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Abstract.—Different species concepts and their associated criteria have been used to delimit species boundaries, such as the
absence of gene flow for the biological species concept and the presence of morphological distinction for the morphological
species concept. The need for different delimitation criteria largely reflects the fact that species are generated under various
speciation mechanisms. A key question is how to make species delimitation consistent in a species group, especially when
we want to delimit the species boundaries over many newly discovered evolutionary lineages and add these new lineages
into a comparative analysis. Instead of forcing a single definition of “species,” we can acknowledge different delimitation
criteria by modeling how fast lineages in a species group evolve to meet these criteria along a phylogenetic tree. This
study presents such a new model and a new delimitation approach that calculates the probability of each possible species
identity of a lineage. We use simulations to show that our likelihood function gives accurate estimates of parameters in
the model and our approach has high power to correctly identify species identities. We apply the approach to lineages in 2
real species groups that already have genomic and morphological evidence for their species identities. Our approach gives
consistent inference of species identities with these existing pieces of evidence. We also demonstrate how to use our model
to test a popular hypothesis about speciation process across all lineages in a species group and discuss further extension
of the model to study speciation. [ProSSE; protracted birth-death process; speciation completion rate; speciation-based

delimitation; The Bateson-Dobzhansky-Muller model.]

Species delimitation is about when and how to iden-
tify a given evolutionary lineage as a species distinct
from other such lineages. This is the critical first step for
any study at the species level, and crossing scales from
micro to macroevolution. Yet, species delimitation is a
notoriously hard problem, because different criteria on
different data types are used to delimit species bound-
aries under different species concepts (de Queiroz
2007). For example, genomic data are used to delimit
species boundaries under the general lineage concept
of species (de Queiroz 1998) when the observed genetic
variation among individuals is more likely to be gen-
erated from multiple genetic populations than from a
single one, known as multispecies coalescent methods
(Yang and Rannala 2010; Zhang et al. 2011; Jackson et
al. 2017). Genetic composition and clines of individuals
sampled from contact zones are used to test the absence
of hybridization or gene flow as evidence for reproduc-
tive isolation, which delimits species boundaries under
the biological species concept (Barton and Gale 1993;
Pritchard et al. 2000; Anderson and Thompson 2002).
Phenotypic data are used to delimit species boundaries
under the morphological species concept when there
are qualitative traits that differ among groups of sam-
pled individuals but are fixed within each group (Wiens
and Servedio 2010) or when there are quantitative traits
whose observed variation among sampled individuals
follows different normal distributions, rather than one

normal distribution as expected for polygenic traits
under random mating (reviewed by Cadena et al. 2018).
However, not all distinct species diverge in their phe-
notypic traits; the phenomenon of cryptic species, is
broadly defined as species that are morphologically and
ecologically similar but genetically divergent in Singhal
et al. (2018). Similarly, while ecological information
such as differences in habitat use or in life histories is
used to delimit species boundaries under the ecological
species concept (Van Valen 1976), many cryptic species
may not differ at all in these aspects.

Often, we include species in a comparative analysis
that are defined by different delimitation criteria. For
example, we may include in the same phylogenetic tree
previously recognized species based on their morpho-
logical and/or ecological distinctiveness, together with
newly elevated, and largely cryptic, species recognized
by their genomic data. Such a practice presents us with
2 challenging problems to solve. First, what happens
when we have newly discovered lineages? How do we
delimit the species boundaries across these new lin-
eages in order to keep our approach to delimitation con-
sistent before and after these new lineages are added to
the analysis? Second, we often use such a phylogenetic
tree to study speciation dynamics of a species group, for
example, to ask what affects speciation rate across the
tree. How do we interpret variations in speciation rate
when tip species are identified by different delimitation
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criteria? What happens when the effects of a factor on
speciation rate depend on the delimitation criteria?

In this study, we develop a phylogenetic modeling
approach to solve both challenges. The basic idea is
to model how fast lineages in a species group evolve
to meet different delimitation criteria along a phylo-
genetic tree. For example, cryptic species are usually
identified by the presence of genetic divergence under
the general lineage concept of species and/or genetic
evidence for reproductive isolation under biological
species concept (Fiser et al. 2018). So cryptic species,
regardless of their actual speciation mechanisms, likely
meet these delimitation criteria through a gradual
process, either by accumulating genetic differences or
intrinsic genomic incompatibilities between popula-
tions. In contrast, species identified by their ecological
or morphological distinctiveness likely meet the delim-
itation criteria through habitat shifts or trait evolution.
If we can model how species evolve to meet different
delimitation criteria along the phylogeny, then we can
use the model to mathematically describe how we
delimit the species boundaries in the species group and
to predict the probability that a new lineage is a distinct
species. This solves the first challenge. This solution is
particularly useful for detecting cryptic species, which
often requires extensive sequencing of many samples
over the distribution range of the new lineages, ideally
including contact zones. When we do not have this
opportunity to get the data, the modeling approach we
present here offers a quick way to detect cryptic spe-
cies in the new lineages, which is based on how fast
the other lineages in the species group have evolved to
meet the delimitation criteria for cryptic species.

Modeling how fast lineages evolve to meet differ-
ent delimitation criteria also helps us solve the second
challenge, because we now have a more specific defi-
nition of speciation rate, which is the rate at which a
lineage evolves to meet a particular delimitation crite-
rion. We can then test the effect of a factor on this rate
for different delimitation criteria separately. In this
study, we demonstrate this idea by testing the Bateson—
Dobzhansky—-Muller model (BDM model; Bateson 1909;
Dobzhansky 1937; Muller 1942). The BDM model is the
most popular model for the accumulation of intrinsic
incompatibilities and has a clear prediction that how
fast a lineage evolves intrinsic reproductive isolation
is proportional to its mutation rate. This prediction is
made by mathematically modeling the accumulation
of BDM incompatibilities between populations, condi-
tional on the initiation of speciation, and predicting how
long it takes for the number of incompatibilities to reach
a threshold for reproductive isolation (Gavrilets 2003).
Because we have modeled how fast lineages evolve to
meet different delimitation criteria including intrin-
sic reproductive isolation and we know which extant
species are cryptic species identified by the criterion of
reproductive isolation, we can test the prediction of the
BDM model by allowing the rate of evolving intrinsic
reproductive isolation vary with mutation rate in our

model and fitting the model to the phylogenetic tree
and the taxonomic information of the species group.

To understand how fast lineages evolve to meet dif-
ferent delimitation criteria, we need lineages that have
met the criteria, that is, interspecific lineages, as well
as lineages that have not met the criteria, that is, intra-
specific lineages, and we need a model to describe how
intraspecific lineages becomes interspecific. A useful
model is the protracted birth-death model (Etienne and
Rosindell 2012). In the model, a newly arising lineage
takes time to become a distinct species to its ancestral
species. The new lineage can be thought of as a popu-
lation newly isolated from the other populations of the
same species. This event is called a speciation initiation
event (anode in Fig. 1a). The lineage is regarded as in an
“incipient” state before a speciation completion event
(marked by an arrow from the ancestral species identity
to a new species identity in Fig. 1a) turns the lineage
into a ‘good’ species (shaded in Fig. 1a) that is distinct
to its ancestral species. Regardless of how a new lineage
arises, the model uses a speciation initiation rate b to
describe how often a speciation initiation event occurs.
Similarly, regardless of what speciation mechanisms are
involved, the model uses a speciation completion rate
A to describe the time duration between a speciation
initiation event and the following speciation comple-
tion event. Meanwhile, both “incipient” lineages and
“good” species may go extinct but at different extinc-
tion rates (p; and pc in Fig. 1d).

Hua et al. (2022) argued that in order to fit the pro-
tracted birth death model to a phylogenetic tree with
both intraspecific and interspecific lineages (Fig. 1b),
unless we have additional information, all intraspe-
cific lineages of a species should be treated equally, that
is, they have equal speciation initiation rate b, specia-
tion completion rate A, and extinction rate p (Fig. le).
This is in contrast with fitting the model to a phyloge-
netic tree with only interspecific lineages (Fig. 1a after
removing the gray edges), which requires us to define
the lineage that leads to a new species in the tree as a
“good” lineage (Lambert et al. 2015; edges in solid lines
in Fig.1a), of which extinction means the extinction of
all the lineages of the species and so its extinction rate
g is different from that of “incipient” lineages p; (Fig.
1d; “incipient” lineages are edges in dashed lines in Fig.
la). The exact likelihood function for the protracted
birth death model on a tree with both intraspecific and
interspecific lineages is given by the ProSSE model (Hua
et al. 2022) when all the 3 rates are constant across the
tree. In this study, we extend ProSSE to allow lineages
of different species to have different speciation comple-
tion rates, that is, different rates to evolve to meet differ-
ent delimitation criteria in the context of this study. We
demonstrate how to extend ProSSE to delimit species
boundaries and test the BDM model.

