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Simple Summary

Scientists often want to know when species, populations, viruses, bacteria or genetic
lineages separated from one another. Molecular clocks provide one way to answer this
question by using the accumulation of changes in genetic material as a measure of time.
However, these clocks are not simple stopwatches. Their speed can vary among organisms,
genes, populations and time periods, and the dates they produce depend strongly on how
they are calibrated. This review explains how molecular clocks work, why they can give
different answers, and how researchers can test whether a clock is suitable for a particular
dataset. We discuss different clock models, sources of biological and methodological
uncertainty, and the main ways in which clocks can be anchored to real time, including
fossils, geological events, ancient samples, pedigrees and directly measured mutation rates.
Understanding these issues is important because molecular clocks are widely used to
reconstruct evolution, human prehistory, pathogen emergence, species diversification and
past environmental change. Used carefully, they are powerful tools; however, when used
uncritically, they can create misleading historical narratives.

Abstract

Molecular clocks use the accumulation of genetic changes to estimate the timing of evolu-
tionary and demographic events. Since their formulation in the 1960s, molecular clocks
have evolved from relatively simple strict-rate assumptions into a diverse set of statis-
tical frameworks that include strict, relaxed, local and time-dependent models. In this
review, we examine the conceptual basis of molecular-clock inference and the biological,
demographic and methodological factors that influence clock estimates. We distinguish
mutation rates from substitution rates and discuss how molecular, genomic, life-history,
environmental and population-level processes can affect estimated evolutionary rates. We
then review the main analytical approaches used to estimate branch lengths and diver-
gence times, including maximum likelihood, Bayesian inference, parsimony-based methods
and regression-based techniques; we also focus on the statistical evaluation of clock-like
behaviour. Particular attention is given to calibration, as molecular clocks only become
informative for absolute time estimation when genetic distances are anchored to an external
temporal framework. We review calibration strategies based on fossils, geological and
biogeographic events, founder events, ancient sequences, pedigrees, direct mutation-rate
estimates, longitudinal sampling, secondary calibrations and externally estimated substitu-
tion rates. Finally, we discuss cases in which molecular-clock estimