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Abstract

Phylogenetic inference is one of the most common downstream applications of
multiple sequence alignment. Quantitative assessment of inferred trees is essen-
tial for evaluating the reliability of both alignments and phylogenetic inferences.
Establishing a robust assessment framework for phylogenetic trees therefore pro-
vides a basis for examining and improving methods for alignment and tree
inference. In sequence-based phylogenetics, decades of development have pro-
duced a wide range of evolutionary models, support measures, and benchmarking
strategies. Recent advances in AI-based protein structure prediction are now
extending phylogenetic analysis to structural data at an unprecedented scale.
This shift creates new opportunities to investigate deep evolutionary relation-
ships that may be obscured at the sequence level. However, many established
assessment methods rely on assumptions developed for molecular sequences and
cannot be transferred directly to structural representations. In this review, we
survey established methods for phylogenomic assessment and reconsider how they
can be applied to the current state of structural phylogenetics. We aim to pro-
vide guidance for evaluating phylogenetic inference in the era of AI-based protein
structures, facilitating the methodological advances towards robust standards for
structural phylogeny.
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1 Introduction

Modern phylogenomics infers evolutionary relationships from molecular data through
two principal operations: inferring positional homology by multiple sequence alignment
(MSA) and inferring a phylogenetic tree from the resulting alignment [1]. Whereas
MSAs retain the sitewise patterns of variation and conservation, phylogenetic trees
summarize these as human-interpretable relationships that, if correct, reflect the
underlying evolutionary process. Supported by sophisticated models of sequence evo-
lution, sequence-based phylogenetics has accumulated an extensive set of methods
for assessing tree reliability. These include resampling support, model-based branch
tests, topological comparisons, simulation benchmarks, and tests of concordance with
independent biological knowledge [2–4]. The current standards for sequence-based phy-
logenetic inference have thus emerged through the parallel development of evolutionary
models, inference algorithms, and validation frameworks.

Beyond their representation as amino acid sequences, proteins exist in vivo as
three-dimensional structures. Protein structures generally diverge more slowly than
their underlying sequences, allowing homologous proteins to retain detectable struc-
tural similarity even after their sequence relationships have become difficult to resolve
[5, 6]. This conservation has long made experimentally determined structures valuable
references for evaluating MSAs, particularly among remote homologs. For example,
resources such as HOMSTRAD and BAliBASE use structural superpositions to define
conserved core regions, where divergent sequences can be aligned with relatively little
ambiguity [7, 8]. Nevertheless, even structurally defined correspondence remains only
an indirect proxy for alignment quality, because it does not necessarily guarantee the
evolutionary correctness of the results [9].

Phylogenetic benchmarks provide a complementary approach to structure-
informed MSA evaluation by assessing the downstream phylogenetic results inferred
from an alignment [10, 11]. They address a key limitation of structural benchmarks
by testing whether an alignment preserves plausible evolutionary signals. However,
the true historical alignment and phylogeny are inherently unobservable. Empirical
assessments must therefore rely on reference trees that may themselves be incomplete
or discordant. One can also consider simulation-based assessments, in which a known
reference tree and the underlying molecular changes are generated under specified evo-
lutionary models. However, the interpretation of such benchmarks depends strongly
on the adequacy of the evolutionary model used for simulation.

Structural and evolutionary evidence can be jointly considered if we can estab-
lish evolutionary history directly from protein structures. This is now achievable
by the breakthroughs in AI-based protein structure prediction, which have vastly
expanded our view of protein structural space [12, 13]. In parallel, scalable methods
have begun to infer phylogenetic relationships directly from structural similarities,
atomic coordinates, and discrete structural alphabets [14–16]. Structural phylogenetics,
which investigates evolutionary relationships among protein structures, could bridge
these two benchmarking strategies by placing structural correspondence within an
evolutionary framework.

To fully realize this potential, a rigorous framework is needed to determine whether
structural phylogenies are accurate, well supported, and biologically interpretable.
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Sequence-based phylogenetics reached its current methodological maturity through
decades, and emerging structural phylogenetic methods will ultimately require an
assessment framework with comparable confidence. However, established assessment
methods cannot always be transferred directly to structures. Structural evolution is
phenotypic and highly interdependent, making it difficult to represent their changes
as discrete characters under stochastic evolutionary models [17, 18].

