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Phenotypes serve as the interface between organisms and their environments and are thus pivotal
for comprehensive biological understanding. However, comparative analyses of species’ pheno-
types must account for the non-independence of characters imposed by the branching pattern
of macroevolution. Methods to account for this phylogenetic non-independence have histori-
cally been conceived of as their own subfield: phylogenetic comparative methods (PCMs). In
this conceptualization, a researcher takes a pre-existing phylogeny and uses it to correct for the
non-independence of the character data that they wish to analyze. Here we argue that parallel
developments in philosophy, data availability, computational capacity, and model development
have enabled a new paradigm of character evolution, where patterns of character evolution are
seen as intrinsically related to the diversification process, and thus should be inferred jointly with
the tree rather than reconstructed on an existing phylogeny in a two-step process. In the context
of this paradigm shift, we review historical milestones in studies of character macroevolution and
discuss major recent conceptual and methodological advances, with an emphasis on the oppor-
tunities and insights provided by the joint-inference perspective. We include primers on current
topics in character evolution where joint inference is particularly effective, including: 1) state-
dependent speciation and extinction models and the importance of cladogenetic change; 2) jointly
modeling discrete and continuous characters; 3) accounting for hidden process variation in char-
acter evolution; 4) joint inference in divergence-time estimation; 5) joint inference of phylogeny
and ancestral states, and; 6) joint inference of alignment and phylogeny. The article concludes
with a reflection on the future trajectory of these methods, emphasizing the interconnectedness of
character evolution with broader processes in biology.

keywords: alignment inference; ancestral-state estimation; Bayesian inference; Brownian motion;
hidden-state models; indel models; joint inference; phylogenetic comparative methods; SSE mod-
els; stochastic character maps; structured Markov models; threshold model; total-evidence dating
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The evolution of the study of character macroevolution1

The birth of modern approaches to studying character evolution across species is often credited to2

Felsenstein (1985). Prior to this work, such comparative studies were typically ahistoric—they did3

not account for phylogenetic structure (reviewed in Huey et al., 2019). Felsenstein (1985) clearly4

articulated the problem of not accounting for phylogenetic relationships: trait data from species5

are not statistically independent because species share greater or lesser degrees of evolutionary6

history, as determined by the underlying phylogeny. Felsenstein (1985) also provided a solution7

to this problem by showing that the contrasts (differences in trait values between sister nodes) of a8

continuous trait evolving on a phylogeny are independent under a Brownian model of evolution.9

This approach of using contrasts, now commonly referred to as phylogenetic independent con-10

trasts (PIC), became the basis of many empirical studies and is still used today. In order to apply11

PIC, one needs a pre-existing phylogeny with branch lengths, necessitating a two-step inference:12

First one infers a phylogeny (often considered a necessary nuisance) and then subsequently one13

can perform a comparative analysis correcting for the phylogeny in order to illuminate the focal bi-14

ological feature of interest. We note that the use of the term “correcting for” in this context implies15

that the phylogeny is a source of error rather than a representation of the generative evolutionary16

process. We disagree with this implication, but use “correcting for” throughout this manuscript17

where appropriate to represent this viewpoint. There were other practical reasons for the initial18

prevalence of this two-step approach. Perhaps most critically, phylogenetics was in its infancy:19

we had very limited abilities to generate or simultaneously analyze heterogeneous data sets (basic20

partitioned analyses, where some parameters are independently estimated for different data sub-21

sets, had not been developed; see, e.g., de Queiroz et al., 1995), and few tenable alternatives to the22

two-step approach existed.23

Further supporting these practical motivations for a two-step procedure were broader philo-24

sophical and conceptual concerns. Specifically, it was considered a cardinal rule that one should25

“never use the characters that are part of the evolutionary hypothesis under investigation to build26

your phylogenetic tree” (Brooks and McLennan, 1991). In this view, the two-step procedure is27

not just a practical necessity, it is the optimal approach—to do otherwise and include the data28

relating to the focal comparative hypothesis in the tree inference itself was considered to either29

be circular (Coddington, 1988) or to violate the requirement of character independence necessary30

for proper hypothesis testing in the first place (see Box 1; Armbruster, 1992; Frumhoff and Reeve,31

1994). As argued by Luckow and Bruneau (1997), some of this concern about circularity and32

non-independence was due to conflating two potential problems: (1) real statistical concerns re-33

garding character independence during inference (an assumption of most models) and (2) philo-34

sophical concerns regarding independence between the tree and the focal hypothesis (which is35

not possible, hence correcting for the phylogeny in the first place). However, even given that36

distinction, both the circularity and independence-related arguments were made in the context37

of a period of history when phylogenetic data were scarce and issues of bias introduced by po-38

tential non-independence among characters were of greater concern: if one’s dataset comprises39

only a few dozen hard-earned characters, correlation (non-independence) among a handful of40

those characters can introduce significant bias. Phrased differently, even if a researcher believed41

that the inclusion of the focal data might be expected to produce a more accurate phylogeny in42

general, they might still be concerned that correlated patterns of stochastic variation in those (non-43

independent) characters might bias the phylogenetic inference towards their hypothesis of choice44

(Frumhoff and Reeve, 1994; de Queiroz, 1996). However, we note that these philosophical stances45

were not necessarily shared by those studying molecular evolution (e.g., (Yang, 1998)), as they46

commonly used the same sequence data to infer a phylogeny as to make inferences about the se-47
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quence evolution (e.g., rates of evolution, tests of selection, ancestral sequence inference) when48

species trees were not readily available. This two-step paradigm is still dominant—approaches49

based on this paradigm are what we now call phylogenetic comparative methods (PCMs)—with50

major texts (and research communities) focused on either phylogeny inference (e.g., Felsenstein,51

2003) or the subsequent application of those phylogenies to studies of trait evolution (e.g., Har-52

mon, 2018; Revell and Harmon, 2022). In part, this continuing dichotomy is likely due to—or at53

least reinforced by—the ease of teaching tree-estimation and the inference-using-trees separately,54

and to the practical difficulties in developing and using joint models, but it also reflects the his-55

torical idea that the inference of phylogeny and phylogenetic comparative methods are separate56

enterprises (e.g., Kapli et al., 2020). However, conceptual developments and progress in the areas57

of data availability, model complexity, and computational power has reduced our dependence on58

this classic two-step approach and enabled the application of joint inference to many phylogenetic59

comparative questions.60

First, greater conceptual clarity, and a move to embrace phylogenetics as an inferential science61

rather than a necessarily hypothetico-deductive one, mitigates the circularity concerns (see Box 1;62

Luckow and Bruneau, 1997; Ronquist, 2004). For example, it is more natural, within an inferen-63

tial framework, to include all data that might inform that inference in order to derive as accurate64

an inference as possible, whereas a hypothetico-deductive framework lends to greater concern65

about conservativeness (“reliability” sensu de Queiroz, 1996) with respect to the focal hypothesis.66

Second, from a practical perspective, the ability to apply joint inference has been facilitated by in-67

creased data availability in the form of molecular datasets—practical concerns about the influence68

of a few characters are reduced when one’s dataset totals thousands of characters. Complementing69

both the conceptual and data-availability trends are increases in model availability, particularly in70

the form of likelihood-based approaches (e.g., Schluter et al., 1997; Pagel, 1999b; Lewis, 2001; Butler71

and King, 2004) and data partitioning (e.g., Nylander et al., 2004; Brown and Lemmon, 2007), and72

rapid increases in raw computational power. In many contexts, researchers now have the tools at73

their disposal to perform joint inference in a reasonable way and fewer practical or philosophical74

reasons to prefer the two-step approach. This intersection of increased data availability, modeling75

options, and computation power also facilitated the development of Bayesian inference methods76

(Rannala and Yang, 1996; Yang and Rannala, 1997; Huelsenbeck and Bollback, 2001; Huelsenbeck77

et al., 2002), which lead naturally to more integrative approaches: a Bayesian framework pro-78

vides a clear means of incorporating multiple types of data (see “Joint inference and the Bayesian79

paradigm,” below).80
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81

Box 1: The shadow of Popper

The shift that we are advocating for—from understanding character evolution via two-step
PCMs to deriving understanding from joint inference—connects to a related shift in our concep-
tion of the nature of phylogenetic inquiry in general. Much of the early period of systematics was
marked by the influence of the philosopher of science, Karl Popper (reviewed in Helfenbein and De-
Salle, 2005). Phrased simplistically, Popper held that science differs from metaphysics in that science
operates by deductive reasoning: it produces predictions that can be falsified by the formal rules of
logic. Specifically, the modus tollens (confirming the consequent) deductive structure states that if it is
true that when A holds, B also holds (i.e., “if A, then B”), and we observe something other than B (i.e.,
“not B”), then we can conclude that A is not true (i.e., “therefore, not A”), and it is only through this
falsification that science moves forward (e.g., Popper, 1959). While Popper’s The Logic of Scientific
Discovery (1959) also touches on probability theory, the systematics community largely ignored this
nuance and responded to Popper’s focus on deductive reasoning with mental contortions to show
that particular methodologies (i.e., parsimony- or likelihood-based approaches) better fit Popper’s
logical formalism and thus were more scientific (e.g., Siddall and Kluge, 1997; de Queiroz and Poe,
2001; Faith and Trueman, 2001; Farris et al., 2001, see discussion in Rieppel (2003); Helfenbein and
DeSalle (2005)).

Popper’s ideas were also influential in promoting the general view that formal hypothesis-
testing approaches (i.e., rejecting a null hypothesis at a particular p-value) are superior to purely
inferential (estimation-based) alternatives. The resulting hypothetico-deductive focus led to many
of the earlier works on comparative methods being explicitly framed in the context of falsifiable
hypotheses. For example, in discussing whether it is appropriate to include the comparative data
related to one’s phenomenon of interest in the underlying phylogenetic inference, de Queiroz (1996)
focused specifically on the question of whether those data could bias the conclusions towards the
focal hypothesis. If any bias ran counter to the focal hypothesis then the analysis was considered
reliable; the question of accuracy was secondary (de Queiroz, 1996).

Once a dominant paradigm in systematics (e.g., see Olmstead, 2001), the influence of Popperi-
anism has declined, due in part to arguments that it is inapplicable to historically contingent fields
like phylogenetics (Sober, 1991; Rieppel, 2003; Vogt, 2008), and to the rise of unabashedly inferential
Bayesian approaches (Ronquist, 2004). While we still have an awkward tendency to refer to phylo-
genies as hypotheses (suggesting, perhaps, an unspecified null that we were able to reject?), we are
also more likely to also recognize that they are estimates.