We note that the idea of modeling protracted specia-
tion for species delimitation is not new. Sukumaran et
al. (2021) used the speciation completion rate estimated
from lineages with known species identities to calculate
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Figure 1. Illustration of protracted birth-death model (a, d), ProSSE algorithm (b, e), and extended ProSSE algorithm (¢, f). In (a), there are
three extant species and an extinct species. Lineages of these four species are enclosed by four polygons. A species went extinct at rate zg, which
is different from the extinction rate of a lineage ji;. A speciation process starts with the rise of an incipient lineage at rate b and completes at a
speciation completion event with rate A (marked by an arrow from the ancestral species to the new species). When we fit the protracted birth-
death model to a tree where only one lineage of each species is included (coloured tip nodes), we need to define a good (G) lineage (solid edge)
separately from an incipient (I) lineage (dashed edge) as in Lambert et al. (2015), such that the good lineage is a whole species and thus have
extinction rate jic rather than ;. The dynamics between incipient (I) and good (G) states are described in (d). In (b), we have included all the
lineages of each species and so all lineages now have the same extinction rate £ in (e). ProSSE randomly pick an extant lineage of each species
(tip nodes with solid colors) as the representative (R) to its species. All the other lineages of each species are incipient (I). Different from G state,
R state does not indicate different evolutionary dynamics (e). It is used only to track the number of distinct species at a time along the tree. In
(c), ProSSE is extended to account for different delimitation criteria. For example, the tip lineages use different habitats or have different trait
states (triangle and circle), which can be used as a delimitation criterion for ecological species, such as the green species. Suppose that the left
two extant species in (a) have no morphological difference and their species boundaries are delimited by genomic isolation in (c), then these
2 species are cryptic species, so state I and state R are modeled along edges connecting lineages in the 2 species. The transition between the
2 states is governed by speciation completion rate A: (left diagram in f), which, according the BDM model, is correlated with mutation rate.
To test BDM model, we allow A, to vary continuously across the tree (edges with color gradients). The remaining edges on the tree connect
morphological species, so state I;; and state Ry are modeled by the right diagram in (f).

the probability that lineages with unknown species account for no speciation completion event since the
identities have completed speciation. They introduced  split between the 2 lineages. Last and most important,
this method, DELINEATE, as the first method of anew DELINEATE assumes a constant speciation completion
class of delimitation: speciation-based delimitation. rate across lineages, an assumption that is not easy to
However, DELINEATE has 3 key limitations. First, it relax under its methodological framework.

requires enumeration of all possible configurations of Our extended ProSSE does not have these limitations.
speciation completion events across branches and/or It uses analytical solutions and so is efficient to apply to
all possible ways to partition lineages with unknown big phylogenies. It simultaneously fits the protracted
species identities into different species, so the method speciation model and estimates the species identity for
is computationally inefficient, especially in terms of each lineage of interest. It allows different lineages to
memory requirements. Second, when there are lineages have different speciation completion rates. Importantly,
of known species identities, DELINEATE estimates the rather than claiming to model the speciation process
speciation completion rate only from these lineages. per se, we explicitly define a speciation completion
However, the estimation of the speciation completion event as the point when a lineage meets a delimita-
rate is not independent of the lineages with unknown tion criterion. With this new definition, we consider
species identities. For example, if a lineage with an speciation-based delimitation as an approach that sum-
unknown species identity belongs to the same species marizes our current practice of species delimitation to
as a lineage with a known species identity, then the lineages in a species group by estimating how fast these
speciation completion rate needs to be low enough to lineages have evolved to meet the delimitation criteria.
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The estimated rates allow us to predict how likely it is
that the remaining lineages in the species group have
met the delimitation criteria. As a result, the constant
speciation completion rate in DELINEATE is equivalent
to assuming that all the lineages in a species group are
delimited by the same criterion. Our extended ProSSE
improves speciation-based delimitation by allowing
different criteria applied to different lineages in a spe-
cies group and estimating how fast a lineage evolves
to each of these delimitation criteria. We use simulated
data to quantify how much this improvement increases
our power to correctly delimit species boundaries.

We demonstrate the applicability of extended
ProSSE to real species groups, using 2 case studies:
North American Lionepha ground beetles in the family
Carabidae and Australian Carlia skinks in the subfam-
ily Eugongylinae. We use Lionepha because Sukumaran
et al. (2021) used this species group to demonstrate
the applicability of DELINEATE, which allows us to
compare the performance between DELINEATE and
extended ProSSE on real species groups. We use Carlia
because, similar to Lionepha, the multispecies coalescent
tree is available for all phylogeographic lineages of the
species group, with 46 tip lineages and 26 recognized
species. Lineages in 4 out of 11 species complexes have
been tested for some delimitation criteria. This allows
us to ask if extended ProSSE can correctly predict the
results of these tests. Different from Lionepha, Carlia spe-
cies are thought to have undergone different speciation
mechanisms and so multiple delimitation criteria have
been applied to the species group. This allows us to
demonstrate the flexibility of extended ProSSE to esti-
mate how fast a lineage evolves to each of the delimita-
tion criteria. We also use Carlia to test the BDM model
by allowing the rate of evolving intrinsic reproductive
isolation vary with mutation rate as predicted by the-
ory (Gavrilets 2003). This is possible because 1) cryptic
species in Carlia have been delimited by the criterion of
absence of gene flow, so these cryptic species have likely
evolved intrinsic reproductive isolation; 2) in Carlia and
related genera, mutation rate varies with temperature
among species (Ivan et al. 2021), so we have prior infor-
mation on the mutation rate at each tip lineage in Carlia.

MATERIALS AND METHODS

We will first introduce the general framework of the
method and then describe in detail how to model pro-
tracted speciation with different delimitation criteria,
how to account for uncertainties in lineages’ species
identities, and how to test the BDM model. The method
takes a Bayesian approach to infer the posterior distri-
bution of model parameters, summarized in ¢, and the
species identities of lineages of interest, summarized in
¢'. The input is the time tree connecting all the lineages
in the species group 7, the known species identities of
some lineages in the tree {, and any information that
indicates the delimitation criteria used on these lin-
eages, summarized in X. The Bayesian framework is

f0,817,6X) ocf(r,e1€,6,X) f(16,X)f(0]X)
=f(r&E10,X)f(0]X),

where f(7,¢,& | 6,X) is the core of our method,
which uses the ProSSE model (Hua et al. 2022) and
extends it to allow lineages to have different rates to
evolve to meet different delimitation criteria. In this
paper, we call our new model “extended ProSSE,”
to distinguish it from the ProSSE model in Hua et al.
(2022). But the ProSSE model is just a special case of
extended ProSSE, so we consider all cases of extended
ProSSE under the “ProSSE” method.

Extended ProSSE

ProSSE (Hua et al. 2022) calculates the probability
that a tree and the species identities of the extant lin-
eages in the tree are generated under the protracted
birth-death model (Etienne and Rosindell 2012). The
main idea behind ProSSE is to track 2 states: represen-
tative (state R) and incipient (state I), along each edge
of a tree from the present to the root. State R means the
edge represents a species at a time, so, by definition, the
most recent common ancestor (color-filled nodes in Fig.
1b) of an extant species is in state R. State I means the
edge belongs to the same species as other edges in the
tree at a time and one of these other edges is in state R.
For example, in Fig. 1b, orange species have 3 extant
lineages, 2 in state I (unfilled tip nodes) and one in state
R (orange-filled tip node) at the present. Note that state
Ris introduced to track the number of distinct species at
a time along the tree rather than indicate changes in the
evolutionary dynamic of a lineage, so a lineage, either
in state R or state I, has the same chance to complete
speciation, which is modeled as a transition into state
R with rate A (Fig. 1e). Along an edge, ProSSE calcu-
lates Dr (t) and Dy (t), which are the probabilities that
the edge in state R (resp. state I) at time ¢ leads to extant
descendants as observed in the tree. Dr (f) and Dj () are
derived from equations (1), (3), (4) in Appendix 1. At a
node where 2 edges join, Dr (t) and Dy (t) are updated
by equations (2), (5), (6) in Appendix 1. The calculation
continues until we reach the root. Since the root must
be in state R (black-filled node in Fig. 1b), Dk (t) at the
root gives the joint probability of observing the tree 7
and the species identity of each extant lineage § under
the protracted birth death model, that is, f (7,£ | 0) in
the general framework, where 0 consists of A, b, and p.