In this review, we examine how phylogenetic trees can be evaluated in the emerging
era of large-scale protein structure prediction (Figure 1). We begin with the standard
phylogenomic workflow and its established assessment strategies, focusing explicitly on
the assumptions underlying their use. We then examine why most of these assumptions
remain incompatible with protein structures, particularly when structural informa-
tion is converted into alignments or discrete characters. Finally, we revisit established
assessment methods that do not require explicit evolutionary models and discuss how
they could provide complementary routes towards a robust benchmarking framework
for structural phylogenetics.

2 Phylogenetic inference

Constructing a phylogenetic tree for a set of (possibly aligned) molecular sequences
is a fundamental problem of bioinformatics with numerous applications. Phylogenetic
reconstruction has been studied for decades, with the development of modern phylo-
genetic systematics and numerical tree-building methods dating back at least to the
1950s [19]. There is no shortage of literature on this topic, and a thorough overview
of the state of phylogenetic methods would require a separate review. We only briefly
introduce the state of phylogenetic inference to the extent that is relevant to our topic.

Two central problems in tree inference are the construction of gene trees, corre-
sponding to single-gene or gene-family phylogenies, and species trees, corresponding
to multi-gene or phylogenomic phylogenies. A species tree is typically inferred from a
collection of gene trees [20–22], although inference from concatenated gene alignments,
or a supermatrix, is also an option [23]. For reasons that will become clear below, we
will focus primarily on the construction of gene trees.

2.1 Character-based methods

Currently used methods for gene tree inference are typically divided into character-
based and distance-based. Character-based methods include maximum likelihood,
maximum parsimony, and Bayesian inference. The task of inferring a gene tree from
a set of homologous sequences is typically solved with maximum likelihood under an
explicitly defined model of sequence evolution. These methods assume the computa-
tion of the likelihood function for candidate trees and an algorithm to iterate over the
vast space of possible trees. Implementations include exact and approximate likelihood
methods with different heuristics [24–27]. The underlying statistical model of sequence
evolution specifies how sequences are assumed to change along the tree, including sub-
stitution rates between characters [28–31] and variation in evolutionary rates across
alignment sites [32, 33].
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Fig. 1 Graphical overview of the phylogenomic workflow and phylogenetic tree assess-
ment methods. The left side of the panel describes the standard sequence-based phylogenomic
workflow, as well as the workflow for structural phylogenetics. Assumptions, such as substitution
matrices or evolutionary models, are indicated at each data processing step according to their require-
ments. Solid green arrows designate steps with well-established and widely accepted methods, while
dashed red arrows indicate those that remain underdeveloped or limited in practice. The right side of
the panel visualizes methods for assessing inferred phylogenies, grouped mainly into two categories:
model-based and model-free methods. Arrows highlight the required assumptions and methodological
availability of each category for assessing sequence or structural phylogenies. Each category is subdi-
vided by mode of assessment (model fit/accuracy and uncertainty). Individual methods are annotated
with boxes in the top-right corner according to their dependence on the input data type: simulated
data (green circle), empirical data (red box), or no dependence on either data type (combined).

Bayesian framework implements a different statistical approach for phylogenetic
inference. It considers not only different possible trees and a model of sequence evo-
lution, but also a prior over the unknown parameters. Then it estimates posterior
distributions of these parameters given the observed data. The resulting posterior
sample can be summarized as a consensus tree or a maximum-posterior tree. It also
provides a measure of uncertainty, such as credible intervals for the branch lengths and
substitution model parameters [34]. Popular implementations use the Markov Chain
Monte Carlo [35], including BEAST and MrBayes [36, 37].

Maximum parsimony infers a tree by minimizing the total number of character-
state changes [38], a classic criterion in phylogenetic systematics. Parsimony has
been actively developed and widely applied in the past [39, 40]. For sequence-based
data, however, it has largely been superseded by other modern methods [41, 42].
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Nevertheless, parsimony remains a popular criterion for inferring trees from discrete
morphological data [43] and is applied in diverse phylogenetic tasks [44–46].

