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Abstract.—10

When reconstructing phylogenetic character histories, biologists aim to identify distinct11

evolutionary trajectories, or paths of character state evolution. However, biologists typically wish12

to summarize the information representing large numbers of potential character histories for a13

single phylogeny. For discrete characters, few approaches exist for summarizing the number of14

unique evolutionary trajectories beyond the frequency of specific events (i.e., state transition types)15

or the time lineages spend in each state. Here, we introduce a framework for summarizing the16

evolutionary trajectories of discrete character histories by compressing them into trajectory trees,17

where branches represent unique character-evolution pathways rather than lineages. This18

framework includes a novel compressed tree representation, called a scenario tree, that retains19

temporal information, ensuring that each root-to-tip path represents a unique, temporally explicit20

evolutionary trajectory. We describe and apply several approaches to summarize phylogenetic trees21

into transition trees. We include visual summaries – such as consensus trajectory trees, trajectory22

tree tanglegrams, and“trajectory-through-time plots” – to compare how unique evolutionary23

trajectories accumulate across lineages and state transitions. We also include quantitative24

summaries, such as the time spent in unique evolutionary trajectories and the number of25

transitions that follow unique character-state transitions. We use our new trajectory-wise26

summaries to evaluate the adequacy of commonly used continuous-time Markov models of27

character evolution, which are memoryless and consider only the rates between pairs of states. We28

conducted multiple simulation-based experiments demonstrating the utility of our novel29

trajectory-wise approaches. We also apply our new trajectory-wise approaches to Greater30

Antillean Anolis lizard biogeography and ecomorph evolution, and find that Anoles evolved along31

considerably more unique evolutionary trajectories than expected under simulations of our32

best-fitting character evolution model. The number of unique evolutionary paths accumulated in an33

“early burst” pattern relative to simulated trajectories, with this burst being more intense than34

expected across all character state transition events.35

(Keywords: phylogenetic model, biome shift, niche evolution, Bayesian inference, Viburnum)36
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Introduction37

Biologists commonly seek historical explanations for the origin and disparification of key38

characters of evolutionary significance. Common examples include a lineage that attained a key39

innovation (Donoghue 2005; Hunter 1998; Erwin 2015; Miller and Stroud 2021), a pathogen40

lineage acquiring novel amino acid substitutions to become more virulent (May and Rannala41

2024), or a somatic cell lineage gaining driver mutations to become cancerous (Vendramin et al.42

2021; Mitchell et al. 2022). To explain these historical scenarios, biologists often test hypothesized43

narratives of character evolution by comparing phylogenetic models and interpreting patterns of44

reconstructed ancestral states (Greene 2017).45

When reconstructing ancestral character state histories, biologists often wish to identify46

distinct evolutionary trajectories, which we define as paths of character state evolution with47

unique sequences and/or timings of state changes. For instance, a biologist studying a clade of48

lizards may be interested in summarizing how different lineages became specialized to a particular49

microhabitat, such as arboreality, and gained specialized adaptive traits, such as toepads (Miller50

and Stroud 2021; Gamble et al. 2012) or claws (Yuan et al. 2019; Crandell et al. 2014; Baeckens51

et al. 2020) for climbing. The exact sequences and timings of transitions into and out of these52

states may be the same or vary across the phylogeny. Shared ancestry and trait conservatism may53

result in phylogenetic patterns where an ancestral lineage occupies a certain microhabitat, gains54

an adaptation to that habitat, and then diversifies into many species, with no further changes to55

either trait; these species would all share one evolutionary trajectory. A cartoon of an analogous56

character evolution pattern for three states (“green”, “orange”, and “blue”) is shown in Figure57

1a-b. While in the first character history (row 1) every species has a distinct root-tip character58

history, the other two histories (rows 2 and 3) show instances where multiple species (row 2: spp.59

1 and 3; row 3: spp. 2 and 3) share a conserved evolutionary trajectory from a common ancestor.60

The timing and/or the sequence of events can cause trajectories to vary among lineages.61

For example, some may only transition into a given microhabitat only after gaining geographical62

access to it, while others may need to acquire an adaptation, such as toepads, beforehand.63

Although both species evolutionarily arrived to the same microhabitat with the same adaptations,64
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their trajectories could differ in terms of transition sequence (Figure 1b). Yet other species could65

also follow the same transition sequence, leading to the same microhabitat, but with different66

timings. One species may shift early in its trajectory, while the other species shifts much later.67

These trajectories would differ only due to differences in the timing of transitions (Figure 1b-e,68

rows 2 and 3). Across a large phylogeny, such as one including all lizards, many diverse69

trajectories with variable transition sequences and timings may result in species occupying similar70

habitats.71

Identifying patterns among trajectories is critical to answering important biological72

questions, including: Which evolutionary events or event sequences tend to result in the greatest73

evolutionary “success” in terms of either species diversification or trait disparification (Hunter74

1998; Donoghue 2005; Hautmann 2020)? Do trajectories diverge before or after major historical75

events such as climatic or geographic shifts (Berv et al. 2024)? How prevalent are convergent or76

parallel trajectories (Esquerré and Scott Keogh 2016; Monnet et al. 2011; Bonett et al. 2022)?77

While substantial progress has been made in developing biologically realistic phylogenetic78

models for reconstructing discrete character histories (Tarasov et al. 2019; Beaulieu and O’Meara79

2016; Boyko and Beaulieu 2023), generating the evolutionary trajectories that represent these80

histories remains challenging. Existing summaries of discrete character histories—particularly81

those derived from stochastic character mapping (Huelsenbeck et al. 2003)—tend to reduce82

complex evolutionary histories to event-wise or state-wise statistics, such as state transition and83

state-time frequencies (Farris 1989; Archie and Felsenstein 1993; Lemey et al. 2012; Rodrigue84

et al. 2008; Laurin-Lemay and Rodrigue 2025). While informative in many ways, and often still85

underutilized (Lemey et al. 2012; Laurin-Lemay and Rodrigue 2025), they are summaries that do86

not fully capture the diversity of evolutionary trajectories. Identical numbers of transitions can87

arise from histories composed of many redundant trajectories (Griffing et al. 2022) or from88

histories that traverse diverse and distinct sequences of character change (Williams et al. 2013;89

Hagman and Ord 2016; Twomey et al. 2023). Depending on the structure of the transition rates90

throughout the phylogeny, the degree of lineage differentiation can vary considerably. When state91

transitions occur in one of many lineages following a conserved history, those lineages become92

differentiated with one possessing a now “derived” state relative to the “ancestral state”93
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Figure 1: Cartoon of the relationship between phylogenetic character histories, evolutionary tra-
jectories, and summary statistics for a system with five species (1-5), three character states (green,
blue, and orange), across three separate evolutionary histories (one per row). Each history has
six panels. A) The phylogenetic character history. B) The unique root-tip character history sce-
narios across species (shown in units of time), with dotted lines showing which species correspond
to which scenarios. C) The phylogenetic character history compressed to a scenario tree, with
each tip representing a unique scenario, with branching occurring when two lineages diverge in
character history. D) The unique character history transition sequences (in units of number of
character state transitions). E) The phylogenetic history compressed into a transition tree, with
each tip representing a unique state transition sequence. F) The number of state transitions of each
type, including: total number of state transitions, the number of lineage-differentiating transitions
(i.e., transitions that result in scenario tree splitting), and path unique transitions (i.e., transitions
resulting in transition tree branching). The first history shows an instance in which each species
follows a separate scenario and transition sequence. The other two histories (second and third
rows) show instances in which more than one species evolves under the same scenario (A and C in
the second row, and B and C in the third row). Importantly, while the timing of state transitions
differs across histories two and three, the two histories follow the same transition tree.
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(Hoyal Cuthill 2015). Such lineage differentiation does not occur when transitions accumulate on94

single long branches. Additionally, the shared history (or “tree”) of evolutionary trajectories and95

its corresponding phylogeny can closely match or differ in topology, depending on how closely96

lineage divergence and subsequent state divergence in daughter lineages match. Identifying these97

important patterns requires an explicit, trajectory-level view of character evolution that preserves98

the sequence, timing, and phylogenetic context of discrete state transitions.99

Identifying important trajectory-wise patterns becomes challenging as the phylogeny size100

and the number of tip states increase. Biologists frequently summarize the evolutionary histories101

of many important discrete characters over large clades of hundreds to thousands of taxa102

(Sauquet et al. 2017; Blaimer et al. 2023). Such important characters are often correlated with103

suites of other traits, including life history, ecological mode, habitat affinity, diet, and large sets of104

underlying genetic changes. Few quantitative approaches can summarize such large character105

histories beyond the state-wise and transition-wise statistics discussed earlier. One of the few106

approaches developed to summarize such high-dimensional discrete state spaces encodes107

character-state paths as trajectories on a hypercube (Williams et al. 2013; Greenbury et al. 2020;108

Aga et al. 2024). While hypercube approaches can effectively summarize many details about109

evolutionary trajectories, they require a known starting root state and a maximally derived110

terminal state (e.g. a set of binary alleles with the start being all “wild type” and the terminals111

being all “mutant”), they only consider the state transition sequence, but not the timings of the112

transitions within the sequence, and they present trajectories as networks where separate113

trajectories that arrive on the same state in the same sequence step merge to the same node.114

In practice, biologists often identify evolutionary trajectories by constructing a tree-like115

representation of possible character state transitions, which we refer to as a trajectory tree. The116

history of such character-specific trees is extensive. It predates many phylogenetic comparative117

methods (Zimmermann 1934), originating in the organization of taxa into major groups based on118

the relationships between homologous structures (Mickevich and Weller 1990; Zimmermann 1952;119

Donoghue and Kadereit 1992), such that the character trajectories informed the phylogenetic120

relationships among taxa. Current approaches follow a reverse pattern of inferring character121

trajectories from ancestral state reconstructions mapped onto previously inferred phylogenies122
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(Pagel 1999). Condensing character evolution into tree-like patterns typically involves123

“compressing” (Ishikawa et al. 2019) ancestral state reconstructions on phylogenies, in which tips124

represent unique character-state sequences and branches represent conserved segments of those125

sequences (Chevenet et al. 2013, 2019; Ishikawa et al. 2019; Chevenet et al. 2024). Transition126

trees provide a particularly concise representation of the diversity and shared ancestry underlying127

the evolutionary trajectories implied by a character map. This compression, however, entails a128

loss of temporal information. Transition tree branches are typically scaled by the number of129

transitions rather than evolutionary time, obscuring when transitions occurred and how often130

similar trajectories arose independently (Chevenet et al. 2013). As a result, lineages that share131

the same sequence of states but differ in timing may be collapsed into a single trajectory, limiting132

the ability to distinguish how many steps of a transition sequence are conserved or convergent133

amongst lineages. For example, in Figure 1, the bottom character history shows many species134

following a “green”-“blue”-“orange” transition sequence. From the transition tree, it is clear that135

three species followed this transition sequence (Figure 1E), but two species (2,3) share the same136

trajectory from the same common ancestor, while a separate species (4) independently137

transitioned from “green”-“blue”-“orange”. Moreover, transition trees are most often reported as138

single summary objects derived from maximum-likelihood ancestral state reconstructions at139

nodes. Still, they are rarely summarized as numerical quantities, as is necessary for extracting140

information from distributions of stochastic character maps.141

There is a need for additional trajectory-level representations that preserve both the142

sequence and timing of character change, and for quantitative summaries of categorical143

trajectories that can be quantified across distributions of inferred histories. Quantitative144

summaries are especially useful as they can be integrated into many of our existing approaches for145

evaluating model adequacy and hypothesis testing (Schwery et al. 2023; Laurin-Lemay and146

Rodrigue 2025). Most phylogenetic models of character evolution are memoryless and only147

consider rates of character evolution given the current state a species possesses, rather than the148

order by which a species previously acquired states leading to its current state (Pagel 1999; Lewis149

2001; Goldberg and Foo 2020). Given this memoryless property, an important question when150

applying character evolution models is whether the patterns in evolutionary trajectories inferred151
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from our ancestral state reconstructions fall within the expected ranges predicted by our best-fit152

models.153

Here, we present a framework for trajectory-wise summaries of discrete character histories154

that builds upon previous approaches. Our framework includes descriptions of the types of155

trajectories we can identify from discrete character maps and the subsequent tree structures we156

use to represent the trajectories that describe a clade’s evolutionary history. We introduce a new157

compressed tree representation, called a scenario tree, which retains temporal information about158

character histories. When compressing a phylogeny into a scenario tree, lineages are merged only159

when they share the same transition sequence and remain temporally synchronized, so that each160

root-to-tip path represents a unique, temporally explicit evolutionary trajectory. Using trajectory161

trees, including both scenario and transition trees, we develop additional visual summaries162

inspired by widely accepted approaches for summarizing patterns of lineage evolution. We also163

accompany our new visual summaries of trajectory trees with new statistical tests. We use164

quantitative information extracted from trajectory trees to evaluate whether simple phylogenetic165

models of character evolution can adequately describe patterns of unique trajectory-wise166

character evolution. We conducted multiple simulation-based experiments demonstrating the167

utility of our novel trajectory-wise approaches.168

Finally, we applied our trajectory-wise approaches to summarize the evolutionary history169

of Caribbean Anolis lizard biogeography and ecomorph evolution. Anolis has successfully170

colonized many islands in the Greater Antilles, and radiated to occupy many microhabitats171

among these regions, far more so than one would expect for a clade of this size (Losos 2011;172

Stroud and Losos 2020; Muñoz et al. 2023). While biologists have studied the extent of173

geographic and niche space that Anolis lizards occupy, most studies of Anolis evolutionary174

trajectories have focused on quantitative morphological characters (Losos 1992; Huie et al. 2021;175

Losos et al. 2006; Losos 1990). Here, using stochastic character maps and our new methods to176

represent evolutionary trajectories, we describe the amount of unique categorical evolution in177

ecomorph evolution, historical biogeography, and their joint history. Specifically, we aim to (1)178

identify the dominant scenarios and transition sequences that Greater Antillean Anolis lineage179

may have followed; (2) characterize the degree of congruence between evolutionary trajectories180
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and lineage diversification; (3) test whether the accumulation of evolutionary trajectories falls181

within expected ranges predicted by a simple inference model.182

Methods183

Formalizing Evolutionary Trajectories184

We use the term evolutionary trajectory to refer to a root–to–tip sequence of discrete185

character states traced along a phylogeny (Table 1). A trajectory describes a series of character186

state transition events that one or more species may have followed, which can be represented at187

different levels of resolution. At the highest resolution, a trajectory is a scenario that specifies the188

number, order, and timing of all character-state transitions along a lineage (Fig.1B-C). At a lower189

resolution, a trajectory may be represented only by its transition sequence, which preserves the190

order of state transitions, but discards their exact timing (Fig.1D-E).191

Trajectories summarize information in phylogenetic character histories, which report state192

information along branches and at nodes of the phylogeny, as can be obtained from stochastic193

character mapping (Huelsenbeck et al. 2003; Bollback 2006). Node-wise state estimates from194

parsimony- and likelihood-based ancestral state reconstructions can also be used to define195

trajectories, provided that the states at nodes can be extrapolated as transitions along branches196

between nodes. Many existing transition-tree methods are based on node-wise reconstructions of197

this form (Ishikawa et al. 2019; Chevenet et al. 2024).198

A trajectory tree is a tree-like representation whose tips correspond to distinct199

evolutionary trajectories and whose internal structure summarizes how those trajectories diverge.200

Trajectory trees do not introduce information beyond what is present in the underlying201

phylogenetic character history; rather, they reorganize that information to make patterns of202

character evolution more explicit and easier to summarize. When trajectories are defined as fully203

time-resolved scenarios, the resulting structure is a scenario tree, denoted Ψs (Fig.1C). When204

trajectories are defined only by their transition sequences, the resulting structure is a transition205

tree, denoted Ψt (Fig.1E).206
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Table 1: Definitions of key concepts and summary statistics used in this manuscript.