Because ProSSE considers each edge independently,
it can be extended to allow different lineages to have
different ways to transit into State R, which represents
a speciation completion event, or the point when a lin-
eage meets a delimitation criterion in the context of this
study. Below, let us consider each type of delimitation
criteria separately. The mathematical details of this
extended ProSSE model are in Appendix 2.

When we use qualitative traits as diagnostic characters
to distinguish species, a lineage turns into a distinct “mor-
phological species” to its ancestral species when it transits
from the ancestral trait state to a new trait state, which can
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be modeled as co-occurrence between transition in trait
states and speciation completion event (event 1 in Fig. 1c).
To model how fast a lineage evolves to meet this delimita-
tion criterion, we can introduce parameter g;; for the rate
of transition from trait state i to trait state j and use the trait
states of the extant lineages to inform how large i is. This
is similar to a Markov model for discrete trait evolution
(Pagel 1994; Fig. 1f). Note that when 2 sister lineages tran-
sit into the same trait state that is different from the ances-
tral trait state, our model will consider these 2 lineages as
distinct species, but in practice, we will not, because we
use the difference in morphological traits between sister
lineages as the delimitation criterion. However, we usu-
ally use many diagnostic characters to distinguish species
and 2 sister lineages will rarely transit to the same trait
states for all the traits. So our model is still a good approx-
imation to how we delimit morphological species using
qualitative traits.

We can apply the same model to situations where
we consider lineages occupying different habitats as
distinct “ecological species,” except now the trait states
are replaced by habitats. However, habitat informa-
tion alone is rarely used to delimit species boundaries,
because habitat shifts in lineages within a species can
happen as a result of habitat expansion (event 2 in Fig.
1c). To account for this, we include additional parame-
ter pij for the probability that the transition from habitat
i to habitat j co-occurs with speciation completion event
(Fig. 1f). Using this parameter, we can separately model
habitat shifts that co-occur with speciation completion
events from those that do not co-occur with speciation
completion events.

When we use quantitative traits as diagnostic charac-
ters to distinguish species, a lineage gradually evolves
its trait value away from its ancestral trait value and
turns into a distinct “morphological species” to its
ancestral species when difference in their trait values
are over a threshold, for example, when the difference
is sufficiently larger than intraspecific variation in the
trait values that the current trait values of the lineage
belong to a distinct normal distribution to its ancestral
trait values. How fast this happens can be estimated by
fitting the speciation completion rate in the protracted
birth death model to the phylogenetic relationship
between species whose boundaries are delimited by
the quantitative traits, which we denote as A | . The rate
that 2 sister lineages become morphologically diverged
from each other doubles A , because both lineages can
evolve away from their ancestral trait values.

Similarly, when we use the degree of genetic divergence
or genetic evidence for intrinsic reproductive isolation to
identify cryptic species, a lineage gradually accumulates
genetic substitutions until it becomes genetically diverged
from or genetically incompatible with its ancestral species.
How fast this happens can also be estimated by fitting the
speciation completion rate in the protracted birth death
model to the phylogenetic relationship among cryptic spe-
cies, which we denote as A . The rate that 2 sister lineages
become genetically diverged from each other doubles A ,
because both lineages accumulate substitutions over time.

To separately estimate A and A , we denote state I and
state R with a subscript ¢ for cryptic species and with a
subscript m for morphological species. Transition from
state I to state R is through A (Fig. 1f). Transition from
state [ tostate R isthrough A and/or transition in qual-
itative traits with rate g; (Fig. 1f). When habitat shifts are
not associated with obvious morphological changes (e.g.,
in cryptic species), we can still model habitat shifts within
state I and within state R (Fig. 1f). To calculate Dr (t)
and Dj (t) along the tree, we follow state I and state R,
using equations 7, 9, 11 in Appendix 2, for edges that link
lineages in the same species complex (a group of cryptic
species hidden under one species name). For the remain-
ing edges on the tree, we follow state I to state R , using
equation 7, with D¢ (t) and A replaced by D (t) and A,y
and equations 13 and 15 in Appendix 2. This is because
a species complex is often morphologically distinct from
other species complexes and from other morphological
species and so the most recent common ancestor of a spe-
cies complex is a morphological species.

Accounting for Uncertainty in Species Identity

So far, we have used extended ProSSE to calculate
f(7,€ | 6,X), the probability of the tree that connects all
the extant lineages of certain species identities §. When
we are not certain about the species identity of some
extant lineages ¢/, f (7,€ | 0, X)becomes f (7,§,¢' | 0,X)
and we want to use f(7,§,& | 0,X) to calculate the
probability of each possible species identity of these
lineages. We use Gibbs sampling to approximate this
probability distribution, in which the species identity of
lineage ! with uncertain species identity ¢/ is sampled in
sequence based on the probability P (f{ | 7,6¢ .6, X),
where ¢’ | are the species identities previously sampled
for all the lineages with uncertain species identities
except for lineage I. Using the definition of conditional
probability,

f (6,6 16,X)
Sees (66,6 16,X)

where S5; is the set of all possible species identities
of lineage I, which can be predefined based on prior
knowledge, for example, the lineage is split from a rec-
ognized species. When there is no prior knowledge, S
includes any of the distinct species identities in § and
¢ - Inboth cases, S; also includes a species identity that
is umque to lineage /, that is, lineage ! belongs to a spe-
cies that is different from any other lineages. For each
| (7,668 | 0,X)is calculated in the same way as
fl (1,€ | 0,X) that we described in the previous sections.
From the resulting Gibbs samples, we can calculate the
probability that a lineage belongs to a certain extant
species by counting how often the lineage belongs to
the species in the samples.

P(g | 7,6¢,0,X) =

Testing BDM Model

Under the BDM model, the rate of evolving intrin-
sic reproductive isolation is determined by the rate of
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accumulating genetic incompatibilities, which depends
on mutation rate (Gavrilets 2003). Specifically, the aver-
age waiting time for speciation to complete is propor-
tional to the inverse of mutation rate (Gavrilets 2003),
under both allopatric and parapatric speciation (assum-
ing that the rate of gene flow is much larger than muta-
tion rate). So, we expect the rate of evolving intrinsic
reproductive isolation proportional to mutation rate if
the BDM model is the genetic mechanism of intrinsic
reproductive isolation.

To test the BDM model, we need to estimate the rate
of evolving intrinsic reproductive isolation. In our
extended ProSSE, parameter A _is used to model the
rate of a lineage to evolve to meet the delimitation cri-
teria for cryptic species. If nonallopatric cryptic species
in a species complex are identified by the absence of
gene flow among each other, then these cryptic species
have likely evolved intrinsic reproductive isolation.
We can use the phylogenetic relationship among these
cryptic species to estimate parameter A , which is now
the rate of a lineage to evolve intrinsic reproductive
isolation. To test the BDM model, we can incorporate
the prediction of the BDM model into extended ProSSE
by modeling A _as a function of mutation rate. We use
A (r) = B¢, B> 0 as the function, where 7 is mutation
rate on log scale. When mutation rate does not dif-
fer among cryptic species within a species complex,
we can simplify the problem by assuming a constant
mutation rate for each species complex and estimat-
ing § from variation in mutation rate and variation in
A . among species complexes. Otherwise, we assume r
evolves under Brownian Motion with drift term ¢ = 0,
and diffusion term o? (r,t) = 0. This model for muta-
tion rate is also known as autocorrelated-rates model in
the literature of molecular dating (Thorne et al. 1998)
to account for varying substitution rates across a tree.
We use this model because mutation rate is strictly posi-
tive and it is efficient to numerically integrate Brownian
motion across the tree (FitzJohn 2009). The mathemat-
ical details of the model are in Appendix 3. Similar to
A ¢, parameter 3 and o? are estimated from the phy-
logenetic relationships among cryptic species in each
species complex. The mutation rate of each tip lineage,
if available, improves our estimation of parameter o2.
Alternatively, we can combine molecular dating and
extended ProSSE to estimate o2 directly from genetic
sequences (see Discussion).

