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Abstract
Variation in host-associated microbial communities often parallels patterns of phyloge-netic divergence between hosts, a pattern known as phylosymbiosis. Understandingof this phenomenon relies initially on quantifying phylosymbiotic signals from across abroad range of host taxa. Quantifying signals of phylosymbiosis is typically achieved bycalculating how congruent a host’s phylogenetic tree is with a dendrogram that repre-sents patterns of dissimilarity in their associated microbial communities. To statisticallyassess the degree of congruence, several studies have constructed null models usinga Monte Carlo approach to randomly sample trees. Although this approach is becomingmore common, it has several features thatwarrant benchmarking to advise its further use.This approach relies on quantification of congruence between a host’s phylogenetic treeits microbial community dendrogram. Therefore, it is important to establish how choiceof congruence metric influences null model-based inferences. Furthermore, phylosym-biotic signals may manifest at different scales of host divergence, and it is important toestablish the extent of host phylogenetic breadth needed to reliably detect a phylosym-biotic signal. To help improve our study of phylosymbiosis, here I examine how powerand type 1 error (false positive) rates associated with this approach varies with choiceof congruence metric and host phylogenetic coverage. Furthermore, I examine variationin sensitivity given uncertainty in tree estimation, as well as how well null congruencemodels alignwith expectations of community assembly that is completely neutral with re-spect to host phylogeny. I generally found thatmodel performance increased rapidlywithincreasing tree sizes, suggesting lower limits on the host phylogenetic breadth neededto reliably detect phylosymbiotic signals with this approach. Furthermore, I found sev-eral notable variations in performance between congruence metrics, which translatedinto different inferences regarding signal detection. Overall, these findings suggest thatMonte Carlo sampling across tree space can be an effective way to quantify phylosym-biotic signals and highlight key considerations for its implementation.
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Introduction
The structure and composition of host-associated microbial communities vary significantly

across the tree of life. In many host taxa, this variation appears to be predominately explained
by extant environmental factors that might not necessarily track the host phylogeny, such as
diet or local habitat (Sullam et al., 2012, Davenport, 2016, Martinson et al., 2017, DuBose et al.,
2025). In other cases, this variation mirrors the patterns of evolutionary divergence between
hosts, a phenomenon known as phylosymbiosis (Mazel et al., 2018, Brooks et al., 2016, Lim and
Bordenstein, 2020, Kohl, 2020, Perez-Lamarque et al., 2023). Patterns of phylosymbiosis can be
generated by the combination of different ecological and evolutionary processes operating with
varying degrees of importance (Mazel et al., 2018, Lim and Bordenstein, 2020, Kohl, 2020, Perez-
Lamarque et al., 2023). In other words, the specific processes that generated any given pattern
of phylosymbiosis are likely to differ between groups (Lim and Bordenstein, 2020, Kohl, 2020,
Qin et al., 2023). Therefore, understanding the diversity of processes that produce emergent
phylosymbiotic patterns requires quantifications of phylosymbiotic signals from across a broad
range of taxa (Kohl, 2020).

To this end, there have been several approaches proposed for statistically evaluating if pat-
terns of microbial community dissimilarity significantly parallel patterns of their host’s evolution-
ary relatedness. One popular approach is to transform the host phylogeny into a dissimilarity
matrix and use a Mantel test (Mantel, 1967) to quantify its correlation with the corresponding
microbial community dissimilarity matrix (reviewed in Lim and Bordenstein, 2020). However, the
Mantel test, in addition to suffering from low power, relies on linear or monotonic associations
between corresponding matrix elements, an assumption that may not always be satisfied (Perez-
Lamarque et al., 2022). An alternative approach that has been more recently employed is to con-
struct a dendrogram representing patterns of microbial community dissimilarity between hosts,
and quantify the topological congruence between said dendrogram and the host’s phylogenetic
tree (Lim and Bordenstein, 2020, Lin et al., 2024). Although this approach relaxes assumptions
of linear correspondence between host phylogeny and microbial community dissimilarity, it pro-
vides only a single quantification that can be difficult to interpret and use to make statistically
informed inferences. In response to this issue, many have usedMonte Carlo simulations to gener-
ate null models of phylosymbiotic signal (Brooks et al., 2016, Trevelline et al., 2020, Grond et al.,
2020). This is accomplished by either by repeatedly sampling random trees (or shuffling tip labels,
which yield nearly equivalent results (Mazel et al., 2018)) and quantifying their congruence with
the host phylogeny. Using this approach, phylosymbiotic signal can be statistically assessed by
calculating the probability that the congruence between the host phylogeny and random trees is
at least as great as the congruence between the host phylogeny and the correspondingmicrobial
dendrogram.