Term Definition

Concepts and Structures

Phylogenetic Character History A mapping of character states along the nodes and
branches of a phylogenetic tree. In this study, all phy-
logenetic character histories are derived from stochastic
character mapping, but typical node-wise ancestral state
reconstructions can also be used for our trajectory-wise ap-
proaches by extrapolating node states to tree edges.

Evolutionary Trajectory The evolving character history for a single taxon, typically
measured from the root of the phylogeny to the tip.

Transition Sequence An evolutionary trajectory that only records the ordered
series of character state transitions. Length is measured as
the number of transitions.

Scenario An evolutionary trajectory that records both the sequence
and timing of character state transitions. Length is mea-
sured in phylogenetic branch length (time units).

Trajectory Tree A tree of unique evolutionary trajectories. Branching re-
flects divergence in character histories rather than clado-
genesis. Constructed by compressing a phylogenetic char-
acter history, collapsing branches that follow identical tra-
jectories.

Transition Tree A trajectory tree representing unique transition sequences,
with branch lengths measured in numbers of state transi-
tions.

Scenario Tree A trajectory tree representing unique scenarios, with
branch lengths measured in the same units as the phy-
logeny (time).

Summary Statistics

State Transition The total number of character state transitions present in
a single phylogenetic character history.

Lineage-Differentiating Transitions The number of transitions where the phylogenetic lineages
sharing an identical trajectory diverge due to one or more
transitions to a different state. These events generate
branching in the scenario tree.

Path-Unique Transitions The number of transitions that follow a novel transition se-
quence. Equivalent to the total branch length of the tran-
sition tree, excluding the root branch.

Unique Transition Sequences The number of distinct transition sequences in a phyloge-
netic character history. Equivalent to the number of termi-
nal tips in the transition tree.

Scenario Tree Length The total evolutionary time spent in unique scenarios.
Equivalent to the total branch length of the scenario tree.
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Together, scenario trees and transition trees provide complementary compressed207

representations of phylogenetic character histories. Scenario trees preserve temporal information208

but remove explicit lineage diversification, representing diversification of scenarios rather than209

species. Transition trees apply a further level of compression, discarding temporal information to210

emphasize patterns in transition sequences alone.211

Scenario trees and transition trees also differ in several respects relevant to interpretation.212

Scenario-tree branches are measured in units of absolute or relative time, whereas transition-tree213

branches are measured in numbers of transitions. Only scenario trees preserve the timing of214

divergence between trajectories: lineages only separate into distinct scenarios once they differ in215

character state at a particular time. As a result, multiple phylogenetic lineages may remain216

within a single scenario following speciation events if they retain the same state, whereas a lineage217

undergoing a state transition separates into a new scenario at the moment of that transition.218

Branching in a scenario tree, therefore, reflects divergence in character history rather than taxon219

origination, and in most cases is analogous to a budding process in state space.220

Both scenario trees and transition trees may store additional information along branches221

beyond the current trajectory state. In our framework, each branch carries a size, recording the222

number of lineages or scenarios that contribute to it. In scenario trees, size reflects the number of223

phylogenetic lineages that accumulate within a specific scenario through time, and branches are224

labeled as root, stay, or leave depending on whether they originate at the root, retain the parent225

branch state, or represent divergence into a new state. In transition trees, size records how many226

phylogenetic lineages or scenarios contribute to a given transition sequence.227

Trajectory Tree Construction228

Compressing a phylogenetic character history into a trajectory tree requires merging229

phylogenetic lineages that occupy the same discrete character state along a specific230

character-state transition sequence (character state transition sequence) or scenario (character231

state transition timings and sequence). In our approach, each phylogenetic character history (Fig.232

S1A) is represented by the matrix X, where row i is species i’s root-to-tip scenario and column t233

contains the states for each species a time τt. Times (since the present) are represented by the234
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ordered vector, (τ0, τ1, . . . , τTmax), such that τt > τt+1 for all time-indexes t. The times in τ235

correspond to every speciation event and every character state transition in the phylogenetic236

character history, and the end of the process at time Tmax = 0. Just as the state is recorded for237

every root-tip scenario, the phylogenetic edge is recorded in the phylogenetic edge matrix Ep,238

which records the phylogenetic-tree edge index leading to tip i during the same interval.239

Together, these matrices encode, for all species, the sequence of states they traverse, the timing of240

all transitions, and the mapping from time intervals to phylogenetic edges (Fig. S1B,C).241

A scenario tree is constructed from these matrices using a simple traversal algorithm. At242

the initial time τ0, the scenario tree consists of a single root edge of length 0 containing all species243

(Fig. S1B,C). At each subsequent time step in τ , the algorithm operates on the current set of244

scenario-tree edges, each associated with a vector of species indices. For a given scenario-tree245

edge, esi (where s indicates the edge belongs to a scenario tree, and i is the edge index), with246

associated species set, Nl (l indicating the number correspond to the tips of phylogenetic tree, not247

scenario tree), the set of states for all extant species at the next time step t+ 1 determines248

whether the edge persists or splits. If all species in Nl share the same state, then they share the249

same scenario, and the corresponding edge esi is extended from time t to t+ 1. If multiple states250

are present in Nl, the edge esi is split into child edges, one for each distinct state, with each child251

inheriting the appropriate subset of species and phylogenetic edges from Ep.252

Scenario-tree splits therefore occur when lineages following the same scenario undergo253

divergence in state (Fig. S1D-K). Typically, this produces two daughter edges: one retaining the254

original state with reduced size (excluding the lineage that is now following a new scenario) and255

one corresponding to the newly transitioned lineage. More than two daughter edges may arise256

when multiple lineages undergo simultaneous state changes or when cladogenetic events induce257

state changes in multiple daughter lineages, as in some cladogenetic state-depedent species and258

extinction (ClaSSE) models (Goldberg and Igić 2012). At least one phylogenetic speciation event259

must occur before a scenario-tree edge can undergo a further split. If a scenario includes only a260

single species and that species undergoes a state transition, a scenario tree split will not occur, as261

no species retain the prior state. This pattern may be common, especially in phylogenies with262

longer branches, and can indicate species with exceptionally unique trajectories, or instances263
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where some trajectories were unrecoverable due to extinction or incomplete sampling of extant264

species.265

The size and topology of scenario trees are jointly determined by speciation and266

state-transition rates. As the number of scenario-tree edges approaches the number of267

phylogenetic edges, the topology of a scenario tree converges to that of its corresponding268

phylogeny, with exact correspondence only when all speciation events are accompanied by269

cladogenetic state transitions. When state transitions occur anagenetically and are temporally270

decoupled from speciation, scenario trees can differ substantially from phylogenetic trees in both271

topology and branching order. This time-indexed, matrix-based representation provides all272

information required to construct scenario trees and, subsequently, transition trees, while273

maintaining a clear separation between the definition of trajectory-tree structures and the274

procedures used to compress phylogenetic character histories.275

Compressing phylogenetic character histories into transition trees closely follows the276

procedure for scenario tree compression (Fig. S2). However, unlike scenario trees, transition trees277

discard temporal information and summarize character histories as ordered transition steps.278

Character histories are represented by root-to-tip matrices with rows indexed by species i ∈ S and279

columns indexed by transition steps r ∈ {1, . . . , Rmax}. Transition steps are measured in the280

number of transitions, unlike the matrices in scenario trees, which are measured in time. The281

state matrix X records the character state of each species at each step, such that X[i, r] is the282

state occupied by species i at step r, with a terminal marker indicating that no further transitions283

occur beyond that step. In addition, two edge-index matrices can be used depending on the284

information one wishes to store along the branches of the phylogeny: the scenario-edge matrix Es,285

recording the last scenario-tree edge associated with each state step, and the phylogenetic-edge286

matrix Ep, recording the phylogenetic-tree edge occupied at that step (Fig. S2A-D). These287

matrices jointly encode, for all species, the ordered sequence of states they traverse, the number of288

lineages that accumulate in a given transition sequence step, and the number of independent289

instances of any given transition sequence step arising. Another difference from scenario trees is290

that for transition tree “splitting events”, if some species remain in a certain certain transition291

sequence until the present or extinction (e.g. A → B) while others continue on to a new transition292
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sequence step (e.g. A → B → C), then the species remaining in A → B will form an edge in the293

transition tree of length zero branching from the parent edge with the same transition sequence294