Software Implementation

We implement the ProSSE method as an add-on to the
R package “diversitree” (FitzJohn 2012). The source code
and the instruction to use the ProSSE method are avail-
able at github.com/huaxial985/ProSSE. Specifically,
make.prosse function defines the model, with different
types of inputs indicating different delimitation crite-
ria. The base model is the ProSSE model, which has the
same assumption as DELINEATE that speciation com-
pletion is governed by a single speciation completion
rate. This can be used, for example, when all the species

are morphological species delimitated by some quanti-
tative traits. Building upon the base model, delimitation
criterion by qualitative traits is added when users pro-
vide “traits” input, which gives the states of the qualita-
tive traits for each tip lineage. The delimitation criterion
for cryptic species is added when users provide “types”
input, which gives the name of the species complex that
each cryptic tip lineage belongs to. The speciation com-
pletion rate for cryptic species is a function of a con-
tinuous trait, when users provide “states” input, which
gives the value of the continuous trait of each tip lin-
eage. Uncertainty in the value of the continuous trait
is accounted for when users provide “states.sd” input,
which gives the standard deviation in the continuous
trait value of each tip lineage. After using make.prosse
function to define our model of delimitation criteria,
mcmc.prosse function runs the MCMC analysis to use
the model to infer species identities while estimating
the parameters in the model.

Simulation Study

We test the performance of ProSSE method on simu-
lated trees in 2 aspects: 1) Does the likelihood function
give accurate estimates of parameters in the extended
ProSSE model? 2) Does ProSSE method increase our
power to correctly delimit species boundaries, com-
pared to DELINEATE? We simulate trees under pro-
tracted birth-death model where speciation completion
is defined by multiple delimitation criteria. Specifically,
speciation completion events can co-occur with tran-
sitions between 2 states of a discrete trait and specia-
tion completion rate depends on a continuous trait that
evolves under a Brownian motion. This is designed to
reflect how extended ProSSE models how fast lineages
evolve to differ in discrete diagnostic characters or to
occupy different habitats, how fast lineages accumu-
late a sufficient amount of morphological difference or
genetic difference to be considered distinct species, and
how the rate of evolving intrinsic reproductive isolation
depends on mutation rate.

The simulation algorithm is based on “tree.quasse”
function in the R package “diversitree” (Fitzjohn 2012),
which simulates trees under a process where speciation
rate and extinction rate can depend on a continuous
trait that evolves under a Brownian motion (Fitzjohn
2009). The algorithm in “tree.quasse” scales time so
that there are on average 500 time steps for the con-
tinuous trait to evolve between any 2 discrete events.
While the discrete events in “tree.quasse” are speciation
events and extinction events, the discrete events in our
simulation are speciation initiation events with rate b
, extinction events with rate p, speciation completion
events with rate A (¥), and transition events between 2
states in a discrete trait with rate 412 and g21. Speciation
completion events also happen with probability pi12
when the discrete trait transits from state 1 to state 2,
and with probability p;1 when the discrete trait tran-
sits from state 2 to state 1. We use A (r) = 5e’, 8 > 0, the
same function we used to test BDM model, where r is
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assumed to evolve under Brownian Motion with ¢ =0,
and o2 (r,t) = o2,

To assess the accuracy of extended ProSSE model in
parameter estimation, we fit extended ProSSE model
to each simulated tree by searching for the maximum
likelihood (ML) estimates of each parameter in the
model using the find.mle function with default setting
in “diversitree,” and report the deviation in the ML esti-
mates to the true parameter values used in the simula-
tion (hereinafter referred to as the “error”). We simulate
100 trees under each of 30 combinations of parameter
values, including 3 sets of speciation initiation rate and
extinctionrate: (b, 1) = (0.3, 0)or (0.4, 0.1)or (0.5, 0.1);
3 sets of trait transition rates: (412, 421) = (0.1, 0.03) or
(0.1, 0.1) or (0.03, 0.1); 2 probabilities that trait transi-
tion events co-occur with speciation completion events:
(P12, p21) = (0, 1) or (0.5, 0.5); 2 coefficient values
between speciation completion rate and the continuous
trait value: 8 = 0.1 or 1, with the diffusion rate of the
trait o2 fixed to 0.1.

We decide the order of magnitude for speciation initi-
ation rate based on the average speciation rate 0.15 per
Myr estimated for majorbird cladesby Malietetal. (2019).
The values for trait transition rates relative to speciation
initiation rate are chosen from the range of values that
had been used by various studies (e.g., Maddison et al.
2007; Simpson et al. 2018) to test the effects of a binary
state trait on speciation rate and extinction rate. For the
coefficient between speciation completion rate and the
continuous trait value 3, its value equals the speciation
completion rate at the root, because the continuous trait
has value 0 at the root. So, we use previously estimated
speciation completion rate to decide the order of mag-
nitude for 3. Using ProSSE, we estimated the speciation
completion rate of Carlia skinks about 0.3/Myr (Hua et
al. 2022). Using DELIENATE, Sukumaran et al. (2021)
estimated the speciation completion rate of Lionepha
beetles about 178.3 per branch length unit. Assuming
that the 2 genera have the same origin date, the scaled
speciation completion rate of Lionepha is about 0.28/
Myr. So, -1 order of magnitude is biologically realis-
tic for speciation completion rate. We choose the value
for the diffusion rate of the continuous trait based on
the variance of the substitution rates on the log scale
on the third codon position estimated by Nabholz et al.
(2016) across extant bird species because substitution
rates on the third codon position approximates muta-
tion rate according to the neutral theory of molecular
evolution (Kimura 1983). Since birds originated at least
150 Ma, this variance is at least 150 times larger than the
diffusion rate of mutation rate in birds if the mutation
rate evolves as a Brownian motion. We use this unreal-
istically high value for diffusion rate because inferring
correct species identities is harder with more variable
speciation completion rates.

We assess the power of ProSSE method to correctly
infer species identities by asking if ProSSE infers the
same species identities of tip lineages as their “true”
species identities in the simulation. To do this, we ran-
domly pick 10% of tip lineages in each of the simulated

trees as lineages with unknown species identities and
no prior knowledge on the set of possible species iden-
tities, then apply ProSSE to estimate the probability that
each of these tip lineages belong to its simulated spe-
cies identity. We run this on 10 trees, each having less
than 100 tip lineages, under each of the 30 simulation
schemes. To compare the power of ProSSE with that
of DELINEATE, we run DELINEATE on each of these
simulated trees using default settings. The extended
ProSSE model takes a relatively long computing time
to account for varying speciation completion rates,
because it requires numerical techniques to integrate
Brownian motion. So, we only tested 10% of lineages
with unknown species identities under varying specia-
tion completion rates.

We examine the impact of the percentage of lineages
with unknown species identities using lineage-level
trees simulated in Hua et al. (2022), where speciation
completion is at a constant rate across the tree, that is, a
single delimitation criterion. These simulated trees com-
ply with the assumption of DELINEATE. We use 100
trees, each having less than 100 tip, under each of 6 sim-
ulation schemes: combinations of the 3 sets of speciation
initiation rate and extinction rate: (b, u) = (0.3, 0) or
(0.4, 0.1) or (0.5, 0.1), and 2 values of speciation com-
pletion rate A = 0.1 or 1, which are comparable to 5 =
0.1 or 1. In each simulated tree, we randomly pick 10%
or 30% tip lineages as lineages with unknown species
identities, then apply both ProSSE and DELINEATE to
infer their species identities. Note that we cannot run
DELINEATE on trees with more than 50 species and
over 10% lineages with unknown species identities,
because it requires over 500 Gb memory, which is over
the limit of our best computing facility. As a result, the
reported power of DELINEATE is based on trees with
less than 50 species, which potentially contain more
intraspecific lineages, given that tree size is limited to
100. More intraspecific lineages improve estimation
of speciation completion rate (Hua et al. 2022), so the
reported power of DELINEATE may be overestimated.

For each simulated tree, slice sampling is used to
sample parameter values from priors. We use a broad
exponential prior (with rate 0.5) for each rate parameter
(all nonnegative), including b, 1, 0?2, 3, and all gi;. We use
a Jeffreys prior for each probability parameter (between
0 and 1), including all pi;. Each MCMC is run for 5030
iterations with the first 30 iterations to determine the
tuning parameter of the slice sampler, which is set to
the distance between the 5% and 95% quantiles of the
distribution of samples of each parameter in the first 30
iterations (FitzJohn 2012). Each chain converges quickly
in the first 30 iterations and has low autocorrelation in
the next 5000 posterior samples, with effective sample
size for any parameter at least 1000.

