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Abstract

Understanding the macroevolutionary dynamics of species interactions such as parasitisms,
commensalisms, and mutualisms is an important goal in evolutionary ecology. To this end, statistical
inference from time-calibrated cophylogenies holds promising potential. However, such.inference
cannot yet quantify the rates of different types of speciation and extinction that occur in.the host and
symbiont clades on the same timeline. Here we present an Approximate Bayesian\Computation (ABC)
approach that infers rates of six types of speciation or extinction from a cophylogenetic system: (i) host
speciation, (ii) symbiont speciation without host-switching, (iii) symbiont speciation with host-switching,
(iv) cospeciation, (v) host extinction, and (vi) symbiont extinction. The ABCapproach relies on a novel
design of summary statistics based on the density curves of pairwise Branch Length Differences (BLenD)
of the cophylogeny, which are informative about the relative relatienships (ratios) between the six
speciation/extinction rates in a single cophylogeny. Here we.describe two levels of inference that differ
in informativeness and data requirement: the first level infers speciation/extinction rates relative to the
total net diversification rate of the cophylogeny without needing information on the time frame of the
cophylogeny; the second level infers absolute speciation/extinction rates in units of events per lineage
per million years using information on the time frameof the cophylogeny. When the target cophylogeny
is sufficiently large, both levels of inference achieve clearly improved accuracy relative to the prior, and
both are reasonably honest about uncertainty. Using a cophylogenetic dataset of Batesian mimicry of
Pachyrhynchus by Doliops weevils, we show (1)that the first level of inference is sufficient to quantify
the relative rates of different speciation/extinction processes within the target cophylogeny and (2) that
the second level of inference allows potentially comparing speciation/extinction rates in the target
cophylogeny to those in another cophylogeny (i.e., cross-cophylogeny comparisons). We discuss
potential improvements for the,use of the BLenD curves as summary statistics for simulation-based
inference, including potential applications in machine learning approaches. Understanding speciation
and extinction rate variation within and between cophylogenetic systems, enabled by this approach and
an increasing avaijlability"of time-calibrated cophylogenies, has potential implications for various areas in

ecology and evolutionjsuch as host conservatism, trait-driven diversification, and pathogen spillover risk.
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Introduction

Biologists have long sought to understand the relationship between macroevolution and
ecological interactions. Early examples include how Darwin explains the diversity of life as a
result of natural selection in his seminal book, using examples where natural selection occurs as
a result of organisms’ "struggle for life" against their competitors and natural enemies (Darwin
1859). A recent comprehensive synthesis has consolidated the macroevolution of species
interactions as a rapidly evolving subfield of ecology and evolution with deep historical roets
(see Hembry and Weber 2020 for an overview). Several other syntheses have separately
examined the effects of species interactions on macroevolution, reaching varying,onclusions
about whether generalities exist in how species interactions influence clade diversification
(Jablonski 2008; Harmon et al. 2019; Zeng and Wiens 2021; Kaur and Pennell.2023). Another
body of research has focused on the effects of macroevolution on speciesinteraction networks.
Such examples include how macroevolutionary stability shapes the intricate architecture of
species interaction networks (Burin et al. 2021) and statistical inference of the evolutionary
history of species interaction networks (Braga et al. 2020, 2021). Recent years have also seen
significant advances in theoretical work that, by modeling how speciation arises from mutation
in a (meta)community with ongoing species interactions, bridges the microevolution-
macroevolution gap and provides mechanistic insights-into the evolution of ecological
communities (Aguilée et al. 2018; Coelho and Rangel 2018; Maliet et al. 2020; Chaparro-
Pedraza et al. 2022; Pontarp et al. 2024; Zeng and'Hembry 2024).

In particular, the joint macroevolutionary history'ef organisms that interact in pairs (i.e.,
bipartite interactions) has attracted much attention over the decades. Examples of bipartite
interactions include those between plants and pollinators, plants and seed dispersers, hosts
and parasites, and between plants.and’herbivores (see Bronstein 2015 for an overview).
Coevolution can arise when reciprocal evolutionary change happens between interacting
parties, driving or impeding the diversification of the interacting clades (Yoder and Nuismer
2010; Hembry et al. 2014)."Coevolution can leave detectable signals in the cophylogenetic
patterns of bipartitie species interactions, such as those formed by hosts and their mutualistic,
commensal, or parasiticisymbionts. Significant effort has been devoted to studying topological
congruence between’phylogenies of interacting organisms as an indicator of cospeciation or
codiversification (e.g:, Legendre et al. 2002; Vienne et al. 2007; Hoyal et al. 2012; Hayward et al.
2021; Perez-Lamarque and Morlon 2024; reviewed in Nieberding and Olivieri 2007; Vienne et
al. 2013; Martinez-Aquino 2016; Dismukes et al. 2022). Recent cophylogenetic research has
forayed into'linking cophylogenetic patterns with their underlying eco-evolutionary processes
(Btasco-Costa et al. 2021). Another area of active research is cophylogenetic reconstruction,
aiming to reconstruct the joint evolutionary history of interacting clades by finding a
parsimonious series of events that give rise to the observed cophylogenetic patterns (e.g.,
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Merkle et al. 2010; Baudet et al. 2015; Sinaimeri et al. 2023; reviewed in Charleston and
Libeskind-Hadas 2014).

However, the study of the macroevolutionary rates of cophylogenetic systems remains in its
infancy. Macroevolutionary rates can be defined, for single clades, as speciation and extinction
rates that correspond to the rate parameter in a Poisson-like process (Liow, Quental, and
Marshall 2010; Rabosky et al. 2007; Stadler 2013; Harmon et al. 2014). Here, we define
macroevolutionary rates of species interactions (i.e., of interacting clades) as speciation and
extinction rates that can be inferred from cophylogenetic systems. Although much recent work
has been focused on the advancement of phylogenetic comparative methods for estimating the
speciation, extinction, or net diversification rates of single clades (Garamszegi 2014; Revell and
Harmon 2022; Morlon et al. 2024), single-clade-based phylogenetic methods cannot be readily
used for cophylogenetic systems. Specifically, although these single-clade-based methods-allow
diversification rates to be inferred separately for host and symbiont clades in a given
cophylogenetic system, these rate estimates cannot provide a full picture of the prevalence of
different types of speciation in the cophylogeny (Charleston and Perkins 2006; Charleston and
Libeskind-Hadas 2014). Motivated by a desire to better understand parasitic symbionts (e.g.,
pathogens), Alcala et al. (2017) represents an important advance in estimating
macroevolutionary rates of species interactions from cophylogenetic systems. However, this
approach has two features that prevent it from providing a full picture.of the
macroevolutionary events in a cophylogenetic system: (i) the host phylogeny is considered as
given and known, so host speciation is not allowed to occur on.the same timeline as symbiont
speciation and cospeciation; (ii) it does not take into account host extinction, which could leave
important signature on cophylogenetic patterns by causing the“extinction of the extinct host’s
associated symbionts or by transferring the extinct host’s‘associated symbionts to other, extant
hosts (i.e., "transfer from the dead"; Menet et al. 2022). A'promising recent approach can
already tease apart the relative contributions of-different macroevolutionary processes in the
symbiont clades (host switching, pollinator speciation, and pollinator extinction) in generating
cophylogenetic patterns, but this approach.does not infer host speciation rates (Satler et al.
2019). Fortunately, recent advances have allowed simulating cophylogenetic systems as a result
of constant-rate birth-death processes,simultaneously incorporating speciation and extinction
in both the host and symbiont clades (Bismukes and Heath 2021). This new model has paved
the way for developing new statistical methods for estimating macroevolutionary rates of
bipartite species interactions.