(Fig. S2I-L). Aside from these differences, the algorithm to construct transition trees operates295

similarly to the one used for constructing scenario trees (Fig. S2E-L).296

Summarizing Trajectory Trees297

By representing phylogenetic character histories as trees of unique trajectories, we can298

summarize trajectory patterns with the same statistics used for phylogenetic trees. The tip299

number reflects the richness of unique trajectories: in transition trees, it measures distinct300

transition sequences, while in scenario trees, it accounts for both the timing and the order of301

transitions (Table 1). Scenario trees bifurcate only when one of multiple species sharing a302

conserved trajectory shifts into a derived state. As such, node and tip counts represent transitions303

from shared ancestral states to derived states. This excludes additional transitions that occur304

along already unique trajectories that include only a single species (Fig.1F). Tree length, a metric305

of phylogenetic diversity calculated by summing all branch lengths, quantifies the total richness of306

evolutionary history. In scenario trees, length corresponds to the cumulative duration of unique307

trajectories, unweighted by lineage number, whereas in transition trees it corresponds to the308

number of path-unique state changes that contribute to novel transition sequences (Fig.1F).309

These measures are most informative when compared to the phylogenetic tree length or to the310

total number of transitions. For example, the ratio of scenario tree length to phylogenetic tree311

length indicates the fraction of evolutionary history that is unique; the ratio of scenario tree node312

count (lineage-differentiating transition count) relative to total state transition count reflects the313

proportion of state transitions that result in diverging scenarios; and the ratio of transition tree314

length to state transition count captures redundancy, with low ratios indicating repeated use of315

the same sequences and ratios near one indicating that most transitions follow unique sequences.316

As we demonstrate later, these statistics can be summarized tree-wide or over time, as in317

lineage-through-time or counts-through-time plots, or in distributions of statistics among318

subclades.319
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Previous research involving transition trees primarily generated trees from single320

maximum-likelihood ancestral state reconstructions at each node. We adopt an similar strategy,321

using the maximum a posteriori (MAP) character history for a distribution of stochastic322

character maps, individually (marginally) for each point along each branch of the phylogeny323

(Freyman and Höhna 2019). While useful, such reconstructions are prone to generating maps324

with unrealistic transition patterns, including potentially more transitions than expected in any325

individual map due to flickering between two equally likely states, where the “best” state at any326

point may differ (Freyman and Höhna 2019). An appealing alternative would be to generate a327

trajectory tree directly from a distribution of character maps, where any given trajectory tree328

branch represents a trajectory that exists in one or more of the distribution samples. For scenario329

trees, where branches are in units of time, this is not straightforward, as virtually zero scenarios330

across character history maps will follow the same exact timing of transitions, thus most scenarios331

will diverge early, resulting in a structure resembling more of a “bush” or “star” than a tree, with332

all scenarios diverging early at the first state transition, and not diverging again. For transition333

trees, where branches are in units of state transitions, far more trajectories will be compressed334

together. We call this structure a transition summary tree. This structure plots all transition335

trees’ branches and presents any and all character maps in a distribution. For each tree edge, we336

include the mean number of lineages accumulated and the independent scenarios that lead to that337

step in the transition sequence. We allow users to filter branches to show only branches with a338

minimum posterior probability.339

Beyond constructing and quantitatively summarizing trajectory trees, we introduce340

multiple new approaches for evaluating and summarizing trajectory-wise patterns. Tanglegrams341

provide an additional means of describing the degree of congruence between phylogenies and342

trajectory trees. While traditionally applied to pairs of phylogenies from different taxa with343

shared cophylogenetic histories (Hafner and Nadler 1990), they can also be applied to compare a344

phylogeny with its compressed trajectory tree. Because scenario and transition trees condense345

both paraphyletic and monophyletic groups into shared trajectories, their topologies may differ346

considerably from the original phylogeny (Fig. 1 A, C). When a compressed tree is more347

congruent with a corresponding phylogeny, trajectory divergence times will more frequently348
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correspond to clade ages (Fig. S3). Among lineages undergoing trajectory-diverging state349

transitions, older lineages will transition away earlier than younger lineages. For this reason,350

clades that include multiple successive trajectory divergences will often show particularly351

congruent patterns. Conversely, when the compressed tree is less congruent to the corresponding352

phylogeny, trajectory divergence will less frequently correspond to clade ages (Fig. S3). Among353

lineages undergoing trajectory-diverging state transitions, younger lineages may be just as likely354

to transition before older lineages. Following the logic above, multiple successive trajectory355

divergences will rarely result in incongruent patterns. A less congruent character history may356

include an ancestral root state that is widely conserved across the tree, and trajectory divergence357

arises only from state transitions away from this root state. Higher congruence may suggest a358

closer link between trajectory divergence in a specific character and lineage diversification, a359

question of great interest to many biologists.360

As another example, lineage-through-time plots are a common way to compare patterns of361

lineage accumulation across clades and lineages in specific states (Stadler 2008; Skeels 2019;362

Helmstetter et al. 2022). Here, we expand on these approaches to include the accumulation of363

novel trajectories through time, to generate scenario-through-time and transition364

sequence-through-time plots. Given that scenario and transition tree branching is closely linked365

to state transitions, we also include state transitions through time plots. This provides a means of366

comparing the accumulation of path-unique and lineage-differentiating transitions, relative to all367

evolution transitions.368

Hypothesis Testing with Trajectory Trees369

Like other summary statistics generated from phylogenetic tip data and character370

histories, summaries from trajectory trees can be used to test whether patterns inferred from371

empirical data match patterns expected given the best-fit model. In this paper, we will test the372

adequacy of empirical character histories generated from observed tip data and a best-fit model,373

to simulated character histories generated from simulated tip data and the best-fit model (Brown374

2014; Brown and Thomson 2018).375
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Across all subsequent analyses, our approach processes trajectory tree information as376

follows: (1) We fit a model of character evolution to tip data; (2) Given the fitted model and tip377

data, we generate many stochastic character maps, transforming each into a scenario tree and378

transition tree; (3) We calculate our key summary statistics, including traditional character state379

transition count, and our new trajectory-wise statistics calculated from each scenario tree and380

transition tree, including tip counts, node counts, and tree lengths. We average these summary381

statistics across all stochastic character maps; (4) We then simulate many tip datasets from the382

best-fit model. For each simulated tip dataset, we repeated steps (3) and (4), resulting in many383

stochastic character maps, scenario trees, transition trees, and summary statistics; (5) We384

compare the summary statistic means across all empirical stochastic character maps to the385

distribution of mean summary statistics from the simulated tip data and test whether the386

empirical mean summary statistics fit within the expected interval of mean simulated summary387

statistics (within the 95% highest density interval of simulated statistic distributions) or outside388

the distribution. The empirical and simulated stochastic character maps can also be used in the389

above-mentioned through-time plots to test whether trajectory, lineage, and state transition390

accumulation is greater or less than what would be expected given the best-fit model of character391

evolution.392

Simulation Studies393

As discussed above, scenario tree branching occurs only when more than one lineage394

evolves along the same conserved history and one lineage transitions to a different state. As such,395

scenario tree diversity is linked to both the rates of state transitions and net diversification. For396

instance, when transition rates are much higher than speciation rates, scenario trees will more397

closely resemble the corresponding phylogenetic tree, since they can only be as large as the398

phylogeny. It is also reasonable to expect that while most state transitions will increase with399

higher transition rates, lineage-differentiating transitions will approach an upper limit as scenario400

trees begin to more closely match the phylogeny. We also expect the relationships among401

summary statistics to vary with transition rates and net diversification rates. For instance, when402

transition rates are high relative to net diversification rates, any given scenario will likely403
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accumulate multiple species before any one lineage transitions to a new state; as such, more state404

transitions will be lineage-differentiating. Likewise, higher transition rates relative to net405

diversification rates should result in a weaker relationship. Lineages will rapidly differentiate406

following speciation and still continue to accrue additional transitions, but without any407

lineage-differentiating, until the next speciation event occurs.408

To demonstrate this relationship between speciation and transition rates in generating409

scenario trees, we simulated character histories under several 3-state character-independent410

diversification models with equal transition rates amongst states. Specifically, we assess the411

relationship between phylogenetic length, scenario tree length, and transition tree length. We412

simulated under model with a fixed birth rate, but variable state transition rates, with five413

different levels of ratios of transition rates relative (Q) to speciation (λ) rates (ex, 5:1, 2:1, 1:1,414