Case study: Australian Carlia Skinks
Same as DELINEATE, our ProSSE method is built
upon preliminary analyses including identifying dis-
crete phylogeographic lineages, inferring their ‘time’
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tree, and establishing the species identities of some
of these lineages. For Australian Carlia skinks, dis-
crete phylogeographic lineages within taxonomically
recognized species were defined based on the pres-
ence of divergent, geographically coherent mtDNA
lineages, supported by evidence of strong divergence
in genomic DNA from sequencing of 1000’s of exons
(Potter et al. 2016, 2018; Afonso Silva et al. 2017; Bragg
et al. 2024). In total, the species group has 46 phylo-
geographic lineages and 26 recognized species. Bragg
et al. (2018) published a preliminary multispecies
coalescent tree of the species group and that tree to is
now updated to include all the recognized species and
all the phylogeographic lineages using StarBEAST2
(Ogilvie et al. 2017) by Bragg et al. (2024). Of the 46
lineages, 2 lineages in C. gracilis complex, 2 lineages
in C. rufilatus complex, and 2 lineages in C. munda
complex have evidence for hybridization and gene
flow (Potter et al. 2018; Supplementary Table S1), so
these lineages are considered as intraspecific lineages
in their corresponding species complex, rather than
lineages of uncertain species identities.

In the 26 recognized species, 23 are morphologically
distinct from each other and 3 are essentially cryp-
tic species, including C. isostriacantha recognized by
Afonso Silva et al. (2017) from C. triacantha, C. insularis
recognized by Afonso Silva et al. (2017) from C. john-
stonei, and C. crypta recognized by Singhal et al. (2018)
from C. rubrigularis. In addition to the 3 cryptic species,
there is published preliminary evidence for the absence
of gene flow among nonallopatric lineages in C. gracilis
complex and C. amax complex (Supplementary Table
S1). The evidence is preliminary because sampling is
limited at parapatric boundaries of phylogeographic
lineages in these species complexes. But it gives us
some prior belief that these lineages are likely to be new
cryptic species. So, we use ProSSE to estimate the spe-
cies identities of these lineages and check if ProSSE can
identify these lineages as new distinct species. We also
use ProSSE to assess the completeness of speciation in
island-only (allopatric) lineages, as well as lineages in
species complexes (including C. vivax, C. jarnoldae, C.
storri, C. schmeltzii, C. rhomboidalis) thathave no evidence
for or against the absence of gene flow. In addition, there
are 2 specimens with uncertain species identities C. cf.
dogare and C. cf. sexdentata. We use ProSSE to estimate
their species identities too. In total, we use ProSSE to
estimate species identities of 17 lineages, which is about
37% lineages in Australian Carlia.

Among the 23 morphological species, the most sig-
nificant morphological difference is male breeding

color and specifically blueish male throat color vs. all
the other male throat colors (reddish color and ach-
romatic color), because, in Carlia, blue females prefer
blue males, but red and achromatic females show no
preference (Dolman 2008). On the Carlia tree, there are
at least 6 independent transitions between nonblue
and blue male throat (Supplementary Figure S1), after
which, blue species are further morphologically dis-
tinct in other aspects of color patterns and in a suite
of additional characters. The same is true for nonblue
species. Given that blue male throat indicates assorta-
tive mating, we model the transition from nonblue male
throat color to blue male throat color to co-occur with
speciation completion events. We model divergence in
all the other morphological traits as a gradual process
governed by Ap.

In addition to morphological traits, we model the
transition between rock habitat and grassland or forest-
floor litter habitats to co-occur with speciation com-
pletion events, because habitat shift between rocks
and grasslands could result in extrinsic reproductive
isolation. This parallels the case in a related genus
Cryptoblepharus, where species in rock habitats belong
to distinct ecotypes to species in arboreal habitats (Blom
et al. 2016). In Carlia, there are 2 distantly related lin-
eages in rock habitat and each one is a distinct recog-
nized species from its closest relative which are grass
or litter dwellers (Supplementary Figure S1), indicating
that there are at least 2 independent shifts to rock hab-
itat and both result in species that may be delimitated
under ecological species concept.

To model transitions in rock vs. grass/litter habi-
tat and blue vs. nonblue male throat, we group the 2
traits into a single trait with 4 states: rock blue, rock
nonblue, grass/litter blue, and grass/litter nonblue.
We have not observed any species with some lineages
only in rock habitats and others in grass/litter habitats,
nor have we observed any species with some lineages
having blue male throat and others having nonblue
male throat, so we assume pij = 1, meaning that shift
between rock and grass/litter habitats and evolving
blue male throat always co-occur with speciation com-
pletion in Australian Carlia. We also assume that habitat
shift is an independent event to change in male throat
color, so double transitions, for example, from grass/
litter nonblue to rock blue, are considered unlikely in a
very small time interval compared to a single transition.
Denoting transition rate from rock to grass/litter as qrg,
from grass/litter to rock as ggr, from blue to nonblue as
gon, from nonblue to blue as g, off-diagonals in Qg in
Appendix 2 are:

rock blue rock nonblue grass/litter blue grass/litter nonblue
rock blue - qon Irg 0
rock nonblue qnb - 0 Jrg
grass/litter blue qgr 0 - qon
grass/litter nonblue 0 qgr qnb -
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To test BDM model, we have prior knowledge on the
mutation rate of each tip lineage from Ivan et al. (2021).
The study used sister pair comparison to show thatabout
half of the variation in the mutation rate (measured by
synonymous substitution rate) across tip species in the
Australian Eugongyline skinks can be explained by the
regression model 7~ 19+ 0.56 In(T) + N (0,0.30),
where r is mutation rate on log scale, T is the average
annual mean temperature over a species’ distribution
range, and 7o is the mean mutation rate on log scale.
Although 1y could not be estimated from the sister
pair comparison, substituting the regression model to
Ac (1) = Be", e becomes a part of the coefficient 3 to esti-
mate in our case study. MCMC analysis is applied to
estimate these parameters, using the same settings as
in the simulation study. To test if speciation completion
rate in cryptic species Ac depends on mutation rate, as
predicted by the BDM model in the form of . () = g¢’,
we repeat the MCMC analysis with constant speciation
completion rate A; = 3, and compare their marginal
likelihoods. The MCMC analysis on each of the 2 mod-
els was repeated on each of 100 random posterior sam-
ples of the multispecies coalescent tree of Australian
Carlia skinks (Bragg et al. 2018;, 2024), to account for
phylogenetic uncertainty. The joint posterior distribu-
tion of parameters in each model over the 100 trees is
approximated by the posterior samples from the 100
MCMC analyses. The marginal likelihood of the model
is estimated from these posterior samples through an
ellipsoid to avoid the instability issue of the harmonic
mean estimator (Reichl 2020), where the sampled tree is
considered as a hidden variable.

Case study: North American Lionepha Beetles

We use Lionepha to compare the performance between
DELINEATE and ProSSE on real species groups, because
the Carlia dataset is too large for DELINEATE to run.
Sukumaran et al. (2021) used Lionepha to demonstrate
the applicability of DELINEATE, so we use their lin-
eage level tree and apply ProSSE on the same lineages
with uncertain species identities as they did. In total,
there are 9 recognized species and 13 out of 56 lineages
with uncertain species identities. Sukumaran et al.
(2021) picked these 13 lineages as lineages with uncer-
tain species identities because the inference of their spe-
cies boundaries is ambiguous from their multispecies
coalescent analysis. The alpha taxonomy of Lionepha
recently reviewed by Maddison and Sproul (2020) gives
a clear understanding of the species identities for the
13 lineages, which includes 2 recognized species. This
allows Sukumaran et al. (2021) to check if DELINEATE
gives the correct species identities to lineages in a real
species group. Maddison and Sproul (2020) used the
same species delimitation criteria to all the recognized
species, including morphological divergence in a suit
of diagnostic characters and genetic distinctiveness
supported by STACEY analysis (Jones 2017). So, fol-
lowing Sukumaran et al. (2021), we assume a constant
speciation completion rate across the tree. Under this

assumption, DELINEATE and ProSSE are similar math-
ematical models implemented in different algorithms,
so we expect ProSSE to give similar inference of species
identities to DELINEATE.