Approximate Bayesian.Computation (ABC) has been shown to be a useful tool for estimating
macroevolutionary.ratesiof species interactions from cophylogenetic systems (Alcala et al.
2017). ABC is a_class.of simulation-based inference that has proven especially suitable for
models whose.likelihoods are impossible or difficult to obtain (Marin et al. 2012; Sunnaker et al.
2013). Initially'developed by geneticists, ABC has been increasingly used in ecology and
evolution (Rantel and Becks 2023). In the most basic form of ABC, real data (the observation) is
compared.to numerous simulations generated using different parameter samples, and
parameter samples that generate simulations similar enough to the real data constitute the
approximate posterior distribution of that parameter; the key to successful ABC is designing
summary statistics that are informative and low in dimensionality (Sunnaker et al. 2013).
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Conceptual frameworks and standard practices have been, and are being, established for using
approximate Bayesian computation for both parameter estimation and model selection in
ecology and evolution (Csilléry et al. 2010; Csilléry et al. 2012; Janzen et al. 2015; Pontarp et al.
2019; Pantel and Becks 2023). As for estimating macroevolutionary rates of species interactions
from cophylogenetic systems, the existing ABC approach is promising, but it is limited in the
number of inferable rate parameters.

Here, we develop a new ABC approach that infers the rates of six types of speciation or
extinction from an extant cophylogeny: (i) host speciation, (ii) symbiont speciation without
host-switching, (iii) symbiont speciation with host-switching, (iv) cospeciation, (v) host
extinction, and (vi) symbiont extinction. This ABC approach relies on newly designed summary
statistics based on density curves of pairwise Branch Length Differences (BLenD) and the sizes
of the host and symbiont trees. We show that the ABC can achieve clearly improved accuracy
relative to the prior with reasonable honesty about uncertainty when the target cophylogeny is
sufficiently large. The empirical application of the ABC approach is demonstrated withian
example.

Methods

In brief, we follow these two steps to estimate the speciation and extinction rates of a target
cophylogeny, defined as a system consisting of two time-calibrated'phylogenetic trees and the
network formed by the tips of the two trees: (i) We simulate.cophylogenies from a prior
distribution of speciation and extinction rates following a birth-death model for co-
diversification. (ii) In an ABC framework, the simulated‘cophylogenies are compared to the
target cophylogeny to obtain the posterior distribution’of speciation and extinction rates.
Notably, the similarity between the simulated and target cophylogenies is decided by summary
statistics. In our performance evaluation, we test the ABC procedure against a test set of
cophylogenies whose speciation and extinction rates are drawn from the prior distribution. In
our application to empirical data, we perform the ABC procedure using an empirical
cophylogeny as the target cophylogeny:Below, we provide details of each of these
components.

A Birth-Death'Maodél for Co-diversification

We use the sim=cophyBD function from the R package treeducken (ver. 1.1.0; Dismukes and
Heath 2021),for,simulating cophylogenies following a birth—death model. The model in
treeducken allows the simulation of host and symbiont co-diversification (Fig. 1). Beginning
with both-the host and symbiont clades having one lineage, the simulator considers six types of
speciation or extinction events (Fig. 2): host speciation (4y), symbiont speciation without host
switching (Ag), cospeciation (A.), symbiont speciation with host switching (4,,; denoted by in y
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in Dismukes and Heath 2021), host extinction (ug), and symbiont extinction (ug). Each type of
event is controlled by a rate parameter that represents the number of events per lineage per
unit time.

In extant cophylogenetic systems, the extinction rate must not exceed the speciation rate for
the host and symbiont clades. We further parameterize the model by defining relative
extinction rates €y (for the host clade) and € (for the symbiont clade) as follows,

e — HH o = HUs
Ho g+ 75 7 Ag+ A0+ Ay

where both €5 and €5 range between 0 and 1.

ABC Framework

Parameters of interest can be collectively seen as a multivariate parameter 8, which is treated
as a random variable in Bayesian parameter inference. The posterior probability.of 8 given a
target cophylogeny T can be, in theory, obtained by

P(T|6)P(6)

POIT) = [P(T|6)P(6)db

where P(0) is known as the prior distribution and P(T|0) as the likelihood function (i.e., the
probability of observing the cophylogeny T given the parameter ). However, since T is a
cophylogeny and @ is the parameter in the birth-death-model,the likelihood function of the
cophylogenetic birth-death model (Dismukes & Heath,2021) is difficult to obtain, making
Approximate Bayesian Computation (ABC) an especially useful approach for parameter
estimation (Alcala et al. 2017). An ABC approach does'not explicitly compute the likelihood but
instead uses simulations to approximate the'posterior distribution. Here, we use the basic form
of a rejection-based ABC approach (Csilléry et al. 2012) following these steps. First,
cophylogenies are simulated with the birth-death model (see Simulating Cophylogenies from
the Prior Distribution in Methods)using samples of 8 drawn from the prior distribution.
Second, distances are computed-between each simulated cophylogeny and the target
cophylogeny T (see Distance Between Target and Simulated Cophylogenies in Methods). Third,
all simulated cophylogeniesare.ranked from the least to the most distant from D. Fourth, a
tolerance rate (also known as acceptance rate) decides what proportion of simulated
cophylogenies with.the smallest distance to D are accepted. Eventually, values of 8 of the
accepted cophylogenies constitute samples of the approximate posterior distribution.

Simulating Cophylogenies from the Prior Distribution

We simulate each cophylogeny for 2 treeducken-time, with treeducken-time being the
arbitrary time unit defined in Dismukes and Heath (2021) that can represent any amount of
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time in the real world (e.g., 1 Myr, 10 Myr, or 100 Myr). Thus, all simulated cophylogenies share
the same time frame and differ only in speciation and extinction rates (Fig. 2). Despite sharing
the same time frame, the simulations can be compared to a real cophylogeny of any time frame
(in Myr) thanks to the arbitrary nature of the simulated time frame. Parameter values are
drawn from a multivariate prior distribution:

Ay ~ Exp(0.5), ¢ ~ Exp(0.5), A ~ Exp(1.2), Ay, ~ Exp(0.5)
€y, €s ~ Beta(1,2)

The four speciation rates follow exponential distributions (Dismukes and Heath 2021), with
theoretical means being 2, 2, 0.82, and 2 for Ay, Ag, A, and A, respectively. Because
cospeciation involves speciation of both the hosts and symbionts and has a strong effect on
cophylogeny size and computation time, the cospeciation rate is assigned a smaller theoretical
mean to reduce the number of simulations that are timed out (each simulation is subject to,a
timeout of 600 s). The two relative extinction rates follow a Beta distribution with a-decreasing
probability density function (Beta(1,2)). The actual prior distribution is represented by
1,200,000 samples, which correspond to a set of 1,200,000 simulated cophylogenies:=For
simplicity and clarity, we refer to these simulated cophylogenies as the prior set.of
cophylogenies.

Distance Between Target and Simulated Cophylegenies
BLenD curves as summary statistics

Based on Branch Length Differences (BLenD), hereave present two ways in which pairwise
branch length differences can be sampled from.a caphylogeny, which we will refer to as BLenD-
a and BLenD-b. BLenD-a uses the branch length differences between associated host and
symbiont tips as a measure of branch length cengruence among tips, which is commonly used
in cophylogenetic studies (Fig. 3a). For-@ach host-symbiont association in the cophylogeny, we
obtain:

h — s
L

X:

where L is the crown of the hest or symbiont phylogeny, whichever is longer (Fig. 2). Then, we
can define a variable

x=(xi—x)/2

Which is the pairwise difference between two samples of y divided by 2 (to ensure x ranges
between -1.and 1) for all possible pairs of y. We perform kernel density estimation (KDE) on all
samples of x to obtain f(x), the density function of x:

f(x) = KDE (x4, x5, %3,...)
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In complement, BLenD-b uses the branch length differences between all unique pairs of host
tips connected through a pair of sister symbionts (Fig. 3b). This extracts signal of coevolution,
since the simultaneous branching of hosts and symbionts would create matching patterns of
host-sisters and symbiont-sisters, giving shorter distances than random patterns of host-sisters
and symbiont-sisters. For each pair of hosts, we obtain:

L—1
L

y:

where L is again the crown age of the host or symbiont phylogeny, whichever is longer (Fig. 2).
We perform kernel density estimation (KDE) on all samples of y to obtain g(y), the density
function of y:

g(y) = KDE(yl,yz,y3,...)

Importantly, if a single host tip is associated with a pair of sister symbionts, [; = [, andy =0
(indicated by an asterisk * in Fig. 3b).

The kernel density estimation is performed with the function density(kernel =

"gaussian") in the stats package in R (ver. 4.4.0; R Core Team (2024)). The handwidth of
such density estimation is handled automatically by the R function, but‘the‘bandwidth should
be expected to decrease (and thus the accuracy of density estimationinereases) as the
cophylogeny gets larger. As density curves with the area under the.curve equal to one, BLenD-a
and BLenD-b curves are normalized and irrespective of the size.of the cophylogeny.

BLenD-a and BLenD-b sample branch pairs from a cophylogeny-in‘complementary ways, so we
use them in combination to maximize the information/that can be extracted from the
cophylogeny of interest. Both BLenD-a and BLenD-b.may sample multiple branch pairs from a
"multiple association" (i.e., the association between‘one host and multiple symbionts or vice
versa), allowing cophylogenies with multiple associations to be handled naturally (Fig. 3).
Notably, the BLenD curves do not extract information from nodes deeper than the terminal
braches, because the association between hast and symbiont lineages becomes increasingly
untraceable at deeper nodes.

The distance between the target.cophylogeny and any simulated cophylogeny, based on the
BLenD curves, is equal to the area between their respective BLenD curves (Fig. 4):

1

DBLenD—a(SimUZatedl target) = f | fsimutatea (x) — ftarget (x)| dx
-1

1

DBLenD (Simulated: target) = ] Igsimulated (y) - gtarget(y)l dy
1

Similarly todanzen et al. (2015), this definition of distance achieves a natural weighting of the
contribution of the branch length differences even if the number of length differences is
variable(i.e., regularization). In effect, the distance based on the BLenD curve is equal to zero
only.when the simulated BLenD curve is identical to the target BLenD curve.
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Overall distance between target and simulated cophylogenies

To achieve higher informativeness, we combine the BLenD-a and BLenD-b curves with tree-size-
based summary statistics, because speciation/extinction rates will impact the numbers of tips in
the resultant cophylogeny. The summary statistics comprise four components:

1) BLenD-a curve

2) BLenD-b curve

3) Host tree size

4) Symbiont tree size

The tree size for the hosts is quantified as the log-transformed number of hosts in the extant
host tree. Similarly, the tree size for the symbionts is the log-transformed number of symbionts
in the extant symbiont tree. The distance between any simulated cophylogeny and the target
cophylogeny based on host (or symbiont) tree size, Dy, (Simulated, target) or

Dgymp (simulated, target), is simply the absolute difference in host (or symbiont)-tree size
between the simulated and target cophylogenies. We standardize the summary statistics to
ensure that each of the four components of summary statistics has the.same standard
deviation among all simulations. We then compute the overall distance.between the simulated
and target cophylogenies as

Dgrenn—a(simulated, target) + Dgienp (Simulated, target) + Dy s (simulated, target)
+ Dgymp (simulated, target)

In the ABC-based parameter estimation, simulated caphylogenies with the lowest overall
distance to the target cophylogeny are accepted (the percentage of acceptance is termed the
tolerance rate), and the parameters used to simulate the accepted cophylogenies constitute
samples of the posterior distribution.

Importantly, none of the four componehnts ofi'summary statistics considers the time frame of
the target cophylogeny. These summary statistics are essentially informative about the relative
relationships (i.e., ratios) between the'six speciation/extinction rates sharing the same absolute
timescale, but they are not informative about the absolute timescale.

Two levels of inference: relative and absolute rates

In treeducken and thus in our method, the origination time of the cophylogeny is defined as
the time point.since which the two clades have been interacting with each other (Fig. 2). The
time frame of,the cophylogeny may be implied from the stem age of either interacting clade
(e.g.4 the clade-to-clade symbiosis is as old as the stem group of symbionts), but such an
implication may not be possible in some cases. Therefore, here we describe two levels of
inference. A known time frame of the empirical cophylogeny is not necessary for the first level
of inference and is only necessary for the second level of inference. This twofold approach

920z Jaquieldasg Q| Uo Jesn euozuy Jo AlsieAlun Aq 2£468/8/0.00eAs/01qsAS/E601 "0 /10p/al0IiB-80UBAPE/OIgSAS/WO00 dNODIWBPEI. WO} PaPEOjUMOQ



293
294

295
296
297
298

299

300

301
302

303

304
305
306

307

308
309
310
311
312
313
314
315

316

317
318
319
320

321

322

323
324
325

allows the method to be applied to time-calibrated cophylogenies whose time frame can or
cannot be known.

The first level of inference estimates the speciation and extinction rates relative to the net
diversification rate of the cophylogeny when the time frame of the cophylogeny is unknown (or
not of interest). First, we define r, the net diversification rate of the cophylogeny, as the
harmonic mean of 1,5 and rgympiont

2T T ;
r o= host symbiont (1)

Thost + rsymbiont

where 1,5t = Ay + Ac — y and Tsympiont = As + A¢ + Ay — Us are the net diversification

rates of the host and symbiont clades, respectively. We then perform the first level of inference

. . An As A¢ A . . .

in the reparametrized space of (TH,TS,TC,TW,MTH,%) while being agnostic about

A, As, Ac, Aw, U, Us and 7. This first level of inference is timescale-agnostic: it does not require
information on the time frame of the target cophylogeny and only requires the.consistency of

time units between the host and symbiont phylogenies; therefore, the inferable parameters

g As Ac A . . . ) .
(TH,TS,TC,TW,MTH,%) are relative rates (ratios) and do not contain timescale‘information.

The second level of inference estimates the absolute speciation andwextinction rates when the
time frame of the cophylogeny is known and of interest. Withaut using the time frame of the
target cophylogeny, we can already estimate the “absolute”srates’in units of
events/lineage/treeducken-time, with treeducken-time being an arbitrary time unit that
can represent any amount of time in the real world <this is achieved through the same
procedure as the first level of inference, but in thé parameter space of (Ay, s, A¢c, Aw, g, Us)-
We perform unit conversion as a final step to,obtainiestimates of absolute speciation and
extinction rates in units of events/lineage/Myr. The absolute rates are calculated as:

Simulated time frame (arbitrary)

(2)

A, A, Ac, Ay, fiy or fis X : ———
Hy 45140 4w B, OT Target time frame (empirical, in Myr)

Unlike the first level of inference, this'second level of inference is timescale-aware: it requires

information on the time frame of the target cophylogeny in addition to the consistency of time

units between the host and symbiont phylogenies; therefore, the inferable parameters

(A4, As, Ac, Aw, 1y, pg)\are-absolute rates and contain timescale information.

Performance Evaluation

We test the overall performance of the ABC-based parameter estimation with a tolerance rate
of.1/40000 (also known as acceptance rate, see “ABC framework” in Methods) for a set of 1000
Simulated cophylogenies, whose speciation and relative extinction rates (Ay, As, ¢, Aw, €, €s)
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are drawn from the prior distribution. This ensures that the test set reflects the prior beliefs
about the speciation and extinction rates in a cophylogenetic system.

Accuracy and honesty about uncertainty

The relative error of the (prior or posterior) distribution is quantified as the mean absolute
percent error

|§—9V9

where 8 is the mean of the (prior or posterior) distribution and 8 is the true value. A high
relative error indicates poor accuracy of the estimated mean. We compute the absolute z-scoré
of the true value relative to the (prior or posterior) distribution as

p—5V5

where & is the standard deviation of the (prior or posterior) distribution. The absolute z-score is
a measure of overconfidence, which is defined as the degree to which uncertainty\(the spread
of the distribution) is underestimated relative to actual error. A high z-score indicates strong
overconfidence, whereas a low z-score indicates weak overconfidence and honesty about
uncertainty.

Effects of cophylogeny size on performance

The size of the cophylogeny of interest, hereafter referred toas.cophylogeny size for simplicity,
is expected to affect performance. This is because largercophylogenies should allow the BLenD-
a and BLenD-b curves to be estimated from more samples/(i.e., corresponding to smaller
bandwidths in the kernel density estimation, see™BLenD curves as summary statistics").
Following Hayward et al. (2021), cophylogenysize is quantified as the harmonic mean of the
host tree size and symbiont tree size given by

2nyng
np + ng

where ny, and ng are the numbers of tips for the host or symbiont tree, respectively (this is
similar to the definition of the netdiversification rate of the cophylogeny in Equation 1). The
treeducken simulator does net'allow us to simulate cophylogenies of a specific size (Dismukes
and Heath 2021), but'our test set of cophylogenies includes a wide variety of parameterizations
(true speciation and-extinction rates) drawn randomly from the prior distribution, allowing
cophylogeny size to'vary accordingly.

Application to Empirical Data

The"ABC approach is applicable to time-calibrated cophylogenetic datasets, which allow the
timeline to be held consistent for all six of the speciation/extinction processes. Here we

920z Jaquieldasg Q| Uo Jesn euozuy Jo AlsieAlun Aq 2£468/8/0.00eAs/01qsAS/E601 "0 /10p/al0IiB-80UBAPE/OIgSAS/WO00 dNODIWBPEI. WO} PaPEOjUMOQ



359
360
361
362
363
364
365
366
367
368
369
370

371
372
373
374
375
376
377

378

379

380
381

382
383
384
385
386
387

388
389
390
391

392

393
394

395
396

demonstrate the application of this method to empirical data with a time-calibrated
cophylogeny of Batesian mimicry compiled by Van Dam et al. (2024), where beetles in the
genus Doliops mimic beetles in the genus Pachyrhynchus, both native to the Philippines. This
mimicry can be seen as a case of commensalism, which is defined as a type of interaction where
one party in the interaction receives a benefit while the other party receives neither a cost nor
a benefit (Bronstein 2015). Particularly in this case, the mimics (Doliops) receive a protective
benefit while the models (Pachyrhynchus) are largely unaffected. Host-symbiont models have
been fitted to this dataset in the original study (Van Dam et al. 2024), with mimics considered
as symbionts and models as hosts. We use the phylo.tracer function from the physketch
package (Revell 2020) to extract the two beetle phylogenies from Figure 4 of the original study
while preserving their branch lengths in Myr. We then code the association between species
manually based on Figure 2 of the original study.

This is done using the same ABC framework and the same prior set of simulated cophylogenies
(n=1,200,000) that we use for performance evaluation and a tolerance rate (also known‘as
acceptance rate, see “ABC Inferential Framework” in Methods) of 1/40000. We also perform
posterior predictive checks of model fit (Pantel and Becks 2023) to see how well the.simulated
cophylogenies that are accepted in the ABC framework (i.e., those that contributeto the
approximate posterior distribution of the parameter estimates) resemble the Pachyrhynchus-
Doliops mimicry cophylogeny.

Results

Performance

The posterior relative errors of both the first and.secondevels of inference tend to decrease
with cophylogeny size (Fig. 5a). For the relativerates (ATH,/:—S,/L—C,ATW,MTH,%) in the first level of
inference, the prior relative errors do not increase or decrease considerably with cophylogeny
size, whereas the posterior relative errars decrease considerably with cophylogeny size. For the
absolute rates (Ay, As, Ac, Aw , uy, 1) in the’second level of inference, both the prior and
posterior relative errors decrease’considerably with cophylogeny size. When cophylogeny size
is large, however, the relative ratesand their respective absolute rates achieve almost equal

posterior errors.

The posterior overconfidence of both levels of inference generally stays below 1 (75%
percentile lines in Fig. 5b). This suggests that the standard deviation of the posterior
distribution is generallyrequal to or greater than the actual absolute error and thus honestly

reflects uncertainty.)Notably, the posterior overconfidence of the relative rates

A As Acid . . . o
(TH,TS,TC,TW,“TH,%) increases with cophylogeny size. When cophylogeny size is large, the
relative ratés and their respective absolute rates are almost equally overconfident (i.e., almost

equally henest about uncertainty).

Error and overconfidence show consistent relationships with cophylogeny size. These patterns
do not differ between speciation and extinction rates, although they correspond, respectively,
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to birth and death processes in the co-diversification model. Overall, the ABC approach
achieves clearly improved accuracy relative to the prior and reasonable honesty about
uncertainty when the target cophylogeny is sufficiently large.

Here, we provide computation time estimates for the ABC parameter inference based on its
performance on the Puma computing cluster at the University of Arizona. Time needed to
simulate the prior set of 1,200,000 cophylogenies (see "Simulating Cophylogenies from the
Prior Distribution" in Methods) depends on the assumed relative extinction rates (€5 and €g),
with the simulations taking longer to run when €4 and €5 are small. Simulations are run in
parallel to ensure a sufficiently large sample size to cover the multivariate (6-dimensional) prior
distribution. It takes at most 10 hours to simulate the prior set of cophylogenies when 5 jobs
(each containing 91 parallel tasks running on 94 AMD EPYC 7642 CPU cores) are submitted in
parallel. This is a time-consuming step, but the prior set of cophylogenies can be reused and
does not need to be re-simulated every time the parameter inference is performed. The ABC
procedure itself, not counting the simulation of the prior set of cophylogenies, takesless:than 1
minute on average (i.e., our performance evaluation against a test set of 1000 cophylogenies is
finished within 15 hours). However, the computation time for both the simulationstand the ABC
itself depends on the exact implementation and likely can be reduced through optimization of
the cophylogeny simulator, data structure of the summary statistics, etc:

Example: Pachyrhynchus-Doliops Mimicry

The first level of inference (of the relative speciation and extinction rates), without using the
time frame of the Pachyrhynchus-Doliops mimicry cophylogeny, gives the following estimates

(Fig. 6b; with means and standard deviations reparted here): ATH is estimated to be 1.90+0.80, %

is estimated to be 0.87+0.71, )lr—c is estimated to be 0.3310.28, ATW is estimated to be 0.62+0.84,
£H is estimated to be 0.86+0.82, and % is-estimated to be 0.90+1.06. The joint distribution of

-
the relative rates shows a nuanced picture of the correlation between the six absolute rates
(Fig. S5).

For the second level of inference (of the absolute speciation and extinction rates), we use 27.5
Myr as the implied time frame of the Pachyrhynchus-Doliops mimicry cophylogeny in Equation
2. This assumes that the timeframe of the model-mimic cophylogeny is as old as the stem age
of the mimic clade Doliops,,which is estimated to be 25-30 Myr (midpoint: 27.5 Myr) based on
a geological calibration for the maximum age of the Philippine Islands to which Doliops is
endemic (Van Dam €t al. 2024). Given Equation (12) and an time frame of 2 treeducken-time
for the simulated-cophylogenies: 1y is estimated to be 2.76+0.99 events/lineage/Myr, Ag is
estimated to,be1.28+0.96 events/lineage/Myr, A, is estimated to be 0.48+0.35
events/lineage/Myr, Ay, is estimated to be 0.93+1.24 events/lineage/Myr, iy is estimated to be
1.17+1.10-events/lineage/Myr, and g is estimated to be 1.24+1.46 events/lineage/Myr. The
joint.distribution of the relative rates shows a nuanced picture of the correlation between the
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six absolute rates (Fig. S6) similar but not identical to the correlation between the six relative
rates (Fig. S5)

For both the first and second levels of inference, we cannot rule out the possibility that
incomplete sampling (Van Dam et al. 2023; Van Dam et al. 2024) biases the
speciation/extinction rate estimates. treeducken-simulated cophylogenies that are accepted
in the ABC fit the Pachyrhynchus-Doliops mimicry cophylogeny reasonably well, as indicated by
our posterior predictive checks for the BLenD-a curve, BLenD-b curve, the number of hosts, and
the number of symbionts (Fig. 6d-6g).

Discussion

Here we present the proof of concept of an ABC approach for inferring, simultaneously, rates.of
different types of speciation and extinction from a cophylogenetic system. Key to ourapproach
is the newly designed summary statistics based on the density curves of Branch Length
Differences (BLenD). We show that the new ABC approach can handle several expected
technical difficulties reasonably well. Specifically, (i) Stochasticity: both speciatioh and
extinction are simulated as stochastic processes in the birth-death co-diversification model,
introducing stochasticity to the resulting cophylogenies (Dismukes and Heath-2021). (ii)
Incompleteness of information: an extant cophylogeny does not contain information about
extinct lineages or the historical association between hosts and symbionts. Compared to
previous approaches to estimating macroevolutionary rates of species interactions from
cophylogenies (Alcala et al. 2017; Satler et al. 2019), our new.ABCapproach allows
speciation/extinction rate estimation under a more biologically realistic assumption that
speciation-extinction dynamics occur simultaneously‘in the host and symbiont clades on the
same timeline.

Timescale: relative versus absolute rates

The first level of inference (timescale-agnostic) has relatively relaxed data requirements,
whereas the second level of inference (timescale-aware) provides additional informativeness
thanks to more stringent data requirements. Specifically, without information on the time
frame of the cophylogeny, the first level of inference can estimate the six speciation and
extinction rates relative tothe net’diversification rate, provided the host and symbiont
phylogenies share the same time unit. In comparison, the second level of inference, using the
time frame of the cophylogeny, adds another layer of information by estimating the absolute
speciation/extinctionsrates in the realistic unit of events/lineage/Myr. When the objective is to
quantify the contributions of different speciation/extinction processes to the net diversification
within a single'cophylogeny, the time frame of the cophylogeny can be considered not of
interestas longias the same time frame is shared by all speciation/extinction processes; in this
case, the first'level of inference (of the relative rates) should suffice. When the objective is to
comparespeciation/extinction rates across different cophylogenetic systems, however,
Speciation/extinction rates in units of events/lineage/Myr are necessary, and so is the second
level of inference (of the absolute rates). It is important to note that the time frame of the
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cophylogeny may be uncertain and thus introduce uncertainty to the second level of inference,
but not the first level of inference.

Indices versus normalized curves as summary statistics

The key to successful ABC parameter inference is summary statistics that decide the distance
between a simulation and the observed data (Sunndker et al. 2013). Since a cophylogenetic
system consists of two phylogenies and the network formed by the tips of the two trees, one
could, in theory, use indices of phylogenies and networks as the summary statistics for ABC.
Indices for phylogenies include phylogenetic diversity (Clarke and Warwick 2001), the gamma
statistic (Pybus and Harvey 2000) and Sackin index measuring tree shape (Sackin 1972). Indices
for networks include global properties such as nestedness, modularity, connectance
(Guimaraes Jr 2020), and meso-scale properties such as motif frequencies (Simmons et al.
2019). Indices concerning both the phylogeny and network components of a cophylogeny
include the mantel correlation, a measure of phylogenetic conservatism of bipartite Species
association (Maliet et al. 2020). However, single indices tend not to be informative enough as
summary statistics for phylogenetic systems (Janzen et al. 2015; Janzen and Etienne.2024). On
the other hand, when we combine multiple of these indices in our preliminary exploratory
analyses, finding reliable correlations between data patterns (summary.statistics) and data-
generating parameters becomes difficult. This difficulty in our preliminary-analyses agrees with
the previous study on estimating macroevolutionary rates of species interactions from
cophylogenies, where accurate parameter inference based on numerous indices is difficult
without dimension reduction and machine learning techniques, (Alcala et al. 2017). Because of
these reasons, we do not choose index-based summary statistics for our approach.