1:2, 1:5). To simplify the relationship between transition rates and diversification rates, we used a415

pure birth process with death rates fixed to zero. We note that some of these rates are416

biologically unrealistic, particularly those in which we assume character-state transitions occur417

much more frequently than speciation rates. However, we present these model treatments to show418

the properties of phylogenetic character histories relative to trajectory trees.419

In our analyses, transition and speciation rates are character-independent, making this420

equivalent to a character-independent multistate-dependent species extinction model421

(CID-MuSSE) with extinction rates fixed to zero. We repeated this experiment twice: once with422

tree size left to vary, by simulating a fixed time of 1.0 and filtering out character histories that do423

not include all three character states, and the second simulating a tree with only 300 tips. In the424

first set of simulations, we assessed the distribution of summary statistics across five relative rate425

treatments (Q:λ of 5:1, 2:1, 1:1, 1:2, 1:5); in the second, we assessed the relationships among426

summary statistics under three rate treatments (Q:λ of 2:1, 1:1, 1:2). We compared scenario tree427

length to phylogenetic tree length to evaluate the relationship between scenario tree growth and428

phylogeny growth. We compared the frequency of state transitions to transitions that resulted in429

new lineages (lineage-differentiating for scenarios and path unique for transition sequences) to430

evaluate the relative patterns in trajectory accumulation across models. We then compared the431

numbers of lineage-differentiating transitions and path-unique transitions to evaluate whether432
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scenario-tree and transition-tree growth differ under different relative rates of character evolution433

and speciation. We also compared the mean state transitions per scenario tree edge with the434

mean phylogenetic edge length. This was done to determine whether phylogenies with larger435

average branch lengths are more likely to accrue state transitions that are not436

lineage-differentiating. Scenario tree edges with more than a single state transition result from437

scenarios in which a single lineage undergoes a state change, with no lineage differentiation.438

In addition to summarizing scenario-tree properties, we assessed how well trajectory-tree439

summary statistics diagnose the adequacy of misspecified versus correctly specified fitted Markov440

models using our trajectory-tree summary-test framework. We focused on differences in the441

underlying state-transition process by simulating discrete characters on phylogenies generated by442

a character-state-independent Pure-Birth process. To perform our model adequacy tests, we443

followed steps 1–5 described in our tree summary statistics section. Here, we provide the precise444

simulation and inference procedures. For each replicate, we simulated a pure-birth tree (extinction445

= 0), then rescaled the tree so that the root-to-tip height equaled 1.0. “True” trait histories were446

then simulated under one of three Mk models: equal rates (ER); equal rates, early burst (ER EB);447

or equal rates, deadend (ER DE). Under the ER model, all state transitions are fixed to the same448

rate. Under the ER EB, the Q-matrix shares an identical structure as in the ER model, but prior449

to simulating character data, the tree undergoes an early burst branch length transformation450

a = −5.0 to stretch branches considerably towards the root of the phylogeny (Harmon et al.451

2010). Under the ER DE model, the Q-matrix shares an identical structure as in the ER model,452

except 50% of the states are “dead-ends” and the transition rates out of these states are fixed to453

zero. Transition rates for all permitted off-diagonal entries of the rate matrix Q were sampled454

from independent Exponential priors with rate parameter r = 2.5. We used a uniform prior over455

root states when simulating histories and retained replicates only when all states were realized at456

least once, ensuring that subsequent comparisons spanned the full state space. For each457

generating model, we simulated 100 “true” datasets and fit all three Markov models (ER, ER EB,458

and ER DE) to each. For each fitted model, we generated 100 stochastic character maps given459

the “true” tip states. We then converted them into trajectory-tree representations and computed460

mean trajectory-wise and transition-wise summary statistics across all stochastic character maps.461
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These null distributions were then compared to the empirical statistics from the true simulated462

histories using null distribution checks. We repeated this experiment with phylogenetic tip size463

set to 100, 300, and 500, with character state number set to either 2, 4, or 8. The results were464

then compiled by choosing the estimates for each best-fitting model for each dataset.465

Empirical Example: Greater Antillean Anolis Ecomorphs and Regions466

We applied our trajectory tree framework to the Greater Antillean Anolis lizard467

phylogeny and to ecomorph and region-occupancy data. We used the time-calibrated maximum468

clade credibility tree from Poe et al. (2017). The Poe et al. dataset contains a phylogeny of 379469

describe Anolis species, from which we extracted the phylogeny corresponding to 79 Greater470

Antillean anoles. Each species was scored as one of six ecomorph states – trunk-ground (TG),471

trunk (Tr), trunk-crown (TC), twig (Tw), grass-bush (GB), and crown-giant (CG) – and one of472

four region states – Hispaniola (Hisp), Cuba, Puerto Rico (PR), and Jamaica (Jam) – as recorded473

in the phytools R package (Revell 2012, 2024) and previous studies (Mahler et al. 2010). For each474

dataset (ecomorph and region), we fit four different continuous-time Markov Chain models using475

the fitMK function from phytools, including an “equal rates” (ER) model, a “symmetrical rates”476

(SYM) model, and an “all rates different” (ARD) model using the phytools fit.mk function. We477

compared models using Akaike Information Criteria (AIC; Akaike 1973). In initial analyses, AIC478

strongly supported the ER model for both ecomorph and region data. Under the best-fit model479

for ecomorphs and regions, we also simulated 500 stochastic character maps. These 500 stochastic480

character maps were joint character histories including region and ecomorph data, and were481

simulated by lumping the Q-matrices from our ecomorph and region data models, and restricting482

all “dual transitions” involving simultaneous changes in region and ecomorph state to have zero483

rates. These joint character histories were then subset into region- or ecomorph-specific histories.484

For all downstream analyses, including summary statistics and through-time plots generated from485

character histories, are performed both on the “joint” character histories and the486

character-specific histories.487

We tested the adequacy of our best-fit empirical model using a similar approach to our488

model-misspecification tests described in the section directly above. We transformed each489
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stochastic character map into a scenario and transition tree and calculated average summary490

statistics across all character maps for each model. We compared our empirical summary491

statistics from each model to simulated summary statistics from 500 stochastic mappings on each492

of 500 tip datasets simulated from each model, and test whether, for each model, the empirical493

summary statistic mean falls within the 95% density of the distribution of mean summary494

statistics from the 500 simulated datasets. We performed our summary statistics tests on both495

the joint character histories, including both region and ecomorph data, and character histories496

subsetted to include only region or ecomorph data.497

To measure patterns of phylogenetic tree, scenario tree, and transition tree lineage and498

trajectory accumulation dynamics, we generated through-time plots for each. We generated these499

plots for both tree-wide accumulation and region- and ecomorph-specific patterns of500

accumulation. To summarize, through-time patterns from our distribution of stochastic character501

maps, we plotted the median through-time accumulation pattern and the upper and lower bounds502

of the 95% density of tip accumulation through time. To assess the relative through-time patterns503

from our empirical data to the expected empirical pattern, we compared the median, 95% upper504

and lower through-time patterns calculated from our empirical data and another set of median,505

95% upper and lower through-time patterns calculated from 100 stochastic character maps from506

each of 100 simulated tip datasets.507

For each model, we also generated a MAP character map from our empirical stochastic508

character maps and calculated the marginal state at each point in time and branch. Using the509

marginally most probable states for the phylogeny can imply unrealistic transition events510