82

We argue, given the availability of joint inference approaches, for a subtle paradigm shift in83

studies of character evolution: phylogenies are not static structures upon which to map our charac-84

ters of interest, or which we should use to correct for non-independence via a two-step approach.85

Instead, all our data evolved together and we should generally not a priori partition those data into86

a set to use for the phylogenetic inference and another set for investigating our comparative ques-87

tions. This shift is perhaps usefully illustrated by alternative conceptualizations of phylogenetic88

signal. The classic view of phylogenetic signal in PCMs is that the distribution of trait values may89

be more or less determined by the structure of the (pre-existing) phylogeny, under a Brownian90

motion (BM) model, and further that if this phylogenetic signal (or “phylogenetic effect”; Losos,91

2011) is low, the phylogeny is not needed for tests of correlated traits (Pagel, 1999a; Blomberg92

et al., 2003; Losos, 2011) and the inclusion of phylogenetic information may even be inappropriate93

(Losos, 2011). Under the alternative joint-inference paradigm, however, the lack of phylogenetic94

signal is simply an indication that our data of interest are poorly explained by Brownian motion95

(Revell, 2010)—it’s not that the phylogeny is irrelevant but rather that we are not modeling the96

evolution of our characters adequately. Interestingly, a very similar critique—that Brownian mo-97
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tion is a poor model of evolutionary change—was made by Felsenstein (1985) and formed the98

basis of arguments against these sorts of comparative analyses in general (Carpenter, 1992). Now,99

however, we are not limited to BM models, and have a wealth of approaches available to simulta-100

neously infer multiple inter-related elements of the evolutionary process, including the phylogeny101

itself and patterns of character evolution.102

Related to this argument for joint inference is our broader argument in favor of greater empha-103

sis on inference (estimation) in general, versus focusing on hypothetico-deductive approaches.104

This shift mirrors recent trends in the statistical community toward an emphasis on effect sizes105

(parameter values) rather than relying on p-values (Wasserstein and Lazar, 2016). An emphasis106

on estimation also relieves us of some practical and conceptual difficulties associated with the107

hypothesis-testing framework. For one thing, hypothesis testing requires that we be ignorant of108

our data before performing the test (e.g., see Goldman et al., 2000), a condition that is rarely met109

in phylogenetics. Perhaps more fundamentally, much of what we might be interested in learning110

about character evolution does not naturally fit within a formal hypothetico-deductive frame-111

work. The number of times a trait evolved, or the degree to which a trait is correlated with a112

particular other trait, can be framed as formal hypotheses, but only awkwardly; these are fun-113

damentally probabilistic questions—not logical-deductive ones—that are accessible through the114

tools of estimation rather than falsification. Note that an argument in favor of embracing estima-115

tion is not an argument against making careful observations of the natural world, using those ob-116

servations to formulate questions (hypotheses in the informal sense), and then designing a study117

(either estimation- or hypothesis-testing based) to investigate those questions. Indeed, we feel118

that that approach to understanding character evolution is particularly compelling.119

In this review we advocate for the conceptual and practical advantages of the joint-inference120

paradigm, while recognizing that, in many cases, results from joint inference and a two-step ap-121

proach will be effectively identical (e.g., inclusion of a comparative dataset is unlikely to influence122

estimates of topology derived from genomic data). We first provide a brief timeline (Fig. 1) of123

significant developments in the study of character evolution and a summary of the fundamental124

building blocks of character-evolution models. We then highlight a set of major current topics125

where the application of joint inference is particularly effective and conclude with a discussion of126

potential future directions for the study of character evolution.127

Joint inference and the Bayesian paradigm128

The explicitly inferential nature of Bayesian inference lends itself to joint estimation (compared129

with hypothetico-deductive approaches; see Box 1). However, Bayes’ theorem also provides a130

formalization demonstrating the importance of joint inference: if two datasets share aspects of the131

same generating process (e.g., they share a phylogenetic history), then accurate inference depends132

on the two datasets jointly informing model parameters.133

To illustrate this point, imagine we have two datasets, X1 and X2. Perhaps these datasets cor-134

respond to different DNA sequence alignments, or different morphological characters, or some135

mix of genetic and morphological data. Suppose we are interested in how they share information136

about some underlying variable of interest (for example, a phylogenetic tree). To that end, we137

specify a model that describes how both X1 and X2 evolve together (i.e., a joint model) with pa-138

rameters θ. The parameters θ represent one or more unknown variables that we hope to estimate139

(e.g., phylogeny or rate of morphological change), while the model describes how specific values140

of those parameters affect the probabilities of different possible observed datasets.141

The joint probability of X1 and X2 under this model—given specific values of the parameters142
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Model DNA evolution

Yang et al. 1995: Ancestral 
state inference

Huelsenbeck et al. 2003: 
Stochastic character mapping
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Felsenstein 2005: 
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O'Meara et al. 2006: Branch-
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Revell and Collar 2009: 
Multivariate Brownian motion

Caetano and Harmon 2019: 
Bayesian multivariate Brownian 
motion

Nee et al. 1994: Birth-death 
model on phylogenies

Heath et al. 2014: Fossilized birth-
death model

Morlon et al. 2011: Episodic Birth-
death model

Maddison et al. 2007: State-dependent 
speciation-extinction model

Beaulieu et al. 2016: Hidden state-
dependent speciation extinction model 

Yule 1925: Yule model 

Kendall 1948: Birth-death 
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Butler and King 2004: Fitting 
OU models to phylogenies

Boucher and Démery 2016: 
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Pagel 1994: Joint inference 
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frequencies, irreversible model

Huelsenbeck et al. 2001: Bayesian 
inference of Mk model

Mayrose et al. 2010: 
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Harmon et al. 2010: Early 
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Figure 1: Timeline of select major events in the development of phylogenetic comparative methods, sorted
by discrete trait models, continuous trait models, and tree models. We elaborate on some of these methods
in the main text.

θ—is P(X1, X2 | θ), conventionally called the likelihood function. In a Bayesian context, the joint143

posterior distribution of θ is:144

posterior︷ ︸︸ ︷
P(θ | X1, X2) =

likelihood︷ ︸︸ ︷
P(X1, X2 | θ)

prior︷︸︸︷
P(θ)

P(X1, X2)︸ ︷︷ ︸
marginal likelihood

(1)

where P(θ) is our belief about the specific values of θ before observing the two datasets, and145
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P(θ | X1, X2) is our posterior belief about the specific values of θ after observing the two datasets.146

An alternative, and equivalent, approach to joint inference is Bayesian sequential inference. Here,147

we also analyze the two datasets, one at a time, treating the posterior from the first dataset as the148

prior for the second dataset:149

P(θ | X1) =
P(X1 | θ)P(θ)

P(X1)
(prior updated by first dataset)

P(θ | X1, X2) =
P(X2 | X1, θ)P(θ | X1)

P(X2 | X1)
(prior updated by second dataset)

This sequential procedure is mathematically equivalent to doing a joint analysis because150

P(θ | X1, X2) =
P(X2 | X1, θ)P(θ | X1)

P(X2 | X1)
(from above)

=
P(X2 | X1, θ)

P(X2 | X1)
× P(X1 | θ)P(θ)

P(X1)
(using posterior from step 1 as prior)

=
P(X1, X2 | θ)P(θ)

P(X1, X2)
(combining terms)

where the last line follows because P(A, B) = P(A | B)P(B). Notice that the final posterior distri-151

bution of the Bayesian sequential analysis is identical to the posterior of the joint analysis (Eq. 1).152

The equivalency of the Bayesian sequential and joint-inference approaches, however, only holds153

when the second step of our inference updates our belief about θ (the full posterior of the first step154

becomes the prior in the second, where it is updated by the data in X2).155

The logic of Bayesian sequential analysis also implies that if we study the evolution of a trait156

on a phylogeny, that trait should in turn affect our estimate of the tree itself, as well the other157

parameters of the model. If we instead fix the estimates from the first step (as in conventional158

PCMs), we may obtain biased estimates of the posterior. Rephrasing, and pulling up from the159

formalism of Bayes theorem, if we believe that different datasets evolved following some sort of160

shared process (such as evolving on the same phylogeny), then accurate inferences of that pro-161

cess require that one data subset be allowed to update our inferences from the other data subsets162

and vice versa: in principle, joint inference (or its mathematical equivalent, Bayesian sequential163

inference) is required.164

Bayesian sequential analysis provides a powerful alternative to simultaneous joint inference165

by allowing researchers to perform portions of their inference at different times or across differ-166

ent computers, effectively breaking one large problem into easier-to-handle pieces. For example,167

comparative biologists have long recognized the value of incorporating phylogenetic uncertainty,168

which has motivated procedures that average parameter estimates uniformly over a sample of169

trees (e.g., Pryer et al., 2004; Organ et al., 2011)—a procedure that is at least spiritually Bayesian—170

or sampling over a distribution of trees using MCMC so that parameter estimates are averaged171

in proportion to the updated posterior probability of each tree (i.e., a true Bayesian sequential172

approach; Pagel and Lutzoni, 2002; Pagel and Meade, 2006). However, there is more to the joint173

(/Bayesian sequential) paradigm than accommodating phylogenetic uncertainty. Joint phyloge-174

netic models unlock a broad range of interesting evolutionary questions, for example: How do175

changes in one trait affect the process of evolution for another trait? How do traits shape the pro-176

cesses of diversification? And how are extant and extinct lineages related? We will explore these177

interesting questions below, following a description of the fundamental components of most mod-178

els used to study character evolution.179
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Fundamental models of trait evolution180

Phylogenetic comparative models—whether applied on a fixed topology or in a joint inference—181

are complex and diverse. In this section we first describe at a high level how phylogenetic compar-182

ative models of evolution work, by way of simulation. We then review a selection of major models183

and their extensions (also see O’Meara 2012; Baum and Smith 2013; Harmon 2018; Cornwallis and184

Griffin 2024); these models are the main building blocks for macroevolutionary study of character185

evolution.186

Phylogenetic comparative methods are typically based on stochastic (random) models of evo-187

lution. Generically, a stochastic model describes how a state variable at time t, denoted X(t),188

changes over time; the process of change is governed by a set of parameter values denoted θ.189