Indeed, the size-based summary statistics used in oufiapproach are arguably index-based as
well (in the sense that they are single numbers asiopposed to normalized curves). To better
focus on the newly designed BLenD curves as summary statistics, we use the simplest forms of
size-based summary statistics (i.e., tree sizes), without a formal comparison to other choices of
size-based summary statistics. However; we acknowledge that a single composite metric, such
as the number of effective pairs 2nn;/(n, 4+ ng) (Hayward et al. 2021) or the number of
extant associations in the host-symbiont network, might be equally promising choices for size-
based summary statistics. Thesessizezbased summary statistics should not be ruled out by
potential future efforts to improve upon the ABC shown here.

Normalized curves have been‘proposed as an alternative type of summary statistics for ABC.
Specifically, a pioneering study has used a normalized lineage-through-time curve (nLTT), which
is irrespective of the'size or length of the phylogenetic tree, to effectively estimate constant
speciation and extinction rates from single phylogenies while taking into account constant-rate
lineage extinction(Janzen et al. 2015). The nLTT summary statistics are informative and
computationally efficient. Inspired by this work, in this study we adapt the use of normalized
curvesias summary statistics for cophylogenetic systems.

A possible explanation for the effectiveness of the BLenD curves may be that they offer high
informativeness with relatively low effective dimensionality. Density curves like the BLenD-a
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and BLenD-b curves have an area-under-the-curve (AUC) of 1. This constraint, combined with
the smoothness of kernel density curves, should mean that any two points on the same BLenD-
a or BLenD-b curve are not fully independent of each other. Thus, the BLenD-a and BLenD-b
curves should be able to be effectively represented in a finite-dimensional space. However, this
remains merely an intuitively plausible explanation.

Importantly, we acknowledge that BLenD-a and BLenD-b are just two examples and that there
may be other ways to sample branch length differences from a cophylogeny that fall under the
broader definition of BLenD density curves (i.e., density curves of pairwise branch length
differences).

Simplifications of the model and inference

1. Phylogenetic lability of host switches

Phylogenetic distance between hosts has been shown to be important in determiningwhether
host switches are successful or not. For symbionts such as parasites, much evidence shows that
host switches occur more often between closely-related species than between distantly-related
ones (i.e., phylogenetic conservatism of host switches, (Charleston and Robertson 2002;
Engelstadter and Hurst 2006; Longdon et al. 2014; Engelstadter and Fortuna 2019). Recent
simulation studies have also incorporated the phylogenetic conservatism of host switches into
their models (Braga et al. 2020, 2021). However, the treeducken simulator (Dismukes and
Heath 2021) used in this study assumes that host switches are*phylogenetically labile, in the
sense that the probability of a host switch is independentiof the phylogenetic distance between
the old host and new host. Thus, incorporating the phylogenetic conservatism of host switches
may improve the realism of the simulation model."However, doing so may come at the cost of
parameter identifiability due to an increased model complexity.

2. Host switches through symbiont’cladogenesis

The treeducken simulator used in this’study offers two options to model changes in host use
by symbionts, host switches and host expansions (Dismukes and Heath 2021). By treeducken’s
definition, a host switch is an‘event in which a new species (as a result of speciation) gains a
new host while losing the 0ld host, whereas a host expansion is an event in which the new
species gains a new host whileretaining the old host. Here we only consider the host switch
option because it allows,the breadth of hosts used by a symbiont lineage to remain constant
instead of assuming that symbionts inevitably evolve to become increasingly generalized (i.e.,
using an increasingly.wide range of hosts) over time, which is not always the case for symbionts
(e.g., Hardy et.al. 2020). However, we acknowledge that it is possible for a symbiont to expand
(i.e., spread)to’new hosts without losing its old host (e.g., Braga et al. 2020, even to
phylogenetically distant hosts like in Drinkwater et al. 2016). An alternative approach would be
tormodel host gains and losses separately, although this option is not available with the
treeducken simulator used in this study.
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Another simplification made in this study is that host switches happen necessarily as a result of
the cladogenetic speciation (branching speciation) of symbionts. It is worth mentioning that
host switches could also occur anagenetically in a symbiont lineage without involving speciation
(e.g., Satler et al. 2019). Additional efforts would be needed to develop a way to infer the rates
of these processes.

3. Constant speciation and extinction rates

A caveat of our method is that it assumes constant speciation and extinction rates over time
and across the cophylogeny. The BLenD curves as summary statistics only extract information
from the branch lengths of the tips of the host and symbiont phylogenies (see Methods for the
details and rationale). Thus, in the presence of considerable heterogeneity in speciation and
extinction rates over time, rate estimates from the ABC-based inference are better reflections
of speciation and extinction rates at shallower nodes of the cophylogeny than deep ones.in
theory, it should be challenging to develop inferential tools that allow speciation and‘xtinction
rates to vary over time, because the historical associations between hosts and symbiontsi.e.,
those at deeper nodes of the cophylogeny) are not known from extant cophylegenies./Thus,
such endeavors may not lead to fruitful outcomes. Inference that allows spetiation and
extinction rates to vary among lineages, e.g., analogous to the inference of tip diversification
rates for single clades (e.g., Vasconcelos et al. 2022), may be an interesting future direction. In
such inference, however, it may be necessary to further simplify the birth-death model and
reduce the number of parameters to avoid identifiability issues.

(Co)phylogenetic uncertainty

As with previous cophylogenetic studies, our ABC cophylogenetic approach is not immune to
errors due to phylogenetic reconstruction or calibration;incomplete taxon sampling, or discord
between species trees and gene trees (e.g., Ho@and Rhillips, 2009; Hughes et al. 2007; Onuferko
et al. 2019). One solution to the problem ofphylogenetic uncertainty is to perform
cophylogenetic analyses on sets of treesfrom ML or Bayesian inferences (Pérez-Escobar et al.
2016; Balbuena et al. 2020; Llaberia-Robledillo et al. 2023). This solution is potentially
applicable to our method thanks to’its‘Bayesian framework; the posterior samples for all sets of
trees could be pooled to form the ultimate posterior distribution. Additionally, apparent losses
of symbionts in some host lineages may be the results of incomplete sampling of host-symbiont
associations (i.e., cophylogeneti¢ uncertainty, e.g., (Jackson and Charleston 2004; Charleston
and Perkins 2006). This source of uncertainty may be more difficult to handle and may require
the development of a new statistical framework for this specific purpose.

Cophylogenetics: reconciliation versus macroevolutionary rate
estimation

An ever-growing and promising body of research has focused on reconciling the phylogeny of
symbionts with that of their hosts (e.g., Merkle et al. 2010; Baudet et al. 2015; Sinaimeri et al.
2023:see Charleston and Perkins 2006; Charleston and Libeskind-Hadas 2014 for an overview).
These studies map the symbiont phylogeny onto the host phylogeny to answer where
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cospeciations, duplications, host switches, and symbiont losses occur along branches of the
host phylogeny. As an intermediate step toward such reconciliation, recent approaches COALA
and AmoCOALA have used ABC to estimate the rates of the aforementioned events (Baudet et
al. 2015; Sinaimeri et al. 2023).