The assessment of phylosymbiotic signal using this Monte Carlo-based framework funda-
mentally relies on quantification of tree congruence, a task that can be approached using a va-
riety of existing metrics. The Robinson-Foulds (RF) distance, which has historically been the
most widely used metric, measures the number of splits that are present in one tree but not the
other (Robinson and Foulds, 1981). Although widely used, this calculation has been criticized as
too conservative because it does not account for similar but not identical splits (Smith, 2022).
Therefore, a variety of Robinson-Foulds inspired approaches for addressing this issue have been
developed, among the more notable of which are the information-corrected Robinson-Foulds
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distance (ICRF) (Smith, 2020a), Nye similarity (NS) (Nye et al., 2006), and the Jaccard-Robinson-
Foulds distance (JRF) (Böcker et al., 2013). The matching split distance (MSD), another popular
metric, takes a different perspective on this issue by finding the matching of splits between trees
that minimize dissimilarity (Bogdanowicz and Giaro, 2012). More recently, information-theoretic
approaches have been introduced to weight splits based on their information content, which has
significantly improved quantification of tree congruence (Smith, 2020a). In addition to the previ-
ously described ICRF, this has led to the development of new information-theoretic tree congru-
ence metrics, such as matching split information distance (MSID), mutual clustering information
(MCI), and shared phylogenetic information (SPI) (Smith, 2020a).

The previously described metrics represent popular choices across the various fields that fre-
quently evaluate tree congruence. However, there is reason to suspect their utility for assessing
phylosymbiotic signals may vary due to how they emphasize and penalize different features of
congruence. For example, the Robinson-Foulds derivatives emphasize overall tree structural simi-
laritymore than individual splits, while the information-theoretic approaches place less emphasis
on uninformative differences. In other words, Robinson-Foulds derivatives will define trees as
similar because most splits are close matches, and information-theoretic approaches will define
trees as similar because they share the most informative splits. In practice, it is unclear if these
differences translate into different inferences regarding statistical support for phylosymbiotic
associations. In addition to uncertainty regarding the effects of congruence metric, how broad
of host phylogenetic coverage is needed to detect a phylosymbiotic signal using the previously
described Monte Carlo-based approach is also unclear. In other words, it is important to know if
the attained breadth of host phylogenetic coverage is sufficient for detecting a phylosymbiotic
signal, particularly given the inherent noise associatedwith variation in host-associatedmicrobial
communities.

To this end, here I examined the variation in performance associatedwith the aforementioned
null model approach when used with different extents of host phylogenetic breadth and congru-
ence metrics. Through simulations under null and alternative hypotheses, I found that null model
performance generally increased rapidly with increasing tree size. In this, good power and type 1
error (false positive) rates were typically achieved for trees of between 10-20 leaves. However,
I also found several minor variations in performance between congruence metrics, which trans-
lated into their frequent disagreement regarding the significance of phylosymbiotic associations.
Taken together, these findings provide useful considerations for practitioners by illustrating the
conditions in which this null model approach is likely sufficient or insufficient for quantifying
patterns of phylosymbiosis.

Methods
Monte Carlo algorithm for generating null models of phylosymbiosis

Let the host phylogeny be Th and the associated microbial community dendrogram be Tc ,each with l leaves. The observed congruence is then O = C (Th, Tc), where C represents a pre-
viously described congruence metric. To generate the null model, n unrooted binary trees with
l leaves are randomly sampled with replacement from a uniform tree distribution (all topologies
are equally likely), denoted as defined as {Tn1 , Tn2 , ... , Tni}. The null congruence distribution is
then defined asN = {C1, C2, ... , Cn}, where Ci = C (Th, Tni ). In other words, the null congruencedistribution is the congruence vector between the host tree and each of the randomly drawn
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trees. This distribution can then be used to test the null hypothesis H0 : O ≤ N , against the
alternative hypothesis HA : O > N . These hypotheses can then be assessed by calculating the
proportion of the null distribution that is greater than or equal to the observed congruence (since
this is a one-sided test):
(1) P(N ≥ O) =

1

n

n∑

i=1

I (Ci ≥ O)

where I is the indicator function, equal to 1 if the inequality is satisfied and 0 otherwise. Note
that for some metrics, greater congruence is associated with a lower value, in which case the
direction of the inequality is reversed. A graphical representation of this processes is depicted
in Figure 1. For convenience, I hereafter refer to this method as a random tree congruence test.
For methodological evaluations described in this text, as well as promoting use of this approach,
I have implemented this algorithm in manticore (Monte cArlo simulaioN algoriThm for assessIng
tree COngRuencE), which is an open-source R library that provides a simple interface for its
utilization. Within manticore, the rtopology function from the ape R library (v5.7.1) is used to
sample random trees (Paradis and Schliep, 2019) and various functions from the TreeDistR library
(v2.7.0) are used for quantifying congruence (Smith, 2020b).

Figure 1 – A graphical depiction of the Monte Carlo algorithm for generating null con-gruence distributions. The processes starts by (1) sampling a random dendrogram and (2)calculating how congruent it is to the host phylogeny. This congruence value (denoted C )is stored in a vector, and (4) steps 1-3 are repeated for i iterations. The resulting vectorthen serves as the null distribution that will be used for hypothesis testing. (5) Calculatethe observed congruence between the host phylogeny and the corresponding dendro-gram (denoted O). Then (6) use the previously described null distribution to calculate theprobability that randomly generated trees that showed greater than or equal to congru-ence to the host phylogeny relative to the observed congruence.
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