In a traditional PCM study, we often assume that the phylogeny is known, and denote the state190

variable for branch i at time t as Xi(t). The state variable may be a continuous trait value, such191

as body size, or a discrete trait value, such as fruit color. However, the state variable may also be192

more complicated; for example, Xi(t) may be a set of continuous and/or discrete traits that are193

co-evolving.194

The main utility of a phylogenetic stochastic model is that it allows us to compute the proba-195

bility of observing a particular set of character states at the tips of the tree (the observed character196

data) given a set of parameter values θ—this probability of the data given the model is the like-197

lihood of the model. Thus, the stochastic model allows us to estimate the parameter values θ198

in a model-based inference framework (e.g., maximum likelihood or Bayesian inference). While199

the details of computing these probabilities are different for different models, in general we can200

understand how they work using a simulation analogy.201

The simulation procedure works as follows: First, we choose an initial state at the root of the202

tree according to a root-state distribution; in theory we could draw from any distribution but203

often we inform our simulation with biologically informed values from a known distribution (e.g.,204

a known ancestral state or the stationary frequency of the model). Next, we simulate the evolution205

of the trait according to the stochastic model with parameter values θ along the branches of the206

tree until we reach the present. Finally, we collect the states at the tips of the tree to serve as207

the outcome. If we repeat this procedure many times, the fraction of outcomes that match the208

observed data is the probability of the data given the model, otherwise known as the likelihood209

(of the model). The ancestral state estimate at a particular node reflects the fraction of times that210

node is in each state among outcomes that match the tip data (see also the section, below, on joint211

inference of phylogeny and ancestral character states). Likewise, the histories of change along212

branches for outcomes that match the observed data are called stochastic character maps, which can213

be used to estimate the number of changes across the tree, or the amount of time each branch214

spends in each state, etc. While this simulation analogy is useful for conceptualizing likelihood,215

in practice, we typically calculate these probabilities analytically using mathematical functions216

rather than relying on computationally intensive simulations.217

See Figure 2 for an example of this simulation procedure for a discrete-state model with two218

states (red and blue). In this case, the observed data are that taxon a is blue, while taxa b and c219

are red. The fraction of outcomes matching the observed data (indicated in the gray boxes) is the220

probability of the data (in this case, 3/10) given the model and a specific set of parameter values.221

These simulations are also useful for estimating ancestral states and stochastic maps. The common222

ancestor of a and b is inferred to be red with probability 1 (3 of 3 outcomes), while the root of the223

tree is inferred to be red with probability 2/3. The probability that blue evolved twice (based on224

the stochastic maps) is 2/3 (Fig. 2). This same basic logic also applies to continuous trait models.225
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Figure 2: Simulated evolution of a two-state character (the states are red and blue) on a three-tip phylogeny.
Each panel represents a single simulation. The gray panels are simulations where the character histories
match the observed tip states (tips a and c are blue; tip b is red). Circles indicate observed data.

Discrete trait models226

Models of evolution of discrete characters (characters with discrete character states) have their227

origin in models of nucleotide substitution (Jukes and Cantor, 1969; Neyman, 1971; Farris, 1973;228

Cavender, 1978; Kaplan and Langley, 1979) and were first applied to infer phylogenies by Felsen-229

stein (1973, 1981). These models are continuous-time Markov chains (CTMCs)—models where the230

probability of changing to a new state depends solely on the current state (and on the parameter231

values of the model) rather than being influenced by past states—that can be generally referred to232

as Mk models, where k signifies the number of states (Lewis, 2001). These models can be repre-233

sented by a instantaneous rate matrix, Q, that describes the instantaneous rate of change between234

states. The rows of a Q matrix represent the starting states and the columns represent the end-235

ing states, and elements of the matrix represent the instantaneous rate of change between those236

particular states. For a simple, symmetric two-state model (with states A and B), the Q matrix is:237

Q =

[
− q
q −

]
,

where the diagonal elements (indicated by −) are such that the rows of the matrix sum to zero.238

Therefore, in the Q matrix above, the transition rate from A→ B and the transition rate from239

B→ A both occur at the instantaneous rate q.240

Common extensions of the core Mk model allow transition rates to vary. When transition rates241

are not equal the rate of change between state i and state j is typically denoted qij. A symmetrical242

model (often referred to as SYM; Zharkikh, 1994) fixes the transition rates to and from a given243

pair of states to be equal (i.e., qij = qji; see Fig. 3A,B for a four-state example), while the all-rates-244

different (ARD) model (Paradis et al., 2004) allows each transition rate to vary freely (qij ̸= qji).245

Applying these models to a trait with three states (A, B, and C) results in these instantaneous rate246
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matrices:247

QSYM =

 − qAB qAC
qAB − qBC
qAC qBC −


QARD =

 − qAB qAC
qBA − qBC
qCA qCB −


It is also possible to specify models where some transition rates are set to zero, to reflect certain248

types of changes that may be biologically impossible. In some cases, this approach can result in249

irreversible models, where once a particular transition has occurred, the character can no longer250

revert to the original state (see Goldberg and Igić, 2008 and references therein), for example,251

QIRR =

 − qAB qAC
qBA − qBC

0 0 −

 ,

where it is impossible to evolve out of state C once it is reached.252

Ordered Markov models (e.g., Brandley et al., 2008) allow transitions between adjacent states,253

while all other transition rates are zero. These types of models are often applied to traits that254

have a natural ordering, for example the loss of teeth (Paluh et al., 2021) or the evolution of the255

number of vertebrae (Spear et al., 2023). Typically, upward transitions occur at one rate (the rate256

of gain), and downward transitions occur at another rate (the rate of loss), though this is by no257

means required. An example rate matrix for an ordered trait with four states (1, 2, 3, and 4) would258

be:259

QORD =


− λ 0 0
µ − λ 0
0 µ − λ
0 0 µ −

 ,

where λ and µ are the gain and loss rates, respectively.260

A bespoke example of an ordered Markov model is the ChromEvol model of chromosome261

evolution (Mayrose et al., 2010). Chromosome evolution is governed by a variety of processes262

including chromosome gain, loss, and polyploidy. For simplicity, we show an example Q matrix263

that describes the evolution of a group with four different chromosome numbers (1, 2, 3, and 4):264

QChromo =


− λ + ρ 0 0
µ − λ ρ
0 µ − λ
0 0 µ −


Here λ and µ represent chromosome gain and loss, and ρ represents polyploidization events.265

This general ChromEvol model then provides the foundation for additional elaborations tailored266

to specific questions (e.g., Zenil-Ferguson et al., 2017; Freyman and Höhna, 2018; Mayrose and267

Lysak, 2021; Tribble et al., 2025).268

The Mk model framework can also be used to study the joint evolution of two discrete charac-269

ters. This approach is commonly used to test if traits are evolutionarily correlated (Fig. 3C; Pagel,270

1994). For example, we can have traits each with two states: Trait One with states 0 and 1, and271
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Figure 3: Simulated discrete trait evolution under various models: (A) symmetrical evolution, (B), ordered
evolution where only transitions between adjacent states are possible (e.g., A ←→ B ←→ C ←→ D), (C)
dependent evolution of two binary traits, and (D) the threshold model. For all models, the top row shows
a stochastic map of the discrete trait history and for (A–C) the bottom row shows a single sample history—
trait value plotted as a function of time. The bottom panel of (D) shows the sample history for all three
branches of the tree.

Trait Two with states A and B. One way to jointly model the evolution of these traits is to combine272

the two binary characters into a single character with four states (0A, 1A, 0B and 1B):273

QDep =


− q0A,1A q0A,0B 0

q1A,0A − 0 q1A,1B
q0B,0A 0 − q0B,1B

0 q1B,1A q1B,0B −


Note that many elements of this rate matrix are 0 because, by assumption, only a single trait can274

change at a time. Dependent evolution is inferred by comparing transition rates for one character275

as a function of the state of the other character: if q0A,1A is inferred to be higher than q0B,1B, then276

transitions from 0 to 1 occur faster when the second character is in state A rather than B. While this277

model is commonly used, it was shown to fail under cases of phylogenetic pseudoreplication—278

where a trait is inferred to only evolve once (Maddison and FitzJohn, 2015). Under these scenarios279

we should be unable to test for correlated evolution as there should be no statistical power in a280

single event, yet this method—and other methods—will find evidence for correlated evolution281

(Uyeda et al., 2018; Gardner and Organ, 2021).282

The flexibility of the Q matrix allows users to specify their own model of trait evolution in-283

formed by prior knowledge of their group or to formulate and test specific hypotheses of evo-284

lutionary rates. For example, such structured Markov models, implemented in software such as285

PARAMO and ontophylo (Tarasov et al., 2019; Porto et al., 2024), allow researchers to include devel-286

opmental (ontogenetic) constraints in their character evolution models (e.g., Tarasov, 2019; Tribble287

et al., 2023) or to properly account for the difference between character states that are missing be-288

cause they are unknown rather than being inapplicable to the specific taxon in question (Tarasov,289

2023, see Maddison (1993)).290
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Threshold model291

The threshold model (Wright, 1934) represents discrete trait evolution via an unobserved continu-292

ous character—when the trait value of the continuous character crosses a particular threshold, the293

observed discrete character changes state (Fig. 3D). The threshold model was inspired by models294

in quantitative genetics, where additive variation of an (unobserved) polygenic trait can contribute295

to discrete changes in phenotype. Wright focused on the development of guinea pig toes, which is296

determined by an underlying physiological character that varies approximately continuously. If297

that continuous character—referred to as the liability—crosses some threshold, the guinea pig will298

develop an additional toe; below that threshold, the normal number of toes develop. Felsenstein299

(2005) adapted this model to macroevolution, permitting the modeling of discrete trait evolution300

(such as number of toes) across a phylogeny by assuming that the liability, typically unobserved,301

evolves via Brownian motion (BM, see below) with rate σ2 or some other continuous-trait model302

(Fig. 3D).303

Generally we are interested in inferring the parameters of the liability (e.g., BM parameters)304

as well as the placement of the threshold, with some simplification. Since the liability at the tips305

is not observed (unlike a typical continuous trait model; Fig. 4), we lack any information of the306

liability scale (e.g., does the liability range from 0−1 or 5−100). As such, we can fix the value of σ2
307

(see Continuous trait models section, Felsenstein, 2005, and Revell (2014) for further discussion).308

Furthermore in a simple two-state case, where there is a single threshold, we can arbitrarily set309

the threshold value, typically to 0 (Felsenstein, 2005; Revell, 2014; Cybis et al., 2015). In cases with310

n > 2 states, the liability value of n− 1 thresholds need to be inferred (Revell, 2014; Cybis et al.,311

2015).312

Continuous trait models313

Most models of continuous trait evolution are based on Brownian motion (a so-called random314

walk), introduced to systematics by Felsenstein (1985). The Brownian motion model is character-315

ized by a single parameter, σ2 (sometimes called a diffusion parameter; Fig. 4A). Under Brownian316

motion, at any given point in time an increase in the trait value is as likely as a decrease—the317

trait value wanders (hence random walk). After a set amount of time (t), the new values will be318

normally distributed with a mean equal to the starting value X0 and the variance determined by319

tσ2.320

A common variation on Brownian motion is the Ornstein–Uhlenbeck (OU) model, which de-321

scribes the evolution of a trait towards some optimum value θ (Hansen 1997; Butler and King322

2004; Fig. 4B). Like Brownian motion, the OU model assumes normally distributed changes along323

branches of a phylogeny described by σ2, but it also includes two additional parameters, the afore-324

mentioned optimum value (θ) and the magnitude of the pull towards θ, denoted α. Unlike BM,325

where variance grows without bound as t→ ∞, under the OU model the variance will grow until326

it reaches an asymptote defined by the stationary distribution σ2

2α . Larger values of α result in less327

variance as the strength of the pull is stronger.328

The OU model is only one of many derivatives of the BM model; there many others including329

bounded Brownian motion (Boucher and Démery, 2016), those that model early bursts (Blomberg330

et al., 2003; Harmon et al., 2010), or those that model jumps in trait space (a Lévy process, Landis331

et al., 2013). These models are often motivated by attempting to capture a unique evolutionary332

process. An additional elaboration is to allow for heterogeneity in the parameters across the tree,333

allowing these parameters to vary in a branch-dependent manner (O’Meara et al., 2006; Uyeda334

and Harmon, 2014; Khabbazian et al., 2016).335
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Figure 4: Continuous trait simulated under (A) Brownian motion and (B) an OU process. For both (A) and
(B), the top row shows stochastic maps of the ancestral values of the traits along the phylogeny, while the
bottom row shows a sample history—the trait value as a function of time—for the branch leading to species
a. θ indicates the optimum value for the OU model in (B).

This class of models can also have multivariate extensions that aim to jointly estimate the evo-336

lution of two or more continuous traits. For example, the multivariate Brownian motion model337

(Revell et al., 2008; Caetano and Harmon, 2019) is commonly used. Similar to a univariate BM338

model, under a multivariate BM model each trait has its own diffusion parameter (e.g., σ2
1 and339

σ2
2 ), but each pair of traits will also have an evolutionary covariance parameter, σ12, that indicates340

the degree and nature of correlated evolution between traits. If σ12 = 0 the traits evolve indepen-341

dently, equivalent to individually modeling each trait in a univariate framework. For σ12 > 0, if342

X1 increases X2 will tend to increase as well, and for σ12 < 0, if X1 increases X2 will decrease. In343

these case the traits are said to be evolutionary correlated.344

Finally, recent developments have provided reasonable alternatives to BM-based models for345

continuous traits for the first time. For example, Blomberg et al. (2020) introduce non-Gaussian346

stochastic diffusion models, which may better capture underlying evolutionary processes than347

the Gaussian models discussed above and provide clearer biological interpretations of parameter348

estimates.349

Birth-death tree models350

The birth-death process models the dichotomous branching process that produces phylogenetic351

trees, but birth-death models and their derivatives have also become prominent in the study of352

trait evolution. Birth-death processes are continuous-time Markov chains where, at any point in353

time, each lineage has a certain rate (λ) of producing (birthing) a new lineage (a speciation event354

that results in a node in the phylogeny) and a certain rate (µ) of going extinct (death; Nee et al.,355

1994). These models produce probability distributions of trees. There are many variations of birth-356

death tree models, for example time-dependent models that allow speciation and/or extinction357

rates to vary over time (e.g., Morlon et al., 2011), or fossilized birth-death (FBD) models, which358
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model fossil recovery alongside speciation and extinction (Heath et al., 2014), and are thus useful359

for inferring time-calibrated phylogenies from datasets that include extinct samples (see the Joint360

inference in divergence-time section, below). Some birth-death models are non-identifiable, as361

multiple sets of parameter values produce the same likelihood (Kubo and Iwasa, 1995; Louca and362

Pennell, 2020a). We direct interested readers to Title et al. (2025) for a more in-depth explanation363

of these methods and their limitations. One of the most prominent extensions of the birth-death364

process links speciation and extinction rates to character states (state-dependent speciation and365

extinction (SSE) models; Maddison et al., 2007). We review these methods and other current areas366

in the study of character evolution in more detail below.367

Major areas in the application of joint inference to studies of character368

evolution369

In this section we highlight areas of phylogenetic comparative study where the application of370

joint-inference methods is particularly effective or where the joint-inference paradigm allows for371

comparative investigations that would not otherwise be possible (we additionally provide exam-372

ples of joint-inference approaches in Table 1). This section is not intended to be a comprehensive373

review of all available comparative approaches. Rather, we provide a series of case studies to374

demonstrate the value, feasibility, and challenges of joint inference. We present the topics in no375

particular order. We begin with two topics: state-dependent speciation and extinction (SSE) and376

the joint modeling of discrete and continuous traits. These sections focus on capturing the com-377

plexity of trait evolution, typically on a fixed tree. In our third deep dive, we introduce evolution-378

ary process variation, examining how heterogeneity across the tree influences our inference. The379

final three topics focus on active fields that exemplify joint inference: jointly estimating phylogeny380

alongside divergence times, inference of ancestral states, and alignment-phylogeny co-estimation.381

State-dependent speciation and extinction models and the importance of cladogenetic382

change383

A good example of the importance of joint inference comes from Maddison’s (2006) demonstra-384

tion that the distribution of character states at the tips of a phylogeny is the result of the combined385

effects of differential rates of character change (e.g., maybe state A transitions to state B more386

frequently than the reverse) and of differential rates of speciation and/or extinction associated387

with those character states (e.g., maybe lineages in state B speciate more quickly than do those388

in state A). It is only by jointly inferring the parameters of the two generating processes (i.e., the389

transition rates among states and the diversification rates associated with those states) that either390

can be inferred accurately (Maddison et al., 2007). This later point is worth emphasizing: while391

Maddison’s (2006) insight is most often applied to the inference of trait-associated diversification392

rates (i.e., state-dependent speciation and extinction rates), it equally applies to inferences of the393

character evolution parameters themselves (i.e., the transition rates): if a trait affects diversifica-394

tion rates, accurate reconstruction of the patterns of trait evolution requires that character-change395

parameters be co-estimated with the diversification rates. This insight profoundly altered our396

understanding of how to approach questions of character evolution and diversification-rate infer-397

ence and prompted the development of a broad suite of methods elaborating on this framework398

(state-dependent speciation and extinction: SSE). For example, while the original model, BiSSE,399

was limited to a single binary character (Maddison et al., 2007), that model has been expanded400
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Table 1: Examples of joint methods

Model & Question Implementation(s) Empirical Examples

Threshold model: Are continuous and
discrete traits correlated?

R::threshBayes (Revell, 2012),
Threshml (Felsenstein, 2012), BEAST
(Cybis et al., 2015), R::mcmcglmm
(Hadfield, 2015)

Ogburn and Edwards (2015); Iles et al.
(2017); Esquerré et al. (2019); Suissa and
Friedman (2022)

hOUwie: Are continuous and discrete
traits correlated?

R::OUwie (Boyko et al., 2023b) Boyko et al. (2023a); Sperotto et al. (2025)

MuSSCRat model: Do rates of
continuous-trait evolution depend on a
discrete trait?

RevBayes (May and Moore, 2020) Burress et al. (2020); Wolff et al. (2021);
Corn et al. (2022); Garland et al. (2025);
Liu et al. (2025). RevBayes tutorial.

SSE models: How do character states
affect diversification rates? What is the
history of a character that might affect
diversification rates?

Mesquite (Maddison et al., 2007),
R::diversitree (FitzJohn, 2012),
R::castor (Louca and Pennell, 2020b),
RevBayes (Freyman and Höhna, 2018),
TensorPhylo (May and Meyer, 2025)

Goldberg et al. (2010); Mayrose et al.
(2011); Beaulieu and Donoghue (2013).
R::diversitree tutorial; RevBayes tutorial.

HiSSE models: How do I infer
trait-related diversification dynamics
while accommodating process variation?

R::HiSSE (Beaulieu and O’Meara, 2016),
RevBayes (Höhna et al., 2016; Tribble
et al., 2025)

Ng and Smith (2018); Xue et al. (2020);
Meseguer et al. (2022); Tribble et al.
(2025). R::HiSSE tutorial; RevBayes
tutorial.

TED models: How are living and extinct
lineages related and what is the
timescale of evolution in my group?

MrBayes (Ronquist et al., 2012), BEAST
(Bouckaert et al., 2019; Baele et al., 2025),
RevBayes (Höhna et al., 2016)

Lee (2016); Gavryushkina et al. (2017);
May et al. (2021); Tejada et al. (2024).
BEAST 2 tutorial; RevBayes tutorial.

Ancestral-state reconstruction: What is
the evolutionary history of a trait on an
unknown phylogeny?

BayesTraits (Pagel et al., 2004), BEAST
(Bouckaert et al., 2019; Baele et al., 2025),
RevBayes (Höhna et al., 2016; Freyman
and Höhna, 2019)

Pagel and Lutzoni (2002); Lemey et al.
(2009); Braga et al. (2020); Nyathi et al.
(2025). BayesTraits tutorial; BEAST 2
tutorial; RevBayes tutorial.

Indel models: Can I estimate my
phylogeny without conditioning on a
single estimate of the alignment? What
is the ancestral sequence of my gene of
interest?

BAli-Phy (Suchard and Redelings, 2006;
Redelings, 2021), BayesCAT (Shim and
Larget, 2018), BEAST (Lunter et al., 2005)

Gaya et al. (2011); Westesson et al.
(2012); Redelings (2014); Borstein et al.
(2024); Sharma (2025). BAli-Phy tutorial.

upon to allow for multi-state characters (MuSSE; FitzJohn, 2012), continuous characters (QuaSSE;401

FitzJohn, 2010), and biogeographic characters (GeoSSE; Goldberg et al., 2011).402

The SSE framework is additionally powerful for the study of character evolution because it403

inherently requires the incorporation (within the likelihood calculation) of events that happen on404

branches that ultimately go extinct and thus are not observed (Maddison et al., 2007). This feature405

permits the development of models where character-state transitions occur cladogenetically (i.e.,406

in association with a speciation event) rather than just anagenetically (i.e., along the branches of407

the tree), since those models need to monitor all cladogenesis events, whether or not both daugh-408

ter lineages leave extant descendants (Goldberg and Igić, 2012). The earliest such cladogenetic409

model (BiSSE-ness; Mayrose et al., 2011; Magnuson-Ford and Otto, 2012) was a direct concep-410

tual extension of BiSSE and was followed by approaches that utilized the SSE framework for the411

cladogenetic functionality specifically (e.g., ChromoSSE, which incorporates cladogenetic changes412

in chromosome number but not differential trait-associated speciation and extinction rates; Frey-413

man and Höhna, 2018) and that included both cladogenetic state change and differential diversifi-414

cation rates (e.g., to infer the evolution of lineages’ geographic range, where, e.g., the colonization415

of new areas might be expected to be linked to speciation; Goldberg et al., 2011).416

As somewhat of an aside—but relevant, given our focus on inference versus hypothesis-testing417
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https://revbayes.github.io/tutorials/cont_traits/state_dependent_bm.html
http://www.phytools.org/Cordoba2017/ex/14/SSE-models.html
https://revbayes.github.io/tutorials/sse/bisse.html
https://speciationextinction.info/articles/hisse-new-vignette.html
https://revbayes.github.io/tutorials/sse/hisse
https://revbayes.github.io/tutorials/sse/hisse
https://taming-the-beast.org/tutorials/Total-Evidence-Tutorial/
https://revbayes.github.io/tutorials/fbd/fbd_specimen.html
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(see Box 1)—one of the main challenges to SSE models came from Rabosky and Goldberg (2015),418

who claimed, using an hypothesis-testing framework, that SSE models had high rates of type I419

error (i.e., that such models concluded that focal character states were associated with different420

diversification rates when in fact no such association existed). To reach this conclusion, Rabosky421

and Goldberg (2015) simulated phylogenies with heterogeneous rates of diversification (but those422

rates were unrelated to the focal trait) and then used likelihood ratio tests to compare a model of423

rates being associated with the focal trait against a null model of no rate variation. But this—the424

absence of rate variation—is the wrong null model; the true generating model does have rate varia-425

tion, it is just not related to the focal trait. Since the model being rejected is not the true model, this426

result does not demonstrate type I error (Beaulieu and O’Meara, 2016): it is the wrong hypothesis427

test. Hidden-state SSE models (HiSSE; Beaulieu and O’Meara, 2016), which co-estimate the rates428

associated with both the focal trait and a set of unobserved character states (and all the respec-429

tive transition rates among character states, both hidden and observed), attempt to resolve this430

issue—it is not that the co-estimation is flawed but rather that standard, non-hidden SSE models431

are not co-inferring enough of the relevant processes. These methods—and modeling hidden pro-432

cess variation in general—are discussed in more depth below (see Accounting for evolutionary433

process variation).434

Adding to their power to investigate previously inaccessible problems through co-estimation,435

different SSE components—including hidden states and cladogenetic state-change—can be com-436

bined together. For example, Zenil-Ferguson et al. (2019) performed a series of combined multi-437

state and hidden-state SSE models to investigate the interaction of polyploidy and the evolution438

of self-compatibility (the ability of a plant to fertilize itself), and their consequences, both individ-439

ually and in concert, on diversification rates in the tomato family, Solanaceae. Similarly, Tribble440

et al. (2025) implemented a ChromoHiSSE model to explore the role of chromosomal changes as441

a speciation mechanism in the species-rich plant genus Carex. This model allows for different442

rates of cladogenetic chromosome number change and cladogenesis without chromosome num-443

ber change, where those rates depend on a hidden state (the different hidden states have different444

rate parameters). By jointly modeling hidden states and cladogenetic change, ChromoHiSSE can445

detect not only how chromosome number change affects speciation rates, but also how the rela-446

tionship between chromosome number change and speciation varies across the phylogeny (e.g.,447

process variation, see “Accounting for evolution process variation” below).448

One important limitation of most SSE approaches from the perspective of joint inference is that449

while patterns of character change and rates of speciation and extinction are co-estimated, the tree450

itself is fixed. In this respect the application of SSE models is similar to the two-step classical PCM451

approaches. This limitation is important because speciation and extinction rates are inextricably452

related to the shape and branch lengths of the tree itself; ideally, we would want to co-estimate453

the tree along with the diversification parameters and rates of character-state change. Failing454

to accommodate diversification-rate variation potentially misleads the initial estimates of diver-455

gence times (SSE models require a chronogram), which in turn may compromise our ability to456

subsequently detect state-dependent diversification rates. To demonstrate this risk, we simulated457

a phylogeny under a simple binary-state-dependent pure-birth (BSPB) model with two speciation458

rates, λ0 and λ1, corresponding to two discrete states (i.e., a BiSSE model with µi = 0 for all states),459

where the speciation rate in state 1 was four times higher than in state 0. We then estimated param-460

eters of the binary-state-dependent pure-birth model under three scenarios: 1) the “true” scenario,461

where the true (simulated) tree was used as input for a BSPB analysis; 2) the “two-step” scenario,462

where we estimated the tree from sequence data and then used the estimated tree as input for a463

BSPB analysis, and; 3) the “joint” scenario, where we estimated the parameters of the BSPB model464

and the tree simultaneously from sequence data. For scenarios 2 and 3, we simulated 1000 sites465
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Figure 5: Comparing two-step and joint analysis for state-dependent diversification rates. A) A phy-
logeny simulated under the binary-state pure-birth (BSPB) model with 200 tips. Tips are colored by the
simulated state. B) Posterior estimates of the speciation rate ratio λ1/λ0 using the true tree (red), the con-
ditional (two-step) tree (i.e., where the tree is first estimated under a binary-state-independent tree prior;
purple) and the joint analysis (i.e., where the tree and the parameters of the BDSP model are jointly esti-
mated; yellow). The true ratio λ1/λ0 = 4 (dashed line) is well estimated under the true scenario, but the
conditional scenario substantially underestimates the ratio, excluding the true value from the 95% HPD.
The joint scenario results in estimates much more similar to the true scenario, but with more uncertainty,
presumably because this scenario incorporates uncertainty in divergence times.

on the true tree under a Jukes-Cantor substitution model and an uncorrelated lognormal relaxed466

clock. We then estimated Bayesian posterior distributions of divergence times (assuming the true467

tree topology was known) under a binary-state-independent Yule tree prior (equivalent to a BSPB468

model with λ0 = λ1) for the two-step scenario and a BSPB tree prior for the joint scenario, in both469

cases assuming the true substitution and relaxed-clock models. Finally, we fit the BSPB model to470

the true tree and to the MCC tree estimated under the constant-rate Yule model (as the second471

part of the two-step scenario; in contrast, the BSPB model was fit jointly with the tree inference in472

the joint scenario). The results demonstrate that the true ratio of speciation rates is well estimated473

using the true tree and in the joint inference, but is significantly biased in the two-step scenario474

(Fig. 5). This result also provides an example of the strong sensitivity of divergence-time estimates475

to details of the clock and tree models (Dos Reis and Yang, 2013; Condamine et al., 2015; May et al.,476

2021, see Supplemental Materials S1 for more details).477

Jointly modeling discrete and continuous traits478

Historically, the models used for estimating processes of evolution of continuous versus discrete479

characters were different, thus advances in modeling these character types have largely proceeded480

independently (see fundamental models section; Fig. 1). The first methods for correlating contin-481

uous and discrete traits were modifications of generalized linear models (GLMs), which treat the482

phylogeny as the covariance matrix for residual errors (i.e., departures from expected trait values)483
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in a linear modeling framework (Martins and Hansen, 1997; Symonds and Blomberg, 2014). Re-484

cently, however, mechanistic models have been developed that link the evolution of continuous485

and discrete traits.486

In most of these approaches, a joint model links the underlying process of trait evolution487

among characters. Butler and King (2004) extended the Ornstein-Uhlenbeck model to include488

multiple optima (θ): the multi-optima OU model. These multiple optima correspond to different489

lineages on the phylogeny and thus to different optimal continuous trait values across different490

subclades of the phylogeny in question. Furthermore, Butler and King (2004) assigned the phy-491

logenetic location of these different optima based on the values of a discrete trait. This approach492

allowed them to test if a continuous trait has different optimal values depending on the value of493

a discrete state. Specifically, they assigned the terminal branches of the anole phylogeny to the494

discrete states of the habitat type of the species at the tip. Each habitat type was then assigned495

a different optimum (θ parameter) to be inferred under a multi-optima OU model of body-size496

evolution (a continuous character).497

Shortly after Butler and King (2004), O’Meara et al. (2006) proposed another two-step ap-498

proach: a multi-rate Brownian motion model that could be used to model shifts in rates of con-499

tinuous trait evolution (the diffusion parameter σ2), which laid the groundwork for linking such500

shifts to the evolutionary history of a discrete trait. Almost simultaneously, Thomas et al. (2006)501

published a similar set of statistical innovations.502

Subsequent developments based on these works have expanded the toolbox of two-step,503

OU-derived methods for modeling correlated evolution between discrete and continuous traits.504

Beaulieu et al. (2012) expanded on Butler and King (2004) by increasing the parameters that vary505

across regimes to include optima, diffusion parameters (σ2), and the so-called attraction parame-506

ters (α). Collar et al. (2009), among others, took up where O’Meara et al. (2006) left off and used507

stochastic mapping to infer the full evolutionary history of the discrete trait across all internal and508

terminal branches of a phylogeny. Revell (2013) provides an important critique of these methods:509

by relying on a two-step approach, the continuous trait inference depends on a pre-inferred dis-510

crete trait history, thus failing to correctly model the codependency between discrete and contin-511

uous traits. Despite this critique, these approaches remained dominant for almost 15 years, until512

new joint inferences approaches to co-infer the evolutionary history of continuous and discrete513

characters were developed (Fig. 6; May and Moore, 2020; Boyko et al., 2023b).514

Meanwhile, Felsenstein developed the threshold model (Fig. 3D; discussed above in Funda-515

mental models of trait evolution: discrete traits) independent of the OU approaches, extending it516

to jointly model two traits: a continuous trait that is observed and a discrete trait where the un-517

derlying continuous trait (referred to as the liability) is unobserved, both evolving via Brownian518

motion and linked via the covariance of the liabilities. Subsequent developments based on the519

threshold model framework include generalizing to multiple characters and multi-state charac-520

ters (Cybis et al., 2015) and enabling dimensionality reduction via a phylogenetic factor analysis521

to make analysis of large multivariate datasets tractable (Tolkoff et al., 2018).522

The threshold model approach differs from other methods for jointly modeling discrete and523

continuous traits because it estimates the correlation between the traits themselves (or, at least, the524

trait liabilities) rather than inferring a link between the underlying trait-evolution processes (i.e.,525

their rates, or optima). This feature is important because if we assume the processes themselves526

are linked (e.g., Boyko et al., 2023b), then we are also assuming bidirectional information flow be-527

tween the traits; information about the evolution of the discrete state will and should change our528

inference for the evolution of the continuous trait, and vice versa. The threshold model, on the529

other hand, does not assume the evolutionary processes generating the discrete and continuous530

characters are linked, but rather proposes a way to estimate their covariances. The inferred evo-531
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lutionary history of the traits would be the same if inferred together or separately. Furthermore,532

the threshold model has memory; the discrete character will change more frequently when the533

liability is close to the threshold. This quality of the model is likely desirable in some empirical534

cases but not in others (see Goldberg and Foo 2020).535

Most recent developments in the estimation of correlated evolution between discrete and con-536

tinuous traits have built off of the OU framework from Butler and King (2004) and O’Meara et al.537