Here, we point out that these rates of events defined for reconciliation purposes in COALA and
AmoCOALA are distinct from the speciation rates defined for clade diversification, which
correspond to the rate parameter in a Poisson-like process in units of events per unit time
(Ricklefs 2007) or events per lineage per unit time (Rabosky et al. 2007; Liow et al. 2010). In
COALA and AmoCOALA, temporal constraints imposed by tree topologies (e.g., host switches
are only possible between temporally coexisting species) are enforced only to the point where
the order of events are feasible; this criterion is known as temporal feasibility (Stolzer et al.
2012). This means that COALA and AmoCOALA do not take into account branch lengths andhare
largely agnostic to the exact intervals between events, making it impossible to derive the rates
of these events in units of events (per lineage) per unit time (i.e., akin to the problemof
pseudocongruence in biogeographic inference, see Donoghue and Moore 2003).

Satler et al. (2019) went beyond reconciliation to quantify the relative contributions of host
switching, pollinator speciation, and pollinator extinction to cophylogenetic pattérn between
figs and fig wasps. However, the DTL (Duplication, Transfer, Loss) model that'Satler et al. (2019)
adopted (Szo6llGsi et al. 2012, an extension of Tofigh 2009) was developed for reconciliation
purposes and makes the simplifications that (1) time along the host'tree’is "coarse grained"
such that duplication, transfer, and loss events are specified to'eccur in a given time slice
corresponding to an interval of time between two successivesspeciation events and (2) all time
slices are assumed to have equal width without considering the exact time intervals between
speciation events. Such simplifications distort the exact timeline of events, preventing the
approach of Satler et al. (2019) from estimating the rates of these events in units of events (per
lineage) per unit time.

Therefore, while the rate estimates from-the approaches of Baudet et al. (2015), Satler et al.
(2019), and Sinaimeri et al. (2023) provide valuable insights into the probabilities of
fundamental evolutionary and ecological.events in a cophylogenetic system, these rates are
incompatible with the commonly aceepted definition of rates of events in the
macroevolutionary literature<To-the best of our knowledge, our study represents the first ABC-
based cophylogenetic appreach to offer a temporally explicit view of multiple types of
macroevolutionary events.

Potential improvements

Several technical.improvements would be potentially useful in order to go beyond the proof of
concept that we.show here. Single-layered feed-forward neural networks, a machine learning
technique, have been used to improve the accuracy of ABC parameter inference (Csilléry et al.
2012). The-improved accuracy is achieved through neural-network-based regression to correct
rate estimates (Blum and Frangois 2010). This approach currently only works with a few single
summary statistics. Adapting this regression-based approach for the use of normalized curves
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(such as BLenD) as summary statistics may be an interesting future direction. Another
promising direction may be to enhance the ABC in this study with Sequential Monte Carlo
(SMC), an algorithm that improves the accuracy of inference by iteratively generating new
parameter samples from the posterior distribution and repeating the ABC procedure (for
examples of ABC-SMC for (co)phylogenetic systems, see Janzen et al. 2015; Baudet et al. 2015;
Sinaimeri et al. 2023). It is even possible to go beyond an Approximate Bayesian Computation
framework and use the highly informative BLenD curves as summary statistics for other
simulation-based inference approaches, such as those based on machine learning. This may be
a particularly promising future direction because machine learning models, once properly
trained on sufficient data, are usually very fast to run (see Lambert et al. 2023, which includes a
machine learning approach to macroevolutionary rate estimation using pre-selected summary,
statistics).

Broader implications

The potential user of this method might want to interpret the results from our approachin light
of results from other methods. For instance, the rate estimates from our approachweffer
valuable information about conservatism, a popular topic in the biology of species/interactions
(Gémez et al. 2010). In symbiont speciation without host switching (As),.the descendant
symbiont lineages retain associations with the host itself. Differently,.in cospeciation (A.), the
descendant symbiont lineages retain associations with the descendants of the ancestral host. In
both symbiont speciation without host switching (As) and cospeciation’(4.), the descendant
symbiont lineages retain their associations with the ancestral lineage (Fig. 1), contributing to
host conservatism of the symbionts. On the contrary, in symbiont speciation with host
switching (1), one of the descendant symbiont lineages'switches to a new host lineage,
reducing the host conservatism of the symbionts (i«e., contributing to host lability). Thus, the
simultaneous inference of Ag, A, and Ay, helps.allow patterns of host conservatism to be
attributed to two types of speciation increasing'host’conservatism and one type of speciation
decreasing it. The approach presented here adds to the existing methods to help tease apart
the relative contributions of different macroevolutionary processes to cophylogenetic patterns
(Alcala et al. 2017; Satler et al. 2019), but under a more biologically realistic assumption that
speciation and extinction occur on the'same timeline in the host and symbiont clades. With this
improved biological realism, different speciation processes’ contributions may be more easily
compared within the sameccophylogenetic system; additionally, a certain speciation process’s
contributions may also be more’easily compared between multiple cophylogenetic systems.

In the beetle mimicry example analyzed in this work, we find that the two types of speciation
increasing host conservatism and the one type decreasing it do not differ in rate considerably
(Fig. 4). Van Dam ‘et al. (2024) reveals that, in the beetle mimicry system, a number of
interactions are conserved over long periods of time while others are more labile and transient.
This mixed pattern of host conservatism, as our results suggest, could have arisen from the fact
thatéspeciation events increasing host conservatism are balanced by those decreasing it.

When-a cophylogeny is seen as an evolving system of its own, questions can be asked about
what affects the rates of different types of speciation in a cophylogeny. In phylogenetic
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comparative research, significant efforts have been devoted to studying how organismal traits
affect speciation rates (Garamszegi 2014; Revell and Harmon 2022; Morlon et al. 2024). Similar
qguestions can be asked about cophylogenetic systems. For example, key innovations have been
hypothesized and debated as drivers of speciation for single clades (Miller et al. 2023) - do
certain types of key innovation also affect the rates of speciation in a cophylogenetic system? In
the beetle mimicry example, limited dispersal among islands has been shown to drive
cospeciation (Van Dam et al. 2024). Thus, one hypothesis may be that the evolution of long-
distance dispersal ability may decrease the rate of cospeciation. In a different vein, the old and
still influential "escape-and-radiate" hypothesis states that the evolution of novel counter-
defenses in symbionts allows them to "escape" from the host defenses and, as a result, radiate
(Ehrlich and Raven 1964; Cogni et al. 2022). Then, what are the effects of these counter-
defenses on symbiont speciation without host switching, cospeciation, and symbiont speciation
with host switching? Comparing the speciation rates of cophylogenetic systems with these key
innovations versus those without them may provide insights into these questions and
hypotheses.

An interesting potential for the approach presented here lies in the possibility/of inferming real-
world problems about public health. For instance, the coevolutionary history‘of coronaviruses
and their mammalian hosts has been shown to be characterized by frequent host switches
(Maestri et al. 2024). Comparisons of host-switching speciation rates.between different strains
of viruses (many of which are essentially clades) would allow one to ask whether highly virulent
strains switch hosts more or less frequently than less virulent strains. Alternatively, one could
ask whether historical rates of host-switching speciation predictpathogens’ risk of spilling over
to other host species in the future. These lines of research, however, would require knowledge
on the origination times of the host-pathogen interactions of interest (and thus the time frames
of the cophylogenies of interest).