2.2 Distance-based methods

Distance-based methods constitute another group of methods for phylogenetic infer-
ence. They first estimate pairwise relationships, or distances, between input sequences
and rely on these distances to compute a phylogeny. This group includes the widely
used neighbor-joining algorithm [47] and other approaches such as balanced minimum
evolution [48]. Since they do not necessarily require an MSA and the expensive compu-
tations typical for maximum-likelihood optimization, these methods are significantly
more efficient and scalable. This efficiency makes them attractive for inferring ultra-
large trees of many thousands of taxa [49, 50]. However, this scalability comes at a
cost: reducing the evolutionary relationship between two sequences to a single distance
value implies a loss of information [51–53]. Simulation studies suggest that maximum
likelihood and Bayesian methods reconstruct phylogenies that are closer to the simu-
lated ground-truth [54, 55]. For real-world data, this conclusion has been challenged in
favor of distance methods for some cases, such as small alignments [56, 57]. Neverthe-
less, it is widely accepted that maximum likelihood generally produces more reliable
results, when provided with a realistic model and sufficient computation [58, 59].

3 Phylogenetic tree assessment

3.1 The need for assessing trees

Phylogenetic trees have become ubiquitous in everyday bioinformatics. When one
needs to represent evolutionary relationships, it is almost expected to construct a
phylogenetic tree. However, it is important to remember that a phylogenetic tree is
merely a mathematical abstraction. Following Korzybski’s famous metaphor that “the
map is not the territory” [60], we should interpret any tree as a hypothesis about the
evolutionary process that produced the observed sequences. This hypothesis must be
evaluated in different ways if we hope to extract reliable knowledge from it.

The field has developed a range of methods for evaluating phylogenetic trees. These
methods serve several purposes. First, they provide quality control. For example, con-
fidence measures, such as bootstrap support for maximum-likelihood trees or posterior
distributions for Bayesian trees, can indicate whether the input data contain enough
phylogenetic signal to confidently resolve certain relationships. Second, they provide a
basis for comparison between different trees. Lastly, different assessment functions are
naturally part of tree inference itself. Here, we take a closer look at different examples
of such assessment methods.

3.2 Accuracy assessment

Assessing the accuracy of a phylogenetic tree is a central task in development of
phylogenetic inference methods. This task consists of quantifying the accuracy of a
tree in general as well as identifying precisely which parts of the phylogeny are correct
and which are not. The standard approach for this task that has been applied in the
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field consists of the following steps. (1) Establish an input dataset—a set of input
sequences—used for inference. (2) Establish the “true tree”, i.e. the topology and
branch lengths that we think constitute the correct answer to the problem. (3) Infer a
tree (“assessed tree”) from this data using the tested method for a fixed set of values for
its parameters. (4) Compare the assessed tree with the true tree using some measure.

The input dataset can be simulated or represent real-world biological data. For a
simulated dataset, the true tree can be arbitrarily chosen in advance and then serve
as the model for simulation of the sequences. The advantage of this approach is that
it allows us to consider arbitrarily different input data in a controlled setting. For
real-world data, the practice is to choose biological alignments of different nature
and parameters, and perform a thorough search for a maximum-likelihood tree under
different models. The “best-observed” tree is then considered to be the true tree, as
the actual true evolutionary history of biological sequences is unknown. This approach,
for instance, is applied in [26, 61, 62].

The last step of this process is to compare the assessed tree with the true tree.
The standard way is to use Robinson–Foulds distance [63] and its variations. It counts
the number of splits that are supported by only one of the two compared trees. This
distance is arguably the most used measure for topological comparison because of its
simplicity, intuitive meaning, and optimal algorithmic complexity (linear in the input
size). Variations include missing branch rate [64, 65], a clade-based measure used in
[66], as well as different generalizations and normalizations [67–69]. Another popular
approach for the case of unrooted trees is to use the quartet distance, measuring the
number of sets of four leaves related by different topologies between the compared
trees. There also exist efficient algorithms (log-linear) for the computation of this
distance [70]. A related measure, the triplet distance, is defined for rooted trees. Other
measures used in benchmarking papers—such as PhyloSmew [61] and PhyloBench
[57]—include the agreement distance [71], the L1 metric over branches of two trees
with the same topology [72], and related measures.