(Freyman and Höhna 2019). When reviewing our MAP character maps, we did not identify any511

signals of obviously unrealistic events not found in any stochastic character map, including512

reversals to trunk-ground ecomorphs or rapid transitions between states along single branches.513

We transformed the MAP character map into a scenario tree and transition tree. Given transition514

trees are in units of character state transitions, they are readily summarizeable across many515

stochastic character maps, thus we made a consensus posterior summary transition tree, which516

includes all transition sequences with posterior probability of 10% or higher. Tanglegrams were517

generated between the MAP character map, scenario tree, and transition tree by constructing an518
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association matrix that links the tips of the phylogenetic character history to the corresponding519

tips on the scenario and transition trees. The tanglegram was generated from the trees and520

association matrices using the “simmap cophylo” function from the R package phytools.521

Results522

Simulation Experiment Results523

In our pure birth and character-independent MuSSE simulations, summary statistics524

related to evolutionary trajectories generally increases with greater transition-to-speciation rate525

ratios, while phylogenetic tree length did not (Fig. 2A-F). Scenario tree length (Fig. 2B) and all526

transition frequency statistics exhibit a modest increase in means but a much greater increase in527

variance with larger upper tails and larger ratios (Fig. 2D-F). Scenario-tree length (Fig. 2B) and528

scenario-tree internal node count (Fig. 2E) only show a clear increase in mean and variance529

relative to the rate-ratio until transition rates and speciation rates are one-to-one, beyond which530

they level off. The ratio between scenario and phylogenetic tree lengths (Fig. 2C) increases only531

in mean with increasing rate ratios, while the variance decreases, with the tree length ratio532

leveling off to roughly 0.9 at the rate ratio of five-to-one. All statistics, excluding the533

scenario-phylogenetic tree length ratio, are larger at the higher speciation rate treatments.534

Scenario to phylogenetic tree length ratios modestly decrease in the higher speciation rate535

treatments at low rate ratios, but the difference decreases as the rate ratio increases.536

All summary statistics we compare show a positive correlation in our fixed-tip537

phylogenetic simulations, but the relationships among slopes, intercepts, and rate-ratios differ538

across comparisons (Fig. 2G-K). The scenario tree length versus phylogenetic tree length slope539

values remain roughly the same across rate-ratio treatments, while intercepts increase with540

increasing rate-ratios (Fig. 2G). Lineage-differentiating versus path-unique transitions, and541

lineage-differentiating versus all-state transitions, decrease in slope and increase in intercept as542

rate-ratios increase (Fig. 2H,J). The pattern reverses between path-unique state transitions and543

all state transitions, with slope increasing and intercept decreasing at greater rate-ratios (Fig. 2I).544
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Also, there is a greater average number of transitions per scenario tree edge with longer545

phylogenetic edge lengths (Fig. 2K). This pattern becomes more prevalent as transition rates546

increase.547
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Figure 2: Summary statistics from three-state character histories simulated in diversitree using a
Character-Independent Multistate-Dependent Speciation and Extinction Model (CID-MuSSE) In
(A-F), trees in this dataset have random numbers of tips, and were filtered to only include those
with character histories that involved all three states. In (G-K), trees are fixed to 300 tips. (A-F)
Summary statistic distributions from character histories with speciation rate of either 2.0 or 4.0
and extinction fixed to 0. Transition rates are a ratio of the speciation rate, ranging from 1:5 to
5:1. (G-K) plots comparing relationships between summary statistics.

Our model misspecification test indicates that most summary statistics can discern548

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 16, 2026. ; https://doi.org/10.64898/2026.06.14.732171doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.14.732171
http://creativecommons.org/licenses/by/4.0/


inadequate models to some degree, often with very low rates of false positives (<5%) (Fig. 3).549

False negative rates decrease with increasing numbers of tips and state space sizes.550

Lineage-differentiating and path-unique transitions exhibit performance similar to that of all state551

transitions, but the relative number of transitions performed better, typically: path-unique552

transitions relative to state transitions, and lineage-differentiating transitions relative to553

path-unique transitions. Lineage-differentiating transitions have little power to discern inadequate554

from adequate models, even in our treatments, including the largest state space (8 states) and555

phylogenies (500 tips).556

Greater Antillean Anolis Region and Ecomorph Evolution557

Across Greater Antillean Anolis lizards, we identified 9 unique biogeographic scenarios558

and 17 unique ecomorphological scenarios in our MAP trees (Fig. 4B, E). Region trajectories are559

primarily driven by the root state of Hispanola, with most other regional histories branching from560

this conserved state and remaining in that region until the present (Fig. 4A-C). Based on the561

MAP trees, ecomorph evolution is predominantly characterized by two early-diverging scenarios:562

the twig anole state and an early shift into the trunk-ground ecomorph (Fig. 4D-E). Both563

scenarios have several scenarios branching off, but the pattern is imbalanced, as the scenarios that564

diverge into new ecomorphs remain in those new ecomorphs until the present (Fig. 4E).565

The MAP scenario trees identified relatively unbalanced trajectories, with few transitions566

once a primary trajectory diverged (Fig. 4). Our transition tree posterior distribution summaries567

identified other subsequent transitions, albeit with lower probability (p < 0.5) (Fig. 4C, F). For568

ecomorph evolution, we identified multiple “clades” of transition sequences depending on the root569

state supported (Fig. 4F). In our analyses, a twig ecomorph root state had the greatest support570

(mean scenarios = 0.45), followed by a trunk-ground root state (mean scenarios = 0.253), with571

some support for a grass-bush root state (mean scenarios = 0.228). The number of transition572

sequences in each root-state “clade” roughly corresponded to the support for that root state (Fig.573

4F). Root states with higher posterior probability had more terminal transitions with at least one574

independent scenario (twig:6 , trunk-ground:3, grass-bush:1).575
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Figure 3: Model adequacy simulation experiment results. Tip data and character histories were
simulated under 2-state, 4-state, and 8-state continuous time Markov models with either equal
transition rates between all states (ER), equal rates with an “early burst” of higher rates that
decrease through time (ER EB), or equal rates where some species enter, and never exit, a deadend
state (ER DE). Each character history was transformed into a set of summary statistics, including
our new trajectory-wise summary statistics. Each tip dataset was then fit with an ER model, and
then 100 stochastic character maps were sampled given the model fit. We then compared the true
empirical summary statistics from the initially simulated character histories to the distribution of
summary statistics from the stochastic character maps. Higher percentages mean that stochastic
character maps were less frequently able to recover the true summary statistic (ie the true statistics
fall outside the 95% range of stochastic character map summary statistics generated given the ER
model fit).
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Figure 4: Anolis stochastic character maps (left), scenario trees (middle), and transition trees
(right) for ecomorph and regions. Stochastic character maps and Scenario trees are both marginal
maximum a posteriori reconstructions using the most frequently sampled state at each point along
each branch of the tree. Transition trees summarize transition sequences across the distribution
of 100 stochastic character maps. Node markers show the mean number of lineages (inner) that
passed through at given transition sequence step, and mean number of independent evolutionary
scenarios which followed a given transition sequence. Tip markers indicate the number of scenarios
that terminate at a given transition sequence step.
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Through-time distributions summarized from showed a consistent early-burst pattern576

across transitions, scenarios, and transition sequence accumulation relative to simulated histories577