Concluding remarks

By considering the cophylogenetic system asia whole, the ABC-based approach presented here
estimates multiple types of speciation and,extinction rates from a cophylogenetic system.
Fortunately, time-calibrated cophylogenetic datasets that are needed for such inference, where
both the host and symbiont trees-are.dated, are gradually gaining traction. For example, time-
calibrated phylogenies of plants can be generated with a readily available tool V.PhyloMaker2
(Jin and Qian 2022). When cembined with data on plant-animal networks as well as dated
phylogenies of animals, V.PhyloMaker2 allows time-calibrated cophylogenies of plant-animal
interactions to be compiled. Some cophylogenetic systems consisting of eukaryotes and non-
eukaryotes have also’been time-calibrated, such as one consisting of mammals and their
coronaviruses (Maestri et al. 2024). As a remarkable recent advance in this direction, Wang and
Luo (2025)'successfully dated the Tree of Life for symbiotic bacteria, potentially allowing time-
calibrated cophylogenies to be compiled for several important types of interactions between
symbiotic bacteria (e.g., Rickettsiales, Wolbachia) and their eukaryotic hosts. Notably, an
ambitious recent compilation has included time-calibrated cophylogenies for three different
systems including plant-bat interactions (pollination), plant-bird interactions (seed dispersal),
and mycorrhizal symbioses between plants and fungi (Perez-Lamarque et al. 2025).
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Undoubtedly, the lack of knowledge about the origination time of many interactions (and thus
about the time frame of the cophylogeny) still poses challenges to the inference of absolute
speciation/extinction rates from cophylogenies. It is, however, as shown in the inference of
relative speciation/extinction rates presented in this paper, possible to make meaningful
inferences about speciation/extinction rates in cophylogenies to better understand questions in
ecology and evolution.
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Figure 1. Important lengths (representations of time) in a cophylogeny:.The origin of the
cophylogeny is the time point since which the two clades have been interacting with each other.
treeducken, the birth-death model used in this study, simulates the joint diversification history
of the two interacting clades since the beginning of the interaetion, but it does not preclude
situations in which the two clades existed before the interaction originated. In reality, a time-
calibrated cophylogeny may not contain information about the time frame of the cophylogeny,
but it inherently contains information about the crewn-age of each interacting clade, which is
used by the method described in this study for'the inference of speciation and extinction rates.
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979  Figure 2. Speciation ‘and extinction events giving rise to cophylogenetic patterns and their rates
980 (in parentheses). (a) Host speciation (Ay): both descendant hosts retain association with the
981 originalsymbiont. (b) Symbiont speciation without host switching (As): both descendant

982  symbionts retain association with the original host. (c) Cospeciation (A;): a host and one of its
983  symbionts, randomly selected, undergo speciation simultaneously (host 1 into hosts 3 and 4;
984 _symbiont 2 into symbionts 4 and 5). Each descendant host forms association with one of the
985/ descendant symbionts (host 3 with symbiont 4; host 4 with symbiont 5). The ancestral host’s
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and symbiont’s remaining associations are randomly sorted among the descendants. (d)
Symbiont speciation with host switching (Ay,): same as (b), but here one of the descendant
symbionts switches to a new, randomly selected host. (e) Host extinction (uy): note that the
symbiont(s) relying on this host go extinct as well. (f) Symbiont extinction (us). These event
definitions are identical to those in the simulator, except that the rate of symbiont speciation
with host switching (Ay,) is denoted by y in the original study (Dismukes and Heath 2021). The
rate of each type of event is defined as the number of events per lineage per unit time.
Specifically, the rate of cospeciation (A;) is defined as the number of events per unit time per
host lineage (i.e., in each cospeciation event, the speciating symbiont is selected at random
among all symbionts associated with the host lineage).

a) Branch pairs for BLenD-a
Host Symbiont

b) Branch pairs for BLenD-b
Host Symbiont

vl
' TS (5

Figure 3. The pairing between branches for the computation of Branch Length Differences
(BLenD). BLenD-a and BlenD-b refer to two ways in which branches are paired. (a): in BLenD-aq,
terminal branches are paired for each symbiont-host association (1, & ls). (b): in BLenD-b,
terminal branches-are paired for each unique pair of host tips connected through a pair of sister
symbionts'(l; & 1,). Importantly, if a single host tip is associated with a pair of sister symbionts,
BLenD+b considers that host to be paired with itself and l; = l,, as indicated by an asterisk in
(b).-Notably, neither BLenD-a nor BLenD-b considers information from nodes deeper than the
terminal branches, because the association between host and symbiont lineages becomes
increasingly untraceable at deeper nodes.
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Figure 4. The distance between the target cophylogeny T and_any simulated cophylogeny S
based on the BLenD density curves, distgrena—a(S, T)anddistgienp (S, T), is equal to the
area between their respective BLenD curves (i.e., the shaded area). In the ABC-based parameter
estimation, simulated cophylogenies with the lowest overall distance to the true cophylogeny
are accepted and the parameters used to simulate the accepted cophylogenies constitute
samples of the posterior distribution. Cophylogenies are shown with the extinct lineages
included; however, the BLenD curves aré.based on extant lineages only (see Fig. 3).
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Figure 5. 25%, %, and 75% percentiles of the relative error and z-score of the relative and
absolute ra timates, plotted against cophylogeny size. The percentile lines are estimated
bas quantile regressions of the 1000 cophylogenies in the test set (see Figs. S1-54 for the
%ts used in these regressions). The dashed lines are for the prior distributions, whereas
%ﬁd lines are for the corresponding posterior distributions. A 50% quantile regression line,
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for example, indicates that there is a 50% probability that the relative error (or z-score) is below
the regression line.
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Figure 6. Inference of speciation and extinction rates from the cophylogenetic dataset of weevil
mimicry (Van'Dam et al. 2024): Ay - host speciation rate; As — rate of symbiont speciation
without host switching; A. — cospeciation rate; Ay, — rate of symbiont speciation with host
switching, yy - host extinction rate; ug — symbiont extinction rate; r — net diversification rate of
theicophylogeny. (a) Time-calibrated cophylogeny of Pachyrhynchus (models, treated as hosts)
and Doliops (mimics, treated as symbionts). (b) The posterior distribution of the relative
speciation and extinction rate estimates (the time frame of the cophylogeny is not used; see Fig.
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S5 for both the prior and posterior distributions). (c) The posterior distribution of the absolute
speciation and extinction rate estimates (the time frame of the cophylogeny is estimated to be
27.5 Myr and used for inference; see Fig. S6 for both the prior and posterior distributions). (d,
e, f & g) Posterior predictive checks of model fit. Each panel focuses on the BLenD-a curve,
BLenD-b curve, host tree size, and symbiont tree size, respectively. Blue represents the real
cophylogeny of beetle mimicry; red represents the simulated cophylogenies that are accepted in
the ABC due to their short distance to the real (target) cophylogeny (i.e., corresponding to the
posterior distribution of parameters); gray represents all the simulated cophylogenies
(corresponding to the prior distribution of parameters).
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