All the measures described above are model-free: they require only the tree topolo-
gies as input and do not rely on evolutionary models. A straightforward model-based
way of assessing the goodness of a tree is direct likelihood comparisons. For a set of
trees inferred from the same data, regardless of the inference method used, the trees
can be compared by likelihood value under the same model. This assumes that the
one with the highest likelihood provides a better explanation of the data. Notice that
this is precisely the approach applied for selecting the ground truth tree for real-world
datasets. Several measures derived from raw likelihoods have also been used, such as
likelihood weight ratios, delta likelihoods, and others [73, 74].

3.3 Uncertainty assessment

Another important task is to quantify the degree of confidence that an inference
method assigns to the resulting tree. For a fixed topology, this can be done by defin-
ing a measure of uncertainty for each branch. The classical nonparametric bootstrap
[75] adapted to phylogenetics by Felsenstein [3] remains the most widely used support
measure. It generates pseudo-replicate alignments by resampling columns and recon-
structing a tree for each pseudo-replicate. The branch support is then assigned as
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the frequency with which a clade recurs across replicates. Although bootstrap can be
applied in both model-based and model-free settings, many modern bootstrap vari-
ants and large-scale applications have been developed within the maximum-likelihood
framework [2, 76, 77] and are therefore tailored to likelihood-based calculations.

Bootstrap is commonly applied to assess confidence of clades, although its classic
formulation does not represent either clade probability or p-values [78]. It is also
important to remember that an inference method will produce a tree connecting all
input data regardless of whether or not there is an actual evolutionary relationship
among all elements. In the absence of that relationship or in the case of a weak one,
certain branches might represent method-dependent noise rather than an actual signal.
Moreover, for statistically inconsistent methods, it can confidently support incorrect
branches. Bootstrap is therefore best understood as a way to provide a measure of
repeatability [79].

Bayesian phylogenetics implements an alternative way to assess trees by estimat-
ing posterior clade probability conditioned on the data and priors. It suggests a direct
probabilistic interpretation under the specified model and priors: the posterior proba-
bility of a tree or clade is the probability that the tree or clade is correct, conditioned
on the data, model, and priors [80]. However, this interpretation is strictly valid only
within the assumed model. If the substitution model or prior is misspecified, posterior
probabilities can become miscalibrated. This rather theoretical observation has been
repeatedly reported in the literature [81–83]. In particular, the Bayesian framework
often produces overconfident posterior estimates; see the work of Yang and Zhu [84]
and references therein. Although common in phylogenetics, this reflects a more gen-
eral problem of the Bayesian approach that has been studied in other contexts [85].
These observations highlight the importance of proper model selection in the Bayesian
framework.

A major limitation of these methods is their computational cost. Advances in
sequencing technologies have led to a dramatic increase in the volume of available data.
As a result, it is currently commonplace to consider many thousands of sequences to be
analyzed for the construction of a phylogenetic tree. This need led to the development
of more efficient approximate uncertainty measures [76, 77, 86–88]. At the same time,
large scale presents additional problems for uncertainty assessment, such as low sup-
port in deep branches, overconfident estimates, and difficulty of interpretation. These
and other reasons led to the development of bootstrap alternatives [89–92].

As we discussed earlier, the field of phylogenetics is increasingly impacted by recent
developments in the prediction of protein structures. We will now briefly discuss these
developments and the current state of structural phylogenetics.

4 Protein structures and phylogenetics

4.1 Protein structures carry deeper evolutionary signals

Beyond primary structure defined by amino acid sequences, proteins form secondary,
tertiary, and quaternary structures. Here, we restrict our notion of protein structures
mostly in their tertiary form (i.e. monomers), while partially discussing their qua-
ternary form (i.e. multimers). Unlike primary sequences, whose changes are directly
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driven by nucleotide mutation, protein structures are considered to be more resis-
tant to evolutionary change [6]. This property allows structures to preserve deeper
signals compared to sequences. As a result, structural comparisons may help resolve
remote homology beyond the explanatory power of sequence alignments, in the regime
commonly known as the “twilight zone” [93].