(Fig. 5 and Supplemental Figs ??-??). Transition sequence through time plots showed a modestly578

stronger early burst pattern, with scenario accumulation noticeably greater than simulated579

patterns, even when normalized by tree length. Transition sequence total by the present is also580

relatively higher than the simulated expectation, especially compared to the number of state581

transitions and scenarios. State-specific accumulation patterns, including those for Cuba,582

grass-bush, trunk-crown, and trunk-ground lineages, are consistently higher than the mean583

simulated pattern (Fig. ??-??). However, the through-time patterns found among other marginal584

state-wise through-time reconstructions were as large relative to simulated expectations as the585

aggregate across all states.586

Our model adequacy analysis identified only a few summary statistics that significantly587

deviated from simulated expectations for region- or ecomorph-specific maps (Fig. 5). One588

exception was the mean scenario tree length, which was significantly higher for both characters589

maps. For the joint region and ecomorph character maps, we found multiple mean summary590

statistics to be significantly higher than expected, including scenario tree length, path-unique591

transitions relative to the total number of state transitions, and path-unique transitions relative592

to the total number of lineage-differentiating transitions. While not significant, the numbers of593

path-unique transitions and unique transition sequences were considerably larger than the594

majority of simulated replicates.595

Our MAP phylogeny and trajectory tree tanglegrams identified few perfectly congruent596

groups, but some tree pairs have far more tangles than others (Fig. 7). For region histories (Fig.597

7A-B), phylogenies were largely congruent with their corresponding scenario and transition trees,598

but more so for scenario trees. Between the region phylogenetic character history and scenario599

tree, most groups were closely congruent aside from the Jamaican anoles, and the two single taxa600

dispersal events to Puerto Rico (A. occultus and A. cuvieri). Between the MAP region601

phylogenetic character history and the MAP transition tree, the Cuban crown giant anoles, and602

the same two single taxa dispersal to Puerto Rico form a distinct tangle. The ecomorph MAP603

phylogenetic character history was considerably more incongruent with either the MAP scenario604
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Figure 5: Anolis through-time distribution plots from the combined region and ecomorph statspace
stochastic character maps for lineages, states transition, scenarios, and transition sequences. Trans-
parent colors show 95% intervals while solid lines show distribution means. Each plot includes two
sets of through-time distributions: an empirical distribution of stochastic character maps given
the best-fit model and observed tip states (black and colored lines), and a simulated distribution
(grey). Simulated distributions were generated by sampling 100 replicates of tip data from the
best-fit model and the Anolis phylogeny, then refitting the simulated data to the best-fit model,
yielding a distribution of 100 stochastic mappings for each simulated dataset. Columns display
either the “full” number or the number for the indicated region or ecomorph. For region- and
ecomorph-specific columns, state transitions count the number of transitions into states that in-
clude the specified region or ecomorph.
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Figure 6: Anolis Simulation results, comparing mean summary statistics from a distribution of
empirical stochastic character maps to a distribution of 500 mean summary statistics. Each mean
summary statistic summarizes a distribution of 500 stochastic character maps inferred from fitting
the best model on tip data simulated from the same model (see Methods).

or the transition tree (Fig. 7C-D). The combined region and econorph character history and605

MAP scenario tree is roughly intermediate in congruence between the two character histories in606

isolation (Fig. 7E-F).607

The combined MAP character history is considerably more congruent for taxa branching608

from the twig anole root-state scenario, with the only notable tangles between A. occultus and the609

Cuban crown giant anoles, and between A. insolitus and two clades of Hispaniolan grass-bush610

(clade including A. hendersoni) and trunk-crown anoles (clade including A. chlorocyanus) (Fig.611

7E-F). The major twig-to-trunk-ground scenario includes more tangles, including between the612

Jamaican anoles and the Hispaniolan trunk anoles and Puerto Rican anoles, and between the613

Cuban anole and the Hispaniolan trunk-ground anoles. The combined MAP character history and614

MAP transition tree are considerably incongruent with tangles across most taxa-scenario615

relationships.616
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Figure 7: Tanglegrams between marginal maximum a posteriori stochastic character maps, and
respective scenario trees (left) and transition trees (right) for regions (top), ecomorphs (middle),
and a combined region and ecomorph state space (bottom).

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 16, 2026. ; https://doi.org/10.64898/2026.06.14.732171doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.14.732171
http://creativecommons.org/licenses/by/4.0/


Discussion617

Here, we introduce a framework for visually and quantitatively summarizing character618

transitions on phylogenies using trajectory trees: compressed phylogenetic character histories619

whose branches represent unique evolutionary paths. Previous work has typically used trajectory620

trees to represent state transition sequences, with branches in units of character-state transitions,621

for visualization (Chevenet et al. 2019, 2024; Ishikawa et al. 2019). To consider both the sequence622

and timing of character evolution, we define scenario trees and transition trees, for which lineages623

sharing a conserved character state history are compressed into a single lineage, also referred to as624

a scenario or phylotype (Chevenet et al. 2013). We also show how the branch lengths and625

topologies of trajectory trees, much like phylogenetic trees, have numerous, useful conceptual and626

quantitative properties. We measure basic tree statistics, including tree length and node numbers,627

to summarize the diversity of unique trajectories within a character map. We apply classic628

phylogenetic tree summary statistics to trajectory trees and link these statistics to specific629

features of character history. These include the total amount of non-conserved evolution across a630

tree (scenario tree length), the number of state transitions that differentiate lineages with631

conserved histories (scenario tree nodes− 1), the number of unique state transition sequences632

(transition tree tips), and the number of unique transitions within state sequences633

(transition tree length− 1). Using our expanded set of trajectory trees and quantitative634

summaries, we introduce several new approaches for identifying trajectory-wise patterns and635

testing whether they are within expected ranges given rates of character evolution. First, to636

assess whether divergence in character-evolution trajectories mirrors divergence among lineages,637

we use tanglegrams, a common approach for summarizing cophylogenetic patterns between clades638

(Matsen et al. 2018). Second, to compare how evolutionary change is distributed across lineages,639

states, and trajectories through time, we extend lineage- and change-through-time plots to include640

scenarios and transition sequences. This allows direct comparison among lineage accumulation,641

state accumulation, and the accumulation of unique evolutionary trajectories. Third, and lastly,642

to evaluate whether standard models of character evolution adequately explain the observed643

structure of evolutionary trajectories, we compare quantitative summaries from empirical644
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stochastic character mappings to those obtained from simulated stochastic character mappings.645

Our simulation studies identify how rates of character evolution and speciation646

differentially shape the diversity and complexity of trajectory trees. Scenario trees grow through647

lineage differentiation, which requires character-state conservatism among two or more lineages648

prior to state transitions. If speciation rates are too low, regardless of how fast state transitions649

occur, transitions would more likely occur in lineages that have already undergone at least one650

state transition, resulting in longer branches with multiple successive transitions and a scenario651

tree of similar length to a phylogeny. If speciation is much faster than state transitions,652

trajectories may differentiate, but given that relatively many lineages will diversify with any given653

trajectory, the scenario tree length will be much lower than the phylogenetic tree length.654

While scenario trees are closely linked to character evolution and speciation rates,655

transition trees are more weakly linked to these factors. The number of transition tree tips is656

restricted to the number of phylogenetic tips; however, the length of transition trees is not. The657

total number of path-unique transitions closely matches the total number of state transitions.658

Regardless of whether lineages differentiate, as more successive state transitions accrue, they will659

build on a lineage’s existing transition sequence. When we compare path-unique transitions, we660

find that as transition-speciation ratios increase, a stronger correlation with total state transitions661

emerges. While the diversity of independent transition sequences will not increase with the662

number of path unique transitions, the length of these sequences will still grow, increasing the663

complexity of the transition tree history.664

Distinguishing between the complexity and diversity of evolutionary trajectories can be665

useful for understanding the nature of evolutionary constraints on character evolution. For666

instance, when comparing transition trees between clades, what is the relationship between the667

number of transition tree tips and the total transition tree length? Put another way: how many668

transition sequences are present relative to the number of path-unique transitions present? Are669

there many short transition sequences, or a few long transition sequences with many steps? Do670

these transitions sequences diverge early or do many transition sequences share many steps and671

then differ on the last one or two steps? Such questions are important for understanding how672

constrained character evolution may be, regardless of whether rates of character evolution are fast673
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or slow. Biologists are often want to identify the numbers and types of intermediary traits674

required to gain certain significant traits, and the degree of constraint acting on the order in675

which these intermediary steps may be followed (Donoghue 2005; Sanderson and Donoghue 1989;676