RESULTS

Extended ProSSE Model Gives Accurate Estimates of
Parameters

Figure 2 and Supplementary Fig. S2 show the errors
in estimates of parameters in extended ProSSE. Under
low speciation completion rate (8 = 0.1), extended
ProSSE gives median-unbiased consistent estimators
of all the parameters (i.e., both the median and the
range of errors diminish to close to zero with tree
size; Supplementary Fig. S3). These include the coef-
ficient of speciation completion rate for continuous
traits 8 and the co-occurrence probability between
speciation completion and transition in discrete traits
p12, p21 (Fig. 2), as well as the rate of evolution in both
discrete and continuous traits (Supplementary Fig.
S2). Under high speciation completion rate (3 =1),
extended ProSSE still gives median-unbiased consis-
tent estimators of the rate of evolution in both dis-
crete and continuous traits (Supplementary Fig. S4),
but the coefficient of speciation completion rate for
a continuous trait is consistently overestimated (i.e.,
the median of errors diminishes to a nonzero value
with tree size in Supplementary Fig. S4). This result
is consistent with the performance of ProSSE (Hua et
al. 2022) in that speciation completion rate becomes
overestimated when the true speciation completion
rate is higher, relative to the difference between spe-
ciation initiation rate and extinction rate b — pu, as
this leads to fewer extant species having intraspecific
lineages and so less information on the upper bound
of speciation completion rate.

Similarly, the co-occurrence probabilities between spe-
ciation completion and transition in discrete trait p12, pa1
are overestimated under high speciation completion
rate (8 = 1; Fig. 2), although the mean and the range of
errors tend to reduce with tree size (Supplementary Fig.
S4). For these parameters, the information on the upper
bound is mostly from incipient lineages with the same
trait state. As a result, the estimates of the co-occurrence
probabilities are worst under the scenario where the
trait transition event that co-occurs with speciation
completion happens less frequently than the other trait
transition event (g12 = 0.03, g21 =0.1,p12 =1, p21 =0;
dark green bars in Fig. 2), because we tend to observe
more lineages with trait transitions that first co-occur
with speciation completion and then back to the same
state as its sister lineage. For the same reason, the esti-
mates of the co-occurrence probabilities have larger
error ranges under the scenarios where state transitions
in traits do not always co-occur with speciation comple-
tion (light green and yellow bars in Fig. 2).
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a) Coefficient of speciation completion rate on continuous trait (8)
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FIGURE 2. Error in ML estimates of the parameters related to speciation completion for each simulation scenario. These parameters are
a) Bin A(r) = Be" that describes the dependence of speciation completion rate A on the continuous trait r; b) p12 and ¢) p21, the probability
that speciation completion co-occurs with transition in trait states, from state 1 to 2 and from state 2 to 1. Each facet represents a group of
simulation scenarios with the same speciation initiation rate b, extinction rate x4, and 3. Within each facet, the 5 colored boxplots represent the 5
combinations of parameters used to model speciation completion associated with state transition in a discrete trait. Each boxplot represents the
distribution of errors, the difference between the estimated and the true value over 100 simulated trees, showing the minimum, the maximum,
the median, the first, and third quartiles of the distribution.

Speciation initiation rate b and extinction rate g models speciation initiation and extinction as indepen-
are effectively estimated from constant birth death dentevents to speciation completion. So we do not dis-
process (Hua et al. 2022), because extended ProSSE cuss them here, but we can model speciation initiation
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Ficure 3. Power of extended ProSSE and DELINEATE to correctly identify species identities under each simulation scheme. Each facet
represents a group of simulation scenarios with the same speciation initiation rate b, extinction rate x, and 8. Within each facet, the 7 sets of
2 bars represent the 7 simulation schemes, with the white bar showing the power of DELINEATE and the black bar showing the power of

extended ProSSE.

rate and extinction rate as functions of discrete and
continuous traits as the other SSE models have done, as
long as we have good reasons why these rates are trait
dependent.

ProSSE Method Outperforms DELINEATE

Figure 3 shows the power of ProSSE and DELINEATE
to correctly identify species identities in simulations.
Power is defined as the proportion of lineages, for which
ProSSE or DELINEATE identifies their true species iden-
tities as the most probable species identity. For ProSSE,
the most probable species identity is the one with the
highest posterior probability. For DELINEATE, it is the
one with highest marginal likelihood (Sukumaran et al.
2021). Of the 10% tip lineages with unknown species
identities in each of the 300 trees simulated under mul-
tiple delimitation criteria, ProSSE has on average 81%
power, 6% higher than DELINEATE (Fig. 3). In general,
ProSSE method outperforms DELINEATE more under

simulation schemes where extended ProSSE model has
more accurate parameter estimation (compare Figs. 2
and 3).

For trees simulated under a single delimitation crite-
rion that follows DELIENATE assumption, both meth-
ods have on average 80% power for 10% tip lineages
with unknown species identities. For 30% tip lineages
with unknown species identities, the average power
of ProSSE remains at 80%, but the average power
of DELINEATE drops to 74%. The drop in power of
DELINEATE relative to ProSSE is most significant when
speciation initiation rate b and speciation completion
rate 3 is low, which generates smaller trees with fewer
species. This is because DELINEATE estimates the spe-
ciation completion rate only from lineages of known
species identities. Removing the lineages of unknown
species identities from small trees with few species,
leaves insufficient information to accurately estimate
speciation completion rate.
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TaBLE 1. Delimitation results of ProSSE and DELINEATE for Lionepha beetles. The most recently reviewed taxonomy is given by Maddison
and Sproul (2020), which recognized 2 new species L.kavanaughi and L.tuulukwa. Probability of exclusive conspecificity is the marginal like-
lihood in DELINEATE and the posterior probability in ProSSE that all the corresponding lineages are conspecific to the species suggested
by Maddison and Sproul (2020) and no other lineages of uncertain species identities belong to the species. For lineages of L.kavanaughi and
L.tuulukwa, DELINEATE infers a higher probability that they are conspecific to some other existing species. For the UT lineage of L.probata,
ProSSE infers a higher probability that the lineage is a new species. The probabilities of these delimitations are given in parentheses for both

DELINEATE and ProSSE.

Lineage name

Taxonomy by

Probability of exclusive

Maddison and Sproul (2020) conspecificity
DELINEATE ProSSE

coalescentpop008 L.kavanaughi 0.36 0.49
coalescentpop009 (0.38) (0.27)
L_lindrothi_CA_Emerald_Lake L.lindrothi 0.77 0.71
coalescentpop011
L_lindrothi_CA_South_Fork_Bishop_Creek
L_probata_UT_Shingle_Creek L.probata 0.60 0.46

(warrant further study) (0.28) (0.48)
L_disjuncta_OR_Mt_Hood L.disjuncta 0.75 0.62
L_disjuncta_CA_Lily_Lake
coalescentpop006
L_tuulukwa_CA_Trinity_Alps L.tuulukwa 0.36 0.6
L_tuulukwa_OR_Knowles_Creek (0.44) (0.27)

L_tuulukwa_OR_Marys_Peak

Table 1 compares the delimitation results of ProSSE
and DELINEATE for Lionepha beetles. The ProSSE results
are more consistent with the most recently reviewed
taxonomy of the species group (Maddison and Sproul
2020). Specifically, ProSSE strongly supports the taxon-
omy of Maddison and Sproul (2020) that recognizes lin-
eages coalescentpop008 and coalescentpop009 as new
species L.kavanaughi and lineages L_tuulukwa_CA_
Trinity_Alps, L_tuulukwa_OR_Knowles_Creek, and L_
tuulukwa_OR_Marys_Peak as new species L. tuulukwa.
In contrast, DELINEATE infers slightly higher marginal
likelihoods of these lineages to be conspecific to existing
species other than the new species. In addition, ProSSE
infers a slightly higher probability of lineage L_probata_
UT_Shingle_Creek to be a new species than to be conspe-
cific to L. probata, while DELINEATE strongly supports
the lineage to be conspecific to L. probata. Maddison and
Sproul (2020) assigned the lineage to L. probata, but they
suggested that the lineage is molecularly distinctive
enough to warrant further study.

Speciation in Australian Carlia Skinks

The dataset of Australian Carlia skinks gives equal
support to the BDM model, where the rate of evolv-
ing intrinsic reproductive isolation is proportional
to the mutation rate: A (r) = fB¢’, and the model with
constant rate: A\ = # (log marginal likelihood: BDM
model = —135.4424; constant rate =-135.5186), with
Bayesian factor between the 2 models equal to 1.11. The
marginal posterior distributions for all the parameters
are very similar between the 2 models. Both suggest a
faster shift from grass/littoral habitat to rock habitat
than vice versa and a slightly faster rate of losing blue
male color than gaining (Supplementary Fig. S5). The
speciation completion rate for morphological species is
on average 5 times faster than that for cryptic species
(Supplementary Fig. S5).