Since the early development of structural biology, protein structures were consid-
ered as carriers of evolutionary signals. Even before large-scale structural databases
became available, comparative analyses showed that protein folds can remain con-
served despite high sequence divergence. These observations suggested that structural
homology could reveal deep evolutionary signals that are difficult to resolve from
sequences alone [5, 94]. This view was accelerated by the establishment and expansion
of the Protein Data Bank (PDB), a systematic archive of experimentally determined
macromolecular structures [95, 96]. As the number of available structures increased,
several classification systems were developed to describe protein structural and domain
space, notably SCOP, FSSP, and CATH [97–99].

In parallel, structural alignment methods such as DALI enabled the detection of
remote structural homologs through geometric comparison of protein folds [100]. Later
methods, including CE [101], TM-align [102], and US-align [103], further improved
scalability and quantitative robustness of structural comparison. These resources and
algorithms supported the first attempts to describe the evolution of protein struc-
tures, including efforts to map the “protein universe” into recurrent folds based on the
evolutionary relationships defined by shared features of structural architecture [104].

Rather than replacing the conventional sequence-based phylogenetics, these
structure-based approaches developed as a complementary source of evolutionary
information, in cases where sequence similarity remains beyond the twilight zone.
Early studies show that relationships derived from protein structures are often broadly
concordant with sequence-based phylogenies [105], while later systematic comparisons
suggested that structure-based trees can provide additional resolution for homolo-
gous proteins with low sequence similarity [106]. However, these approaches remained
constrained by the limited availability of empirical structures, primarily due to the
technical intensity of the experimental determination of protein structures [107]. Con-
sequently, the growth of PDB was modest relative to the rapid expansion of sequence
databases, reaching the milestone of 100,000 entries only in 2014 [108]. This scarcity
of structural data hindered the extensive application of structure-based evolutionary
analyses for decades, until the landscape fundamentally changed with the advent of
accurate AI-based structure prediction.

4.2 AI-driven protein structural prediction

In 2021, we observed the emergence of deep learning-based structure prediction meth-
ods, most notably AlphaFold2 [109] and RoseTTAFold [110]. At the 14th Critical
Assessment of Structure Prediction experiment, AlphaFold2 achieved a level of accu-
racy that was regarded as a discontinuous improvement [111]. This breakthrough
was enabled in part by attention-based neural network architectures, better known
as Transformers [112]. Biological implementations of this architecture, such as in the
Evoformer module of AlphaFold2 and the three-track architecture of RoseTTAFold,

8



jointly integrate sequential, evolutionary, and structural information to accurately
predict protein structures.

Following this methodological breakthrough, the AlphaFold Protein Structure
Database offered predicted structures as a public resource at proteomic scale. It
provided more than 200 million structures, covering nearly the entire UniProt and
exceeding the size of PDB by orders of magnitude [113]. This expansion of structural
data has enabled biological analyses that were previously infeasible. For example,
Barrio-Hernandez and colleagues applied structure-based clustering at the scale of the
known protein universe, which identified millions of structural clusters, a substantial
fraction of which lacked existing annotations [114].

Such analyses were made possible not only by the availability of predicted struc-
tures, but also by the development of structural search methods fast enough to operate
on datasets of this size. A key advance was Foldseek, which reformulated protein
structure comparison as a sequence search problem by encoding each structure as a
sequence over the 20-state 3Di structural alphabet [115]. 3Di describes the local ter-
tiary interaction between each residue and its nearest spatial neighbor, using geometric
features derived from adjacent C-alpha coordinates and discretized through an autoen-
coder. This representation allows Foldseek to reuse highly optimized sequence-search
strategies from MMseqs2 [116], including fast k-mer prefiltering and vectorized align-
ment, while retaining sensitivity to remote structural similarity. This shift has enabled
a broader class of structure-centric homology analyses, most notably the aforemen-
tioned clustering approach [114] and scalable multiple structure alignment [117]. This
also allowed evolutionary studies with structures at unprecedented scale, such as viral
foldome comparisons that revealed relationships of Flaviviridae beyond the reach of
sequence-based methods [118].