Donoghue and Sanderson 2015; Marazzi et al. 2012; Landis et al. 2021). If these intermediary677

traits are not binary and lack an obvious root state or clear pattern of accumulation (Moen and678

Johnston 2023; Johnston and Diaz-Uriarte 2024; Giannakis et al. 2024; Johnston et al. 2026), or679

are closely linked to species diversification (Maddison 2006; Maddison et al. 2007), then few other680

approaches exist for comparing these patterns in categorical variables.681

The close relationships between trajectory patterns and rates of character evolution682

suggest that summary statistics from trajectory trees should have some ability to distinguish683

adequate from inadequate character models, even for memoryless models. We generally find that684

this relationship holds for most statistics, with very low false-positive rates for model adequacy685

(<5%). Importantly, the power of trajectory-wise statistics to identify inadequate models686

increased with the number of taxa and the size of the state space. Most statistics frequently had687

lower false-negative rates when fit to an equal-rates model than when fit to the dead-end model,688

indicating that these statistics may be more sensitive to temporal patterns in rate heterogeneity689

than to differences in transition-matrix structure. Our work builds on many recent important690

advances in evaluating model adequacy in character evolution (Schwery et al. 2023). However,691

most existing approaches focus only on evaluating summary statistics of tip states, while few692

assess the adequacy of statistics derived from character histories (Laurin-Lemay and Rodrigue693

2025), with none relying on trajectory information. Our analyses explore only a small subset of694

all trajectory-wise summary statistics of potential use. For instance, future work should explore695

character state and trajectory-wise statistics, such as comparing the state diversity between696

phylogenic character histories and trajectory trees. Another set of statistics to consider includes697

tree balance statistics (Lemant et al. 2022; Janzen and Etienne 2024; Kersting et al. 2024), which698

can measure the balance or imbalance of trajectories. Such statistics could be used to pose699

questions, such as: whether most branching evolutionary trajectories stem from a single “source”700

to then become dead ends of disparity? or, do the derived scenarios persist and continue701

branching? The former would result in a ladder-like trajectory tree, while the latter would be a702
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more balanced tree.703

We emphasize that while it is useful to show that trajectory-wise summary statistics are704

sensitive to differences in conventional character evolution models, most models are based on705

simple, memoryless continuous-time Markov chains, and therefore are not designed to generate706

particular trajectory-wise outcomes (Goldberg and Foo 2020). We suspect that many of the707

trajectory-wise patterns one might identify will be difficult to explain with available character708

evolution models. An important direction will be to develop models that explicitly consider rates709

of unique and lineage-differentiating state transitions that can better explain observed patterns,710

possibly through the addition of time-dependent or diversity-dependent effects on the modeled711

rates.712

Our Anolis analyses show that trajectory-wise character summaries readily identify713

distinct patterns of unique evolution that deviate from the expected outcomes of the best-fitting714

models of character evolution that we considered (i.e., ER over ARD and SYM). Anolis lizards715

are a classic example of an adaptive radiation, having diversified variously into a wide range of716

phenotypic forms and ecological niches (Losos et al. 1998; Miller et al. 2023). Previous work has717

generally relied on ancestral state estimation and stochastic character mapping to characterize718

how anoles have repeatedly dispersed and access novel niche spaces (Velasco et al. 2020; Losos719

2011; Losos et al. 2006; Stroud and Losos 2016). We used evolutionary trajectories to characterize720

how ancestral anoles attained their current biogeographic and ecomorphological states, and721

whether those trajectories were concordant Anolis diversification. Transition sequence-through722

time plots show that unique transition sequences accrue across lineages faster than expected from723

simulations and empirical state transitions or scenarios. This is a pattern not driven by any single724

uptick in one advantageous state, but in aggregate across all states, consistent with the notion725

that adaptive radiation requires ecological differentiation among lineages. This “early burst”726

pattern of path-unique evolution is present in both regions and ecomorph character histories, but727

the pattern is strongest in combined state spaces. This pattern suggests that, to some degree, an728

early burst of unique evolution is greater than what might be expected by looking at transition729

state counts alone. This pattern of greater path-unique transitions is strongly supported by our730

model adequacy tests, more so than any other state transition type. In isolation, the mean731
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number of state transitions, lineage-differentiating transitions, and path-unique transitions all fall732

within their respective expected simulated ranges. This pattern is only recovered in the combined733

region-ecomorph state space, a large state space with many different transition types. Whether734

this tree-wide pattern in the relative number of path-unique transitions is connected to the early735

burst found in our through-time analyses is unclear, as path-unique transitions could be more736

prevalent across the tree in general, rather than being linked to the earliest moments in the clade’s737

history. However, an early burst pattern in scenario divergence is still supported by significantly738

higher mean scenario tree lengths across empirical stochastic character maps, despite no similar739

signal in scenario node number relative to the number of lineage-differentiating transitions. Since740

the average number of nodes and tips in the scenario tree is consistent with simulated histories,741

the longer tree length must result from scenarios diverging earlier than expected.742

Identifying whether changes in rate evolution at large match changes in the rates of743

unique evolution may help identify the degree to which evolutionary constraints play a role in744

diversification. Early burst patterns of character evolution have frequently been attributed to745

adaptive radiations and ecological opportunity (Harmon et al. 2010; Puttick 2018; Rundell and746

Price 2009; Pontarp 2021). However, these patterns are typically identified in continuous traits,747

not in categorical ones, and not in terms of the “uniqueness” of evolutionary events. We believe748

this finding raises an important question: when we observe phylogenetic variation in rates of749

character evolution, how often is that linked to to distinct evolutionary trajectories of character750

change? For instance, say we identify a multi-state character with multiple rate regimes, with751

some lineages evolving quickly and others evolving slowly. Depending on the redundancy of the752

underlying events, the path-unique transitions and rate regimes for the clade might follow the753

same pattern, the opposite pattern, or be completely uncorrelated. Mismatches between rates of754

character evolution relative to path-unique character evolution may indicate interesting patterns755

in character evolution constraint. This is to say that the careful use of trajectory trees may aid756

our understanding for how evolutionary patterns and processes give rise to uniqueness.757

Phylogeny-versus-trajectory tree tanglegrams identified variable patterns of758

phylogenetic-trajectory tree congruence, with it being strongest between region phylogenetic759

character histories and scenario trees and transition trees, and weaker across all tree comparisons760
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for ecomorphs. The combined state-space shows some congruence between the phylogenetic761

character history and the scenario tree, especially in scenarios stemming from the conserved twig762

anole scenario. These results suggest a mild relationship and an ordered structure between763

speciation events and lineage-differentiating transitions. However, a major limitation to this764

approach is the lack of uncertainty characterization in marginal MAP trees. Reporting the765

maximally probable state at each time step along all branches can result in considerable766

differences in the number of state transitions relative to those found in the underlying distribution767

of stochastic character maps (Freyman and Höhna 2019). While a by-eye inspection can detect768

obvious signs of summary error, specifically rapid “flickering” between states, this still769

oversimplifies the distribution of stochastic character maps. Additionally, tanglegrams alone can770

be prone to misidentifying the degree of topological congruence in all cases (De Vienne 2019). A771

potentially promising future direction to resolve both issues would be to utilize a summary772

statistic for cophylogenetic signal (Balbuena et al. 2020; Llaberia-Robledillo et al. 2023).773

Conclusion774

Evolutionary scenarios represent complex historical sequences of evolutionary changes that775

produce phylogenetic diversity. How biologists identify, describe, and evaluate support for776

different evolutionary scenarios is crucial to our field, as it directly impacts how we capture and777

communicate the essence of a complex evolutionary history, and how we compare which778

explanations for that history are most plausible (Greene 2017). Although biologists often reason779

with evolutionary trajectories in terms of individual lineages, we rarely summarize trajectory780

properties across multiple lineages, including the number, age, size, or topology of distinct781

trajectories. While much work remains to formalize the mathematical properties of evolutionary782

trajectories, we believe the pattern-based approaches introduced by our study demonstrate that783

trajectory trees, in their current form, can enrich many phylogenetic studies.784
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