(2006), among others. Tribble et al. (2023) developed a method to test for correlated evolution538

between continuous and discrete traits, where the discrete trait states are linked to the inferred539

optima of a continuous trait while accommodating process variation: additional variation in the540

evolutionary processes that is not due to the traits directly included in the model (described in de-541

tail in the following section). Under the multi-optima OU approaches, discrete traits are linked to542

inferred optima of continuous traits, but those models assume a perfect link between the evolution543

of discrete states and optima—no other cause for variation in trait evolution beyond the modeled544

traits is included. In Tribble et al. (2023), the authors fit a multi-optimum OU model to the contin-545

uous traits, then correlate the per-branch optima with per-branch discrete states using stochastic546

mapping. This approach notably does not jointly estimate the continuous and discrete states, but547

instead infers their evolutionary histories independently, subsequently testing for a statistically548

significant overlap in those evolutionary histories.549

In parallel, Boyko et al. (2023b) developed an state-dependent OU-based approach that does550

joint inference of the evolution of a discrete character and of a continuous character under a multi-551

optima OU model with process variation. Under this approach, the evolutionary processes of552

both characters are linked; the discrete trait states may correspond to the inferred continuous553

state optima. Boyko et al. (2023b) built on earlier OU-methods that assigned the optima to pre-554

established discrete trait histories on the phylogeny, requiring the evolution of continuous optima555

to perfectly match the history of the discrete trait (e.g., Beaulieu et al., 2012). Instead, Boyko et al.556

(2023b) jointly infer the evolutionary histories of the discrete and continuous traits, while also557

modeling hidden process variation in their shared underlying regime.558

In another approach to jointly modeling discrete and continuous trait evolution, May and559

Moore (2020) developed a state-dependent BM method to test for the effect of a discrete char-560

acter on the rate of evolution of a continuous character (Fig. 6A). For example, does the feeding561

apparatus of reef fish evolve faster than that of non-reef-dwelling fish? The method, MuSSCRat,562

jointly models a discrete character and one or more continuous characters evolving under a state-563

dependent multivariate Brownian motion process while accounting for process variation in the564

continuous trait(s) that is not linked to the discrete trait of interest. As with the BM-based ap-565

proaches (e.g., O’Meara et al., 2006; Thomas et al., 2006), and unlike the approaches based on566

the threshold model, MuSSCRat models the relationship between the evolutionary processes (the567

rates) of the traits rather than the relationship between the trait values themselves. Both Boyko568

et al. (2023b) and May and Moore (2020) jointly model the evolution of a continuous and a discrete569

trait via an inferred co-evolutionary process, but differ in what that process is and thus the bio-570

logical questions they are able to address. Future developments in the joint evolution of discrete571

and continuous traits may expand the suite of underlying evolutionary mechanisms linking trait572

evolution, or expand the number of traits that are included in such models.573

Accounting for evolutionary process variation574

The goal of many character evolution models is to link trait evolution with a factor possibly con-575

tributing to variation in its evolutionary process, so-called process variation. For example, the576

evolution of a continuous trait such as body size may depend on the evolution of a discrete trait577
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Figure 6: Simulation under models that jointly infer discrete and continuous trait evolution where the
rates of the continuous trait are dependent on a discrete trait with states 1 and 2. (A) State-dependent BM;
(B) State-dependent OU. Top row: stochastic character map with the continuous trait value plotted along
the branches. Bottom row: sample path of the branch leading to species a. State-dependent regimes are
colored. In (A), the discrete-character regimes differ in the values of the diffusion parameter; for Regime 1
σ2

0 = 0.001; for Regime 2 σ2
1 = 0.1. In (B), the discrete-character regimes differ in the values of the optimum;

for Regime 1 θ0 = 1; for Regime 2 θ1 = 4.

like life history. However, the evolution of body size likely depends on many additional factors578

not included in the model, which may themselves also be evolving. For example, geography579

could influence overall body size, environment might mediate life history, and genetic or func-580

tional linkage with other traits could influence body size, life history, or the relationship between581

them.582

Despite this complexity, approaches to studying character evolution are often limited to mod-583

eling the influence of one or a few factors on a given trait. Additionally, methods for account-584

ing for the influence of other factors are rarely used unless the focal question involves correlated585

trait evolution or lineage diversification. For example, most researchers do not use SSE models586

to accommodate the relationship between lineage diversification and trait evolution unless they587

are explicitly interested in how the trait influences diversification. However, as Maddison (2006)588

pointed out, if a trait influences lineage diversification dynamics, ancestral state estimates will be589

incorrect without jointly estimating lineage diversification.590

When discussing process variation, it is helpful to distinguish between focal and nuisance de-591

pendencies. A focal dependence is of direct interest to the study in question; for example, the592

relationship between dysploidy and speciation is one of focal dependencies in the study of how593

karyotype changes generate macroevolutionary outcomes (e.g., Tribble et al., 2025). Alternatively,594

a nuisance dependency is a factor that influences the variable of interest but is itself not part of the595

primary scientific question. For example, the phasing of loci into distinct polyploid subgenomes596

may be a nuisance dependency when modeling the phylogenetic relationships of a clade (Freyman597

et al., 2023); even if a researcher is not explicitly interested in the subgenome identities of each se-598

quence used in phylogenetic inference, that phasing will nonetheless inform the inferred topology599
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and thus must be included in the model. This phenomenon is well established in the statistical600

framework of classic linear models, where nuisance dependencies may be included as indirect601

effects and focal dependencies are included as direct effects. Failure to include indirect effects in602

a linear model can lead to mistaken inference of the relationship(s) between the independent and603

dependent variables. Similarly, avoiding nuisance dependencies in phylogenetic analyses may604

lead to mistaken outcomes (Beaulieu et al., 2012).605

A major challenge to appropriately model these nuisance dependencies is that they are often606

unknown. To extend our linear modeling analogy, unknown sources of variation are captured in607

an error term, but there is no error term in most stochastic phylogenetic models. While jointly608

modeling multiple traits or traits and lineage diversification can account for the interdependency609

of those processes, it cannot account for the possible influence of other unknown factors.610

A popular solution to the problem of unknown nuisance dependencies is to include so-called611

hidden states (Beaulieu et al., 2013; Beaulieu and O’Meara, 2016). Hidden states are akin to error612

terms for phylogenetic models, metaphorical sponges that absorb additional process variation not613

captured by the explicitly modeled nuisance and focal dependencies. Hidden state models ac-614

commodate hidden process variation by expanding the state space of a standard Mk model. They615

include an additional trait(s) with its own states in addition to the focal trait. The evolutionary616

process of the focal trait depends in some way on the state of the hidden trait—perhaps the tran-617

sition rates are different for different hidden states. Take the example of a binary trait with states618

0, 1 with one transition rate between states (q):619

Q =

0 1

0

1

 − q

q −


In a hidden-state variant of this model, we include an additional hidden binary trait h with620

states A, B. The inclusion of the hidden state doubles the state space to 0A, 1A, 0B, 1B, where A, B621

represent the influence of the hidden trait on 0, 1. The resulting model includes a rate for 0 ←→ 1622

transitions when the hidden state is a (denoted qa), for when the hidden state is b (qb), and for623

a←→ b transitions (qh). Simultaneous transitions between 0←→ 1 and a←→ b are set to 0.624

Qh =

0A 1A 0B 1B

0A

1A

0B

1B


− qa qh 0

qa − 0 qh

qh 0 − qb

0 qh qb −


While introduced into the character evolution modeling world by Beaulieu et al. (2013), hid-625

den states were first developed for implementation in phylogenetics for molecular evolution (e.g.,626

the covarion model, Fitch and Markowitz 1970; Tuffley and Steel 1998). Since these initial devel-627

opments, variants of hidden-state models have been proposed as solutions to various problems628

in phylogenetic modeling, including spurious associations in SSE models (Beaulieu and O’Meara,629
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2016; Caetano et al., 2018) and correlated discrete character models (Boyko and Beaulieu, 2023), ac-630

commodating process variation while jointly modeling correlated evolution between discrete and631

continuous variables (Boyko et al., 2023b), detecting multiple modes of state-dependent chromo-632

some evolution (Tribble et al., 2025), and extending the covarion model to accommodate lineage-633

specific variation via Markov-modulated CTMCs (Baele et al., 2021). Similarly, the term “tip fog”634

has been introduced to describe the contribution of process variation and error (or uncertainty in635

tip estimates (Beaulieu and O’Meara, 2025); it refers to the “variance that is not modeled by the636

evolutionary process applied to the rest of the tree.” Tip fog is thus somewhat analogous to our637

definition of process variation, and we elaborate on tip-fog approaches below.638

Many hidden-state model implementations, such as the one described in the above Q matrix,639

use a single hidden discrete trait. However, the decision to model a single hidden discrete trait is640

somewhat arbitrary, or based on computational limitations, rather than coming from our interpre-641

tation of biological reality. Do we think that all the variation in evolutionary processes of trait evo-642

lution can be most appropriately modeled by a single discrete variable? One alternative approach643

is to vary the number of hidden traits and or hidden states in the model, as more traits/states could644

accommodate more complex patterns of process variation. For example, Beaulieu and O’Meara645

(2025) suggest including as many hidden states as unique observed character states in the data to646

address tip fog. However, the classic hidden-states model is only appropriate for discrete traits,647

and alternative solutions are necessary for continuous traits. For example, MuSSCRat (discussed648

above) jointly models the evolution of a discrete trait and a continuous trait, while also modeling649

hidden process variation (specifically, continuous rate heterogeneity) via a relaxed clock model650

(May and Moore, 2020). Alternatively, Beaulieu and O’Meara (2025) suggest incorporating a pa-651

rameter ζ (zeta) into the variance-covariance matrix of a Brownian motion model to accommodate652

additional variance from tip fog (a distinct approach from the discrete character solution described653

above, Beaulieu et al., 2012).654

Uyeda et al. (2018) pointed out that appropriately modeling process variation is critical for655

all comparative methods and is a key part of the solution to Maddison and Fitzjohn’s “unsolved656

challenge”: the impact of unreplicated events (evolutionary changes that occur singularly on the657

tree) on accurate inference (Maddison and FitzJohn, 2015). Uyeda et al. (2018) also argue that658

researchers must account for unreplicated events while assessing relationships between focal traits659

and processes or risk being misled by mistaken associations between variables. While Uyeda et al.660

(2018) describe this as part of “phylogenetic natural history” (where do major shifts in tempo and661

mode occur in the phylogeny?), the idea is largely congruent with our description of evolutionary662

process variation. One important lesson from Uyeda et al. (2018) is that some forms of process663

variation are more easily addressed than others. In particular, unreplicated events are challenging664

to account for using standard hidden-state approaches.665

More creative approaches to modeling hidden process variation are needed, especially meth-666

ods that focus on biological realism, capture the underlying complexity of character macroevolu-667

tion. For example, Uyeda et al. (2018) suggest Bayesian mixture modeling as an alternative method668

for modeling process variation. Computational limits—which have previously restricted the state669

space of models or the number of parameters that can reasonably be inferred—are continuously re-670

laxed as new hardware and better algorithms are developed. Large phylogenetic and phenotypic671

datasets are increasingly available to inform estimation under complex models, and we anticipate672

and encourage advances in modeling process variation given these datasets. In parallel, we rec-673

ognize that large phenotypic datasets are hard won, often requiring a wealth of natural history674

information to compile. Computational improvements will not replace careful morphological and675

anatomical examination of organisms as an integral part of understanding process variation and676

other complex evolutionary processes.677
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Joint inference in divergence-time estimation678

The canonical approach to inferring a macroevolutionary timescale—a phylogeny with branch679

lengths in units of time—is node-dating. In this approach a researcher, based on the age of a fossil680

and on their implicit understanding of the processes of character evolution and of the probability681

of fossil recovery, attaches a probability distribution (a calibration density) to the age of particular682

nodes in a tree. In conjunction with a tree model and a clock model, this age information can be683

propagated throughout the phylogeny, thus time-calibrating it. This approach is very similar to a684

two-step PCM in that the focal data (here, the age data of the fossil) are superimposed on a more-685

or-less pre-existing phylogeny: the fossil ages correct the branch lengths of the phylogeny rather686

than being incorporated with the character data to jointly infer the phylogeny and the timescale687

of evolution.688

In the last decade, so-called Bayesian total-evidence dating (TED, also known as tip dating689

or combined-evidence dating; Ronquist et al., 2012) has emerged as an alternative to the node-690

dating approach. In this framework, researchers estimate a time-calibrated phylogeny from a691

combined dataset of extant and extinct species, with the extinct species treated as tips and their692

phylogenetic position and branch lengths estimated from morphological character data. In turn,693

the fossil ages provide the temporal data necessary to disentangle rate and time. Early applications694

of TED used discrete morphological data (e.g., Ronquist et al., 2012; Arcila et al., 2015), but more695

recent studies have begun to also use continuous morphological traits (e.g., Álvarez-Carretero696

et al., 2019; González-Ramı́rez et al., 2025).697

TED approaches are generally discussed specifically in the the context of divergence-time es-698

timation, where they have several key advantages over node-dating. First, TED frees us from699

relying on a priori assignment of fossils to nodes in the extant subtree—the position of the fossils700

(including the full uncertainty in that position) is inferred from the data instead of being fixed in701

advance by the researcher. Second, and related, TED approaches allow us to infer the processes702

of morphological evolution and, when incorporating a fossilized-birth-death tree model (Heath703

et al., 2014), the process of fossilization, removing the need to specify a calibration density in ad-704

vance of the analysis. Third, TED analyses can incorporate a richer array of fossil data than can705

node-dating approaches, which are limited to including only the oldest fossil that is attributed to706

any particular node (Sauquet et al., 2012). However, these advantages come at a cost, as the TED707

model is complex, requiring the user to specify models of molecular evolution, morphological708

evolution, and tree evolution, and achieving MCMC convergence is often difficult (Warnock and709

Wright, 2020; May et al., 2021).710

Less commonly discussed is the fact that the joint-inference nature of TED additionally pro-711

vides for a series of inferences (beyond the divergence times themselves) that would not other-712

wise be possible, including those directly pertaining to character macroevolution. For example,713

by jointly inferring the placement of the fossils alongside the timescale of evolution and the pro-714

cess of morphological change, there is an opportunity to infer that particular character states are715

plesiomorphic instead of synapomorphic. A good illustration of this outcome comes from a study716

of marattialean ferns (May et al., 2021) where a series of fossils long treated as members of the717

extant genus Marattia were included in a TED analysis. However, instead of being resolved in718

crown Marattiales with Marattia, the TED joint inference strongly preferred a placement of these719

fossils deep along the Marattiales stem branch. In conjunction with the different topological in-720

ference, the TED analysis resulted in different conclusions of character evolution: Marattia and721

several other extant genera exhibit a conserved suite of ancestral character states and the extant722

lineages Danaea and Christensenia—the more phylogenetically isolated (Danaea) and depauperate723

(Christensenia) marattialean genera—are characterized primarily by apomorphies, rather than the724
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other way around. To rephrase this conclusion slightly, a fixed tree may bias the estimates of725

morphological model parameters if the phylogenetic positions of fossils are incorrect; jointly es-726

timating the tree not only allows more accurate placement of fossils, but may also provide more727

reliable and realistic estimates of topology and of how the traits themselves have evolved (see also728

Lee et al., 2009; González-Ramı́rez et al., 2025). Moreover, the novel macroevolutionary inferences729

enabled by the TED joint inference extend beyond phylogenetic relationships and patterns of char-730

acter evolution. For example, TED analyses can estimate patterns of species richness over deep731

geological time (the marattialean ferns are estimated to have had a peak species richness of≈2500732

species, at the end of the Carboniferous—this diversity declined precipitously with the onset of733

global drying in the Permian to the present extant diversity of ≈100 species; May et al., 2021).734

Indeed, TED analyses represent the current pinnacle of joint phylogenetic and macroevolution-735

ary inference: by jointly estimating the phylogeny and the model of trait evolution, these anal-736

yses naturally accommodate phylogenetic uncertainty about fossil placement, topology, branch737

lengths, and all other relevant model parameters. Despite the apparent advantages of TED for738

joint evolutionary inference, the communication between the subfields of divergence-time estima-739

tion and phylogenetic comparative methods remains limited. TED analyses still tend to rely on740

models that could be viewed as overly simplistic or uninteresting by the PCM community (e.g.,741

simple Mk1 models of morphological change; Lewis, 2001), while most PCM analyses fail to co-742

estimate the phylogeny jointly with the focal patterns of character evolution. To some degree, this743

lack of communication may be due to the framing of TED as being specifically a method for es-744

timating divergence times incorporating fossils, whereas most phylogenetic comparative studies745

involve only extant species. However, there is nothing inherent to the total-evidence framework746

that requires the use of fossils: practitioners may still jointly estimate the phylogeny and models of747

morphological evolution for datasets of extant taxa. Additionally, the value of fossils in studies of748

trait evolution has long been recognized (e.g., Cobbett et al., 2007; Mongiardino Koch and Parry,749

2020; Mongiardino Koch et al., 2021; Hand et al., 2023), and TED (with a fossilized-birth-death750

tree model) offers a coherent way to include fossils when they might be helpful. As more flexible751

computational frameworks for joint phylogenetic analysis continue to emerge and mature (e.g.,752

RevBayes, BEAST; Höhna et al., 2016; Bouckaert et al., 2019), we foresee great opportunity for the753

merging of complex models of morphological evolution and phylogenetic inference in one com-754

mon framework, including using complex state-dependent diversification models as tree priors.755

Joint inference of phylogeny and ancestral character states756

Inference of ancestral states, whether they be of morphological characters or nucleotides/amino757

acids (ancestral-sequence inference), is still often undertaken in a two-step PCM framework,758

where first a phylogeny is inferred and subsequently that phylogeny is used to estimate the pat-759

terns of evolution of the specific characters of choice. This two-step approach runs afoul of the760

issues described earlier (see “Joint inference and the Bayesian paradigm” section): given that this761

two-step approach assumes that the focal characters evolved on the phylogeny, information in762

those characters should be allowed to influence the topology through joint inference. However,763

ancestral-state estimation additionally presents some specific challenges. While early PCM re-764

searchers treated ancestral states as parameters, which could thus be subject to hypothesis-testing765

via likelihood ratio tests (e.g., Pagel, 1999b) this treatment is incorrect (e.g., see Yang et al., 1995).766

Ancestral states are not parameters—settings of the evolutionary model that produced our data—767

rather they are data themselves (random variables produced by the model): if we were to travel768

back in time we could even determine what those states were! Unfortunately, we cannot know769

those states and must treat them as unobserved (just as we might treat character data as missing770

24



Joint phylogenetic comparative methods

for an extant sample that we were not able to score).771

Given that a likelihood-ratio-based approach is inappropriate, our best option is to use the772

rules of probability to estimate ancestral states, recognizing them as random variables drawn from773

a conditional distribution (conditional on the tree, observed data, and model parameters; Yang774

et al., 1995; Koshi and Goldstein, 1996). In this framing, we can derive the distributions of states775

across nodes (“joint” ancestral states), as well as for individual nodes (“marginal” ancestral states)776

exactly. Abstractly, the distribution of tip and node states can be represented as:777

P(Xtips, Xnodes | T, θ),

where T is the tree, θ are the parameters of the assumed evolutionary model, and Xnodes are the778

states at some pre-defined set of one or more internal nodes. The rules of conditional probability779

can then be used to write down the distribution of node states given the tip states:780

P(Xnodes | Xtips, T, θ) =
P(Xtips, Xnodes | T, θ)

P(Xtips | T, θ)
.

Note that P(Xtips | T, θ) is simply the probability of the observed data under the model (i.e., the781

likelihood). This equation describes the probability that one or more internal nodes have the set782

of states Xnodes. For a single node, this equation describes the marginal ancestral state distribu-783

tion, whereas for multiple nodes it describes the joint ancestral state distribution. We use the term784

marginal in this case because we are marginalizing over states at all other nodes, whereas we use785

joint because we are looking at the distribution of more than one node. (Note that this use of786

“joint” differs from the way we have used this term elsewhere, as we are referring to the proba-787

bility of states at two or more nodes under one model, rather than jointly modeling multiple traits788

and/or the tree.) While fast algorithms exist for computing the joint probability (e.g., Pupko et al.,789

2000), they are generally more computationally expensive and less intuitive than the marginal ap-790

proach (described below); it is harder to visualize the joint estimate and its associated uncertainty791

on a tree.792

In contrast to joint ancestral states, marginal ancestral-state estimates are relatively easy to793

compute, visualize, and interpret. There are various algorithms for computing marginal ances-794

tral state probabilities (all based on Felsenstein’s pruning algorithm), with notable examples that795

involve only considering data downstream of the node (Paradis and Schliep, 2019), rerooting the796

tree at the node (theoretically correct for time-reversible models; Yang, 2014), or directly evaluat-797

ing the full marginal probability analytically (using so-called sandwich algorithms, e.g., Minin and798

Suchard, 2008). For any given node, the state that has the highest marginal probability is typically799

considered the best point estimate of the ancestral state at that node (Yang, 2014; Revell, 2025), but800

it is also common to represent the whole distribution as a pie chart (with slices proportional to801

the state probability) on a phylogenetic tree. We note that it is common practice to reconstruct the802

marginal ancestral state at each internal node, then plot all of those marginal estimates on one tree803

(either as point estimates or pie charts), an approach we deem “full-tree marginal reconstruction”.804

While this is generally a very useful way to visualize ancestral states, such plots should be inter-805

preted with caution when it comes to making statements about states at multiple nodes because806

that joint information has been removed by the marginal reconstruction.807

The logic of ancestral-state estimation can be extended to the entire evolutionary history of the808

trait along the tree, which is referred to as stochastic character mapping (Huelsenbeck et al., 2003).809

Rather than focusing on the distribution of states at internal nodes, Xnodes, here we focus on the810

distribution of the entire history of states (over all nodes and branches), H. The distribution of the811
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history H conditional on the observed data and model is:812

P(H | Xtips, T, θ) =
P(H, Xtips | T, θ)

P(Xtips | T, θ)
.