ProSSE method using both models suggest very sim-
ilar probabilistic delimitation of the 17 lineages with
uncertain species identities. Table 2 lists the delimi-
tation with the highest posterior probability for each
species complex. For all species complex, except for C.
rhomboidalis, the most supported delimitation assigns
each lineage in the complex to a distinct new species.
Considering all possible delimitations over all species
complexes, ProSSE expects about 13 new species in
Carlia.

For C. gracilis complex and C. schmeltzii complex, the
probability for the mostly supported delimitation is rel-
atively low, so we report here their second most sup-
ported delimitation. In C. gracilis complex, the second
most supported delimitation has a posterior probabil-
ity of 0.30. It assigns maningrida and ete lineages to 2
distinct new species and assigns the melville lineage to
C. gracilis. In C. schmeltzii complex, the second mostly
supported delimitation has a posterior probability of
0.40 and considers meq and seq lineages conspecific as
a new species.

ProSSE delimitation is consistent with published pre-
liminary evidence. Preliminary evidence supports the
ete lineage in the C. gracilis complex as a new species and
supports the ete lineage and gulf lineage in the C. amax
complex as 2 different new species (Supplementary
Table S1). ProSSE predicts the ete lineage of the C. graci-
lis complex to be a new species that is distinct from any
other lineages in the complex with a probability of 0.71
(Table 2). Summing the probabilities of all delimitations
for the C. amax complex that assign the ete lineage and
the gulf lineage to be 2 different new species, ProSSE
predicts the ete lineage and the gulf lineage to be 2 dif-
ferent new species with a probability of 0.95.

For island-only lineages, ProSSE infers high probabil-
ities that lineages in English Company’s Islands (eci) are
new species that are different from any other lineages
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TABLE 2. ProSSE delimitation results for Carlia skinks. In each species complex, one lineage is randomly chosen to represent the existing
species, and ProSSE is applied to infer the species identities of the other lineages. For example, there are 2 lineages in the C. vivax complex,
north lineage and south lineage. The south lineage is chosen to represent C. vivax, so we report delimitation results on the north lineage. For
each species complex, the delimitation with the highest posterior probability is reported. Marginal posterior probability of being a distinct new
species is calculated by summing the probabilities of all delimitations for the species complex that assign the lineage to a new species and this

new species is distinct from any other lineages in the species complex.

Species complex Lineage name

Delimitation with the highest posterior

Marginal posterior probability

probability of being a distinct new species
C. vivax North new species (0.84) 0.84
C. dogare C. cf. dogare new species (0.95) 0.95
C. jarnoldae Cy new species (0.98) 0.98
C. gracilis maningrida all lineages distinct new species (0.36) 0.93
Ete 0.71
melville 0.48
C. amax Eci all lineages distinct new species (0.86) 0.98
Gulf 0.95
Ete 0.95
C. rufilatus Eci new species (0.98) 0.98
C. munda melville new species (0.69) 0.69
C. storri cy_ng all lineages distinct new species (0.79) 0.82
tv_cy 0.90
C. schmeltzii Meq all lineages distinct new species (0.46) 0.50
Seq 0.49
C. sexdentata C. cf. sexdentata new species (0.97) 0.97
C. rhomboidalis North C. rhomboidalis (0.54) 0.54

in the same complex. These include the eci lineage in
C. rufilatus complex with a probability of 0.98 and the
eci lineage in C. amax complex with a probability of
0.98 (Table 2). In contrast, ProSSE infers low probabil-
ities that lineages on Melville island are new species.
These include the melville lineage in C. munda complex
with 0.69 and the melville lineage in C. gracilis complex
with probability 0.48 (Table 2). This contrasting result
for island lineages is consistent with the population
genomic analysis that suggested ongoing migration
from continental lineages to the Melvillie lineage in
both C. gracilis complex and C. munda complex, but no
migration from continental lineages to the eci lineages
in both C. amax complex and C. rufilatus complex (Potter
et al. 2018).

DISCUSSION

This study provides a new, efficient, and flexible
phylogenetic approach for species delimitation and
for modeling speciation processes. It extends the pro-
tracted speciation model ProSSE to separately model
how fast lineages evolve to meet different delimitation
criteria, including differences in qualitative traits, diver-
gence in quantitative traits, and sufficient accumulation
of genetic differences between lineages. By modeling
these different delimitation criteria and by conditioning
on the phylogeny and known species identities of some
tip lineages, this extension of ProSSE not only allows us
to infer the species identities of tip lineages that we are
not certain about but also allows us to include species
delimited by different criteria in the same phylogenetic
comparative analysis. Applying extended ProSSE to
simulated data, we show that the model has high accu-
racy in parameter estimation and the ProSSE method

has high power in estimating species identities over a
wide range of conditions. When applied to real data, the
ProSSE method gives a prediction of species identities
that is consistent with existing taxonomy and evidence
for the completion of speciation. We also show how to
apply the ProSSE method to test the BDM model that
links mutation and speciation. This provides us with a
phylogenetic framework to explicitly link microevolu-
tionary and macroevolutionary models of speciation.

Speciation-Based Delimitation

Our ProSSE method is a type of speciation-based
delimitation (first introduced by Sukumaran et al. 2021)
that uses lineages with known species identities in a
species group to infer how fast lineages become distinct
species, in order to predict the species identities of the
other lineages in the group. Unlike other delimitation
methods, speciation-based delimitation does not force
a fixed species concept or criteria for species delimita-
tion but summarizes whatever criteria researchers have
used to decide species boundaries into a probabilistic
model. The advantages of doing so are that it does not
require us to redelimit species boundaries using a sin-
gle species concept before performing a comparative
analysis and it keeps the species delimitation consistent
before and after we add new species into a comparative
analysis.

Despite these advantages, we emphasize that
speciation-based delimitation should not be used to
replace any existing delimitation criterion. Instead,
speciation-based delimitation uses the results from the
existing delimitation criteria. For example, Sukumaran
et al. (2021) recommended speciation-based delimita-
tion as a complementary method to coalescent-based
species delimitation, because it distinguishes genetic
structure within species (phylogenetic relationship
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among intraspecific lineages) from that among species
(phylogenetic relationship among interspecific lin-
eages). However, we still need other delimitation criteria
to tell us which lineages are intraspecific and interspe-
cific before we use speciation-based delimitation either
on lineages for which we cannot test any delimitation
criterion or on lineages for which we have only tested
some delimitation criteria and want to use test results
from other lineages to inform its probable results for the
remaining delimitation criteria. Essentially, the proba-
bility estimated from ProSSE for each possible species
identity of a lineage can be thought of as the prior prob-
ability for delimitation before the delimitation criteria
are tested on the lineage.

The fundamental assumption of speciation-based
delimitation is that lineages in the same species
group have similar rates of becoming distinct species.
One extreme example of the assumption is used in
DELINEATE, the method developed by Sukumaran et
al. (2021), which assumes a single speciation completion
rate across all lineages in a species group. This assump-
tion can be unreasonable for some species groups. For
example, genus Cryptoblepharus has both ecological spe-
cies and cryptic species (Blom et al. 2016) and it often
takes a much shorter time to become a new ecological
species than a new cryptic species (Gavrilets 2003). In
Carlia skinks, we estimated the speciation completion
rate in morphological species on average 5 times faster
than the speciation completion rate in cryptic species.
If assuming morphological species and cryptic species
share the same speciation completion rate in Carlia, we
would overestimate the number of cryptic species.

To make the assumptions of the speciation-based
delimitation model generally reasonable, extended
ProSSE allows lineages to have different rates to evolve
to meet different delimitation criteria. For example, if
2 lineages differ in some morphological characters,
and 2 other nonallopatric lineages are morphologically
similar, but have no hybrids in the contact zone, then
researchers may have applied different species concepts
and criteria for species delimitation to them. Extended
ProSSE can estimate separate rates of a lineage evolv-
ing to meet the criterion of morphological difference
and the criterion of no hybridization. Now, if we have
another lineage with an unknown species identity, but
we know how long it has been independently evolv-
ing from other lineages, then we can use this biological
information of the lineage to calculate the probabili-
ties that the lineage has evolved to meet one or both
criteria. This promises a new approach to integrating
different delimitation criteria under the same delimi-
tation framework. Existing approaches of integrative
delimitation test if a lineage passes some combinations
of different delimitation criteria using different types of
data from the lineage (e.g., Edwards and Knowles 2014;
Solis-Lemus et al. 2015). Extended ProSSE differs from
these approaches in that it predicts if a lineage passes
any or all delimitation criteria using results of delim-
itation criteria from some other lineages in the same

species group. More conveniently, each of these other
lineages does not need to be tested by multiple crite-
ria as along as different lineages have been tested by
different criteria. This allows us to achieve integrative
delimitation without the need to reassess existing spe-
cies boundaries in a species group by multiple criteria.