Although AI-based methods have dramatically improved protein structure predic-
tion, it remains computationally limiting for large-scale analyses such as genome-wide
phylogenetics. For example, even accelerated implementations such as ColabFold,
extrapolating from its reported benchmark runtimes suggests that converting an entire
Escherichia coli proteome into predicted structures would still require approximately
100 hours [119]. In this context, protein language models provide a complemen-
tary route. These models learn contextual representations directly from amino acid
sequences through self-supervised training on large protein databases, enabling rapid
extraction of structural, functional, and evolutionary features [12, 120, 121]. Notably,
ProstT5 extended this framework into a bilingual protein language model trained on
both amino acid sequences and 3Di structural strings, enabling the “translation” of
protein sequences into structural tokens 3600-fold faster than ColabFold [122]. This
fills a gap towards the structural analysis at proteomic or metagenomic scale, allowing
for the development of structure-guided phylogenetic workflows capable of addressing
genome-wide data [123].

4.3 Structural phylogenetics with AI-predicted structures

The unprecedented expansion of the known protein structural universe has brought
renewed practical relevance to the direct use of structures in phylogenetic inference.
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One early approach in this direction was FoldTree, which uses all-vs-all Foldseek com-
parisons of input structures to derive a distance matrix and infer neighbor-joining trees
[16]. Its application to the fast-evolving bacterial RRNPPA receptor family illustrated
the potential of structural tree reconstruction when sequence-based signal is weak.
In parallel, Puente-Lelievre and colleagues treated Foldseek’s 3Di alphabet as a stan-
dard phylogenetic character system within conventional maximum-likelihood analyses,
introducing a route to model-based structural phylogenetics [124]. This framework
was subsequently generalized into an empirical substitution matrix for 3Di charac-
ters built from large structural datasets [14]. Such approaches provide plug-in models
for standard maximum-likelihood software such as IQ-TREE 2 [125], allowing struc-
tural alphabets to be analyzed using the same machinery that has long supported
sequence-based phylogenetics.

While 3Di established a foundation for representing protein structures as discrete
tokens, newer methods suggest complementary routes for alphabetizing structural
information. A notable example is The Embedded Alphabet (TEA), which discretizes
residue-level protein language model embeddings into a 20-letter alphabet using con-
trastive learning [126]. Unlike 3Di, which is derived directly from 3D geometry, TEA
is inferred from sequences and is designed to capture structure-aware similarity in the
latent space of protein language models. One recent study suggests that TEA may be
less sensitive than 3Di to conformational noise in structural phylogenetic inference,
while emphasizing that its broader phylogenetic utility remains to be established [127].

A distinct branch of structure-based evolutionary analysis has retained predicted
structures as geometric objects rather than converting them into alphabetized charac-
ter states. These approaches analyze predicted structures either through superposition-
based structural comparison or through alignment-free geometric descriptors. For
example, Seong and Krasileva used large-scale AlphaFold2 modelling and TM-align
based structural comparison of fungal phytopathogen secretomes, revealing struc-
turally similar effector families and recurrent folds across divergent species [128].
Methodological developments based on persistent homology distances further illustrate
that structural phylogenetics can proceed without residue-level embedding alphabets
[129, 130]. These studies, among many others, show that non-alphabetized repre-
sentations remain an important route for incorporating predicted structures into
evolutionary analysis.

In general, embedding alphabets offer an attractive route for converting high-
dimensional structural or language-model representations into discrete characters
compatible with conventional phylogenetic workflows. At the same time, predicted
structures can also be analyzed directly as geometric objects through superposition-
based comparisons, structure-derived distances, or alignment-free descriptors. How-
ever, the use of these methods raises important questions regarding the validity of
underlying evolutionary models, which we will discuss in more detail below. For a
broader overview of recent developments in protein structural phylogenetics, refer to
the recent review by Puente-Lelievre et al. [18].
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5 Current challenges in quantitative assessment of
structural phylogeny

5.1 Model-based measures are challenged with structure

The development of structural phylogenetics requires the measures of tree assessment
in the same way as sequence-based phylogenetics does. However, assessment of trees
inferred with structure faces additional challenges posed by the nature of structural
data. Here is when the distinction between model-based and model-free assessment
becomes important.