This distribution is generally analytically intractable. However, many algorithms have been de-813

veloped to generate samples from this distribution (Nielsen, 2002; Huelsenbeck et al., 2003; Minin814

and Suchard, 2008; Hobolth, 2008; Irvahn and Minin, 2014), including for state-dependent birth-815

death models (Freyman and Höhna, 2019) and continuous-trait models (Martin and Weber, 2024).816

An individual sample of H is referred to as a stochastic character map (Fig. 2). Importantly, the817

sample of histories H can be used to estimate ancestral states at nodes; these estimates are, in818

principle, equivalent to the results from standard ancestral-state algorithms (Revell, 2025).819

So far we have focused on ancestral-state estimation under a fixed model (with, for example,820

maximum-likelihood parameter estimates) on a pre-estimated tree. In reality there is often sig-821

nificant uncertainty about both the model parameter values and the tree. A partial solution to822

this problem is to use Bayesian inference to jointly sample parameters values and ancestral states823

(Huelsenbeck and Bollback, 2001); nonetheless, many Bayesian approaches are still two-step, as824

character evolution is studied on a known tree. One common approach to mitigate the risk as-825

sociated with conditioning on a single tree is to take into account tree uncertainty by fitting the826

character-evolution model by maximum likelihood to each tree in a distribution of trees (a re-827

flection of our uncertainty about the tree), and averaging the result and/or reporting confidence828

intervals. Alternatively, in a Bayesian framework, one can use a posterior distribution of trees829

(e.g., previously inferred from molecular data) as a prior distribution of trees for our model of830

character evolution (a Bayesian sequential approach) or coestimate the tree and ancestral states in831

a fully Bayesian joint analysis. While there are some difficulties in summarizing the states over832

the posterior distribution of trees (for example, some nodes do not appear in all trees; Pagel et al.,833

2004), Bayesian approaches (either sequential or joint) fully accommodates uncertainty in the tree,834

model parameters, and ancestral states, and properly allows the character data to update our be-835

lief about different trees. Such analyses are possible in many standard Bayesian implementations836

of ancestral state estimation, e.g., BayesTraits (Pagel and Meade, 2006), BEAST (Bouckaert et al.,837

2019), and RevBayes (Höhna et al., 2016).838

Joint inference of alignment and phylogeny839

One particularly foundational area where joint inference can be applied is in the inference of align-840

ments. The vast majority of phylogenetic studies take a two-step approach by applying a piece841

of progressive alignment software to their sequences (reviewed in Löytynoja and Goldman, 2005;842

Katoh et al., 2009; Kemena and Notredame, 2009; Chatzou et al., 2016) and subsequently treating843

those alignments as if they were data. But those alignments are not data—they are inferences, es-844

timates of homology—and as with all estimates, they have associated uncertainties (Sankoff et al.,845

1973). In addition to the failure to account for alignment uncertainty, which can compromise846

downstream phylogenetic inferences (e.g., Vialle et al., 2018), this two-step approach has several847

major weaknesses. First, the alignment evolved on the phylogeny (substitutions and insertion and848

deletion events happened along the branches of the phylogeny) and, as we repeatedly emphasize849

in this review, that calls for joint estimation: the phylogeny contains information about the align-850

ment and vice-versa and so the two data sources need to be able to influence each other. Second,851

and more practically, phylogenetic inference with multiple sequence alignments generated by pro-852

gressive alignment can be biased (towards the guide tree; Thorne and Kishino, 1992). Third, the853

26



Joint phylogenetic comparative methods

GAG

a:GAG

b:TA-

c:TG-

TAG

TAGG

a: GAG

   GAG-

c: TG

   T-G-  

b: TA

   TA--

TGG

TAG

TG

TA

GAG

A

a:GAG-

b:TA--

c:T-G-

a: GAG

   -GAG

c: TG

   T--G

b: TA

   TA--

TAG AG AAG

TG

TA

B

a:-GAG

b:TA--

c:T--G

TGGG

TAG

a: GAG

   -GAG

c: TG

   T--G

b: TA

   TA--

TGG

TGAG

TG

GAG

TA

C

a:-GAG

b:TA--

c:T--G

D

TGG

Figure 7: Sequences simulated with a joint model of insertion-deletion and nucleotide substitution.
A–C) Three randomly selected simulations of representative nucleotide sequences under an indel and sub-
stitution model, conditioned on the root sequence (TAG) and observed tip sequences (TA, TG, GAG, in no
particular order) on different phylogenies. Tip sequences are shown unaligned (top) and aligned (bottom)
given the history of sequence evolution. Tree topologies indicate events mapped along branches with tick
marks: Blue ticks corresponds to deletions, orange to insertions, and green to substitutions. Colored align-
ment positions represent the event with respect to the ancestral sequence. A progressive aligner (e.g., mafft)
would likely infer a different alignment (a: GAG, b: TA-, and c: TG-) than the indel model because the indel
model coestimates the alignment with the tree.

score-based approach generally underlying alignment algorithms is not informed by evolution-854

ary relationships—indels are repeatably penalized when it is more appropriate to penalize them855

once, at their apomorphic origin (Löytynoja and Goldman, 2005). Finally, progressive alignment856

does not mechanistically model the processes that generated the data—it is not possible to derive857

inferences about, e.g., insertion rates or other aspects of the process that generated the alignment858

(Wong et al., 2008).859

However, joint estimation of the alignment and phylogeny is possible thanks to the develop-860

ment of models of insertion and deletion (indel models, reviewed in Redelings et al., 2024). These861

indel models aim to describe the molecular processes that can produce variation in the length862

of homologous loci; they generally include parameters for insertion rate, deletion rate, length863

distribution of indels, and total alignment length (see Fig. 7 for how this approach works in a sim-864

ulation; Thorne et al., 1991; Holmes and Bruno, 2001; Miklós et al., 2004; Redelings and Suchard,865

2005). The joint estimation of alignment and phylogeny allows users to account for alignment866

uncertainty and thus to avoid conditioning their phylogenetic inferences on a single homology867

estimate (a single alignment; e.g., Gaya et al., 2011; Westesson et al., 2012), to produce more ac-868

curate point estimates of alignment and/or phylogeny (including producing point estimates of869

the alignment for other downstream applications in situations where two-step tree inference is870

unreliable, e.g., Rothfels and Schuettpelz, 2014), and provides mechanistic inferences relating to871

the indel process, thus allowing, for example, for the inference of ancestral gaps in DNA sequence872

data (Sharma, 2025, see ancestral state estimation section, above).873
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Conclusion874

In this review, we argue for a paradigm shift away from studying character evolution via a classi-875

cal two-step phylogenetic comparative methods approach where the focal character(s) of interest876

are analyzed on a fixed pre-estimated phylogeny, and towards a joint-inference paradigm, where877

all data are incorporated to jointly infer details of the generating process; this approach integrates878

the historically separate subfields of phylogenetic inference and phylogenetic comparative meth-879

ods. Specifically, we argue that joint inference is generally more conceptually sound and accurate880

than the canonical two-step approach, and that it opens up entirely new types of analyses that are881

not possible under the two-step PCM paradigm. Related to our arguments for joint inference is882

our broader argument in favor of an increased focus on inference (estimation) in general, versus883

more formal hypothesis-testing related approaches; we believe this shift has conceptual and prac-884

tical advantages (e.g., by focusing more on parameter estimation than model comparison we can885

mitigate some of the issues raised by Maddison and FitzJohn (2015)).886

It is important to acknowledge, however, that this joint-inference paradigm is not the be-all887

and end-all. There are many situations in which parameters of interest may be non-identifiable888

(e.g., Dos Reis and Yang, 2013; Louca and Pennell, 2020a; May et al., 2021) and the structure of our889

models may preclude particular inferences (e.g., May and Rothfels, 2023). Perhaps most relevantly,890

there are many evolutionary processes that are difficult to model accurately (e.g., ancestral tran-891

scriptome reconstruction and biogeography, among others; Mika et al., 2022; Mantica et al., 2024;892

Thompson et al., 2024; Swiston and Landis, 2025) and questions that are effectively inaccessible893

given the data at hand (Quental and Marshall, 2010, see discussion in Losos (2011)). Moreover,894

from a practical perspective, there are relatively few pre-packaged joint models available (but see895

available methods listed in Table 1), and developing a bespoke model for a particular applica-896

tion is beyond the reach of most systematic biologists. Fortunately, in many cases we can expect897

any inaccuracies introduced by adopting a two-step PCM approach to be minimal: given the size898

of the sequence datasets typically applied to tree inference, the exclusion of a small set of focal899

characters from that inference will mostly likely have a negligible impact.900

However, we anticipate that the barriers introduced by these practical issues to decline with901

time, and that the trends that have allowed for joint inference—trends in the conceptualization of902

phylogenetics and increases in computation power, data availability, and model complexity—will903

continue. Already, platforms like RevBayes (Höhna et al., 2016) and BEAST (Bouckaert et al., 2019)904

provide relatively easy access to a wide variety of flexible joint-inference models, and emerging905

platforms like TreePPL (a universal probabilistic programming language, or PPL; Senderov et al.,906

2024) promise to increase the available range of joint phylogenetic models even further. As access907

to these methods expands, joint inference will enable explorations of increasingly complex ques-908

tion involving the interconnections among diversification dynamics, character evolution, molec-909

ular evolution, and more. For example, a joint model of phylogeny, nucleotide sequences, and910

morphological characters could infer correlated evolution between morphology, genes, and speci-911

ation rates. Joint inference positions statistical systematics as a unified framework for integrating912

diverse organismal data and building a more complete understanding of complex macroevolu-913

tionary processes.914

Data Availability915

The code for figures in the manuscript are available at https://github.com/Jesusthebotanist/916
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