We note that the current version of the ProSSE model
uses the Poisson process to model when a lineage meets
a particular delimitation criterion, which assumes all
lineages have the same rate of evolving to meet this
criterion. Consequently, the time duration between spe-
ciation initiation and speciation completion decided by
this delimitation criterion follows an exponential distri-
bution. The Poisson process is likely to be insufficient
to fit the observed distribution of the time duration. For
example, if delimitation uses the multispecies coales-
cent method, then with gene flow, a longer time for lin-
eage divergence may be required for a lineage to pass
the multispecies coalescent analysis. To account for this
additional variation in the time duration, ProSSE algo-
rithm allows us to easily generalize the Poisson process
to any absorbing continuous-time Markov chain where
the absorbing state is when speciation completes. A
general absorbing continuous-time Markov chain has
a continuous Phase-Type distribution that has much
more flexible shapes than exponential distribution (Cox
1955), which allows us to fit almost any observed distri-
bution of the time duration between speciation initia-
tion and speciation completion.

In addition to this advantage, our ProSSE method
outperforms DELINEATE in analyzing both simulated
data and real species group even when the assump-
tion of a single speciation completion rate holds. In
particular, the amount of memory required by ProSSE
method barely depends on the number of lineages with
unknown species identities or on the number of species
in the tree, while the amount of memory required by
DELINEATE becomes impossible for high-performance
computers for just about 50 species and 10 lineages with
unknown species identities. The power of DELINEATE
to correctly infer species identity also decreases faster
than ProSSE method with an increasing proportion of
lineages with unknown species identities.

Linking Microevolutionary and Macroevolutionary Models
of Speciation

ProSSE is not only a species delimitation method but
also a phylogenetic framework that allows us model
speciation process more flexibly along phylogenetic
trees and conditional on the known species identities of
extant lineages. By explicitly modeling speciation initia-
tion and speciation completion along lineage-level phy-
logenies, extended ProSSE models are able to separate
the effect of speciation initiation rate and extinction rate
(analogous to birth rate and death rate in birth-death
model) on topologies and branch lengths from the effect
of speciation completion rates on the species identities
of tip lineages. An advantage of this is that we can
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model the effects of different factors on speciation ini-
tiation rate and speciation completion rate separately.
For example, mutation rate may affect speciation com-
pletion rate, but not speciation initiation rate.

Another advantage is that we always have closed-
form solutions to model speciation process because
tree likelihoods are calculated from linear coupled first-
order systems: Dr(t) and Dj(t). This allows us to
further extend ProSSE to model a more complicated
speciation process. For example, we can explicitly
model speciation completion events as a result of sub-
stitutions of BDM incompatible genes by introducing
genotype-specific D (t) and Dj(t) (Hua, manuscript
in preparation). For another example, we can explicitly
model secondary contact by labeling speciation com-
pletion due to intrinsic reproductive isolation as the
final stage of speciation completion, which is after the
stage of being considered a distinct species by delimita-
tion criteria other than intrinsic reproductive isolation.
In other words, separating the R state into R state with,
and R state without intrinsic reproductive isolation,
only the latter of which can transit back to I state during
secondary contact. The algorithm will be very similar to
the algorithm for incompatible genes.

Using ProSSE, we demonstrate how to use phylo-
genetic information to test the BDM model of intrinsic
reproductive isolation across all lineages in a species
group, which are usually tested by comparing genomes
only between 2 sister lineages. Under the BDM model,
mathematical models predict that speciation comple-
tion rate is proportional to mutation rate. Using the
Carlia skink dataset, we cannot reject the BDM model
as the genetic basis of cryptic species, because the data
gives equal evidence for the model where speciation
completion rate is proportional to mutation rate and
the model with constant speciation completion rate.
This result is likely due to little variation in mutation
rate among Carlia species (Supplementary Figure S1)
compared to the entire Eugongylinae radiation (Ivan et
al. 2021), because simulation results suggest high accu-
racy in estimating the coefficient between speciation
completion rate and a continuous trait, such as muta-
tion rate. This is further supported by the result that the
posterior distributions of all the parameters (not just
B) are very similar between the 2 models. As a result,
the variation in speciation completion rate is relatively
small compared to the inherent variance of time taken
to complete speciation even under a constant speciation
completion rate.

There are still 3 major confounding factors that could
mask the true signal for the BDM model even if we
apply the test to a species group with a large variation in
mutation rate. One factor is that we usually don’t have
accurate information on the tip mutation rate in a spe-
cies group. Even for Carlia, there is still a 50% variation
in tip mutation rate that cannot be explained by tem-
perature (Ivan et al. 2021). This problem can be solved
by using ProSSE as the tree prior in molecular dating
analysis and modeling speciation completion rate as

a function of synonymous substitution rate along the
tree. So instead of requiring prior information on tip
mutation rate, we use sequence data to inform varia-
tion in synonymous substitution rates across the tree.
This new molecular dating method is currently under
development.

A related problem is that speciation-based delimita-
tion requires a time tree and so its performance depends
on how accurate the time tree is. For example, the time
tree we use for Carlia skinks is inferred by a species
tree method that uses a multispecies coalescent model,
under which the estimated branch length may be con-
founded by mutation rate (Rannala and Yang 2003).
This could mask the true signal for the BDM model
because we use the branch lengths to estimate specia-
tion completion rate. By co-estimating substitution
rates, speciation completion rates, and branch lengths
in the same analysis, we can avoid the circular reason-
ing of using substitutions to estimate branch lengths,
using branch lengths to estimate speciation completion
rates, and testing correlation between substitution rates
and speciation completion rates.

The last confounding factor is that speciation
completion rate is also proportional to the product
of effective population size and selection coefficient
if BDM genes are under direct selection (Gavrilets
2003), such that stronger and more efficient selection
leads to faster speciation completion. There are 2
main types of direct selection on BDM genes: diver-
gent selection under ecological speciation model and
uniform selection under mutation-order speciation
(Nosil and Flaxman 2011). Because lineages under
divergent selection are likely diverged in morphol-
ogy and in use of different habitats, to account for
the effect of divergent selection in Carlia, we model
speciation completion due to habitat transition and
due to assortative mating separately from the other
delimitation criteria. We also fit separate speciation
completion rates for morphological species and cryp-
tic species who do not show obvious morphological
and ecological difference among each other. We show
that, in Carlia, the speciation completion rate of mor-
phological species is indeed faster than that of cryptic
species. However, uniform selection is likely present
among cryptic species in Carlia, especially because
these cryptic species have similar level of genetic
divergence to morphological species (Supplementary
Fig. S1), which suggests that there is sufficient time
for morphological divergence among cryptic species
and yet they retain morphologically similar to each
other possibly due to stabilizing selection (Struck et
al. 2018). So the true signal for the BDM model can be
masked by selection when variation in the product of
effective population size and selection coefficient is
larger than that of mutation rate among Carlia cryptic
species. One possible solution to separate the effect
of mutation and selection on speciation completion
rate is to combine ProSSE, species tree method, and
molecular dating in the same analysis, so that we can
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test whether speciation completion rate is better pre-
dicted by mutation rate alone, by effective popula-
tion size alone, or by both effective population size
and mutation rate, assuming that the strength of uni-
form selection on BDM genes vary randomly across
lineages of cryptic species.

CONCLUSION

This study develops ProSSE to generalize speciation-
based delimitation, which mathematically models the
use of different criteria to delimit species in a species
group and uses the model to predict the species identi-
ties of lineages that have not been tested by these crite-
ria. ProSSE not only provides us with a complementary
method to existing species delimitation criteria, by
estimating how fast a lineage evolves to meet different
delimitation criteria but also gives us a flexible way to
model the speciation process along a phylogenetic tree,
which allows us to test speciation theories under a phy-
logenetic framework. Future work will combine ProSSE
with substitution models to explicitly link molecular
changes and speciation.

SUPPLEMENTARY MATERIAL

Supplemental information is available at https://
github.com/huaxial985/ProSSE /blob/main/SI_Hua_
Moritz_2025.pdf.
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