarity as a partner delity score ( P;’). The mean P across the microbes that
occurred in two or more farms was 019 0:08 (mean sd) with a maximum of  0:4 (Fig. 3C). In
87% of microbes,PiJ was higher than expected from a random distribution of microbes across cows.
Considering phylogeny (usingP\) increased partner delity. The mean PV score was @8 0:08.
Comparison to shu ed networks showed that almost 50% of microbes (284 out of 649) tended to have
smaller genetic distances between their co-occurring partners across farms than expected at random
(Fig. 3C). The higher values and lower proportion of signi cant partner delity in PiU are expected
because the probability of conserving the same ASV labels (used iR) is low due to the high number
of ASVs. The qualitative pattern of partner delity was similar when using the taxonomic classi cation

of ASVs; for example, microbes tended to conserve the genera with which they interact (Fig. S9).

Meta-co-occurrence network analysis shows signatures of global processes (H5)

We used modularity analysis to detect clusters (modules) of highly connected microbes within and be-
tween farms. Our alternative hypotheses are as follows. If local processes that determine co-occurrence
dominate, then co-occurrence links within a farm will be dense compared to the conservation of part-
ners in other farms. At the extreme, microbes will not conserve partners and, therefore, will not be
linked to any microbe between farms. In that case, farms will be disconnected, and the modules will
correspond to farms (H5a, Fig. 4A). At the other extreme, if similar processes operate in all the
farms, then microbes will conserve their partners, creating similar patterns of interactions within and
between farms. In that case, the network will have a single module encompassing all microbes in
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Fig. 2: Microbe distribution across cows and farms is skewed. The histograms depict the number of
cows (A) and farms (B) in which microbes occur. Most microbes occur in a few cows, while a few (the
tail of the distribution in (A)) occur in almost all cows. Over 70% occur in at least two farms.

all farms (H5c, Fig. 4C). This scenario is likely because we observed similar microbe assignment to
groups across farms (H3) and high, nonrandom partner delity (H4). Between these two extremes,
other partitions are possible. Speci cally, we nd a strong genetic population structure in which the
two breeds are sorted into two genetic clusters, with all the Nordic Reds from Finland and Sweden
forming one cluster and all Holsteins from the UK and Italy forming a second cluster (S| note 2). If
host genetic background is a strong determinant of co-occurrence, then we should expect two modules
(H5b, Fig. 4B), corresponding to the northern (SE, Fl) and southern (UK, IT) farms. Testing these
alternative hypotheses requires a mathematical object that separates network farms on the one hand
and connects them on the other. We solved this problem using a multilayer network, representing a
meta-co-occurrence [37,57] (Methods).

We found that the network was not partitioned and contained a single module, strongly supporting
hypothesis H5a (Fig. 4A). This result is consistent with H3 and H4, indicating that similar processes
occur across all farms, maintaining partner delity.

The multilayer network had 269K intralayer and 287K interlayer links. This comparable proportion
of links results from strong partner delity and likely promotes a lack of farm-speci ¢ partitions. To
further quantify the relative e ect of inter-farm level processes, we repeated the modularity analysis
while gradually removing an increasing proportion of the interlayer links (uniformly at random).
Removing interlayer links should facilitate partitioning between farms because the random walk is less
likely to move between farms than within. The network consistently had a single module containing
all farms until 80% of the interlayer links were removed (Fig. 4D). Therefore, there is strong evidence
that the processes determining co-occurrence operate similarly in all farms.
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Fig. 3: Non-random scale signatures are observed at the farm and inter-farm levels. (A) The

box plots depict the values of the clustering coe cier@C; across all microbes within a farm. Microbes
are predominantly involved in transitive co-occurrence within each fa(B). Comparison of SBM group
structure between pairs of farms using normalized mutual information (NMI). NMI quanti es the extent
to which knowing the group composition in one farm provides information on the group compaosition in
the second. The diagonal is the control because knowing the group composition in a given farm provides
perfect information (NMI=1) on the group structure of that same farn{C) Distributions of 649 microbes'
partner delity calculated with Jaccard I?iJ) and UniFrac PiU). The pie charts in panels A and C depict
the proportion of microbes whos€C;j, P, and PV are signi cantly greater (green), lower (orange), or
non-signi cant (blue). Signi cance was calculated with a z-score test comparing the observed index of
each microbe to that obtained from 500 shu ed networks of each farm (see Methods for the description
of the null model).
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