Application of any model-based measure to a structure-inferred tree, naturally,
would require an adequate model of structural evolution. However, these models
remain at an early stage compared to the sequence evolution ones, which have under-
gone decades of improvement and refinement. Most attempts to incorporate structure
still remain within the sequence-evolution framework, using structure to constrain
models of sequence evolution—see the recent review by Ferreiro et al. [131]. As dis-
cussed above, direct empirical models for 3Di characters provide one possible route
toward model-based structural phylogenetics. However, the initial approach of Puente-
Lelievre et al. [124] was reported to be outperformed by maximum-likelihood methods
based on sequence [132]. The later model of Garg and Hochberg [14] still requires
broader benchmarking and verification in different settings. It may therefore take some
time before the community develops a consensus on recommended model selection.

An alternative path in modeling protein structures is implemented in molecular
dynamics. Simulations of possible protein shape fluctuations allow for assessing confi-
dence of phylogenies inferred from protein structures [15]. However, this approach is
currently available only for distance-based methods [133] and not maximum likelihood,
as these models do not correspond to what is commonly understood by an “evolution-
ary model”. As a consequence, only model-free assessment (in terms of Figure 1) can
be applied to trees produced with this approach.

The lack of mature evolutionary models for protein structures also creates difficul-
ties for benchmarking new phylogenetic methods. As noted above, the ground truth
answers for inference assessment are either simulated or selected with maximum like-
lihood from real-world data. For structural phylogenetics, both strategies depend on
having a reliable statistical model of structural evolution. Sequence evolution models
can, of course, still be used to generate ground truth. However, if the goal is to develop
methods capable of inferring homology beyond the twilight zone, these ground truth
trees must represent evolutionary relationships that actually fall within that regime.
These relationships cannot be identified with sequence alone. Consequently, ground
truth trees should be selected or verified by model-free means capable of capturing
such relationships.

Another problem of evolutionary model-based evaluations lies in the assumption
of alignment column independence. This assumption is routinely made by sequence-
based Bayesian and maximum likelihood methods during the computation of the tree
likelihood for a given model and data. However, protein structures are physically main-
tained by interaction between sites, which naturally violates this assumption. This
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violation is expected to be stronger than for sequence data. The site interaction depen-
dence is further propagated to the inference of structure embeddings. For example,
the 3Di alphabet characters by design possess information about other arbitrarily dis-
tant sites. As Garg and Hochberg argue in their recent paper, “It is [...] not clear to us
that it is even possible for a single substitution to occur at the level of 3Di characters,
because of the structural dependence between sites” [14]. This presents an additional
problem for the evaluation of the likelihood function, even if a reliable evolutionary
model for structure is obtained. We therefore highlight the need to assess whether,
and to what extent, such dependencies can bias likelihood evaluations. It might also
require new developments in the maximum likelihood framework to relax, circumvent,
or otherwise account for the assumption of independent alignment columns.

5.2 Model-free methods provide complementary routes with
biological rationale

The considerations above suggest that, until statistical models of structure evolu-
tion are sufficiently developed, model-free assessment methods may be preferable as a
source of evidence and validation. Here, we revisit some of these methods, including
those recently applied in structural phylogenetics and others that may be useful in this
context. Rather than estimating support from an explicit model of evolution, these
approaches evaluate phylogenies from independent perspectives, often guided by bio-
logically plausible expectations. We begin with the measures introduced with FoldTree,
which focus on taxonomic congruence and molecular-clock consistency. We then con-
sider approaches based on phylogenetic reconciliation and thermodynamic principles,
providing additional perspectives for assessing structural phylogenies without relying
on evolutionary models of structures.

Moi and colleagues revisited the taxonomic congruence score (TCS) to quantita-
tively assess the quality of reconstructed phylogenies [16]. The score was originally
introduced as a “relative congruence score with NCBI taxonomy” to quantify how
guide-tree topology affects multiple sequence alignment quality [134]. As its name sug-
gests, TCS measures congruence between an input tree topology and a pre-established
species tree, such as NCBI, GTDB, or ICTV taxonomies [135–137]. The rationale
behind this approach is straightforward: if all other constraints are equal, a better
method is expected to recover a family tree with higher congruence to the estab-
lished taxonomy. However, the simplicity of TCS also introduces inherent limitations.
Because the score depends solely on the topology of the input tree and ignores
branches, it is unable to capture the impact of uncertain or distorted branches. It
is also directly affected by the reliability and resolution of the reference taxonomy
used for comparison. Nevertheless, TCS offers a systematic way to compare different
methods or parameter settings even when the ground truth is not firmly established
[138]. This property is particularly useful for quantitative assessment of structural
phylogenetics, where the majority of the data is previously unseen.

In addition to taxonomic congruence, Moi and colleagues assessed ultrametricity as
a model-free measure of phylogenetic quality, and found that structural trees tend to
be more ultrametric than sequence trees [16]. Ultrametricity can be quantified as the
variance in distances from the root to each leaf. Under the molecular clock hypothesis
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[139], a more ultrametric tree may be considered more consistent with the expected
evolutionary pattern. This is because all extant lineages should have accumulated
comparable total change since their last common ancestor. However, whether protein
structural evolution follows a molecular clock remains debated [18, 140, 141], and
some have argued that ultrametricity remains a questionable indicator of accuracy in
structural phylogenetics [132].

When a structural tree of interest is inferred as a supertree or from a supermatrix
of genes, one can also consider metrics that evaluate each branch with respect to the
underlying gene trees. ASTRAL introduced quartet support for supertrees, defined as
the proportion of quartets in the gene trees that support a given branch [142]. For
supermatrix analyses, the gene support index can serve a similar role by reporting the
number of gene trees that support each branch of the concatenated tree [143]. Although
these indices apply only when the final tree is derived from a set of individual gene
trees, they provide branch-wise measures of support that can complement confidence
estimates based on explicit models of sequence or structural character evolution. A
related but complementary approach is to assess the quality of gene trees with respect
to a given species tree through gene tree–species tree reconciliation. Among alternative
topologies of gene evolution, the most parsimonious tree is expected to require the
fewest duplication and loss events when reconciled with the corresponding species tree
[144, 145].

From the perspective of protein structure, biophysical models offer a complemen-
tary criterion for evaluating the plausibility of inferred evolutionary histories. However,
they have not yet been established as a benchmarking method for structural phylo-
genetic accuracy. Their focus is on whether a candidate tree implies a biophysically
credible evolutionary trajectory, compatible with fold stability, structural packing, and
site interdependence [146, 147]. For example, Potts models provide family-specific,
statistically derived energy landscapes learned from MSAs, in which residue couplings
can capture coevolutionary constraints associated with structural contacts, epistasis,
and function [148]. These models could be used to examine whether ancestral states or
substitutions inferred along a tree are compatible with the coevolutionary constraints
of a protein family. However, phylogenetic correlations in the input alignment can
affect Potts-based inference and should be considered when interpreting the resulting
scores [149]. Additionally, structure-based free energy predictors such as FoldX provide
practical tools for estimating the effects of mutations on protein stability [150]. Ther-
modynamic models further suggest that stability constrained evolutionary dynamics
can recapitulate broad patterns captured by empirical amino acid substitution matri-
ces [151]. These approaches introduce different biophysically informed perspectives on
evaluating phylogenies by linking inferred evolutionary histories to the structural and
energetic constraints acting on proteins.

6 Conclusion

Recent advances in machine learning have enabled large-scale prediction of protein
structures, paving the way for structural phylogenetics at scale. This has renewed
the question of how phylogenetic trees should be assessed after inference, especially
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if they hypothesize the evolution of structures. We have reviewed the main strategies
developed for phylogenetic tree assessment. The repertoire of such methods has been
under active development for decades, resulting in a range of approaches matured with
hypothetical and methodological support. However, many of these methods are not
immediately applicable to trees inferred from structures, as they directly or indirectly
require statistical models of evolution. Because evolutionary models for protein struc-
tures remain less mature than those of sequence evolution, the use of model-based
assessment tools common in traditional sequence-based phylogenetic analyses remains
difficult.

As reliable evolutionary models for protein structures have yet to be developed
and established, the validation and development of structural phylogenetics should
therefore be guided by external biological evidence. We have discussed model-free
assessment methods and several recent examples of their application in structural
phylogenetics. Establishing a quantitative framework for reliable assessment is par-
ticularly important in an emerging field such as structural phylogenetics. As Lord
Kelvin’s principle is often paraphrased, “If you cannot measure it, you cannot improve
it.” The methods reviewed here could form such a framework by quantifying where the
field currently stands. We expect our review to help guide progress towards reliable
phylogenetic approaches in the emerging era of AI-based protein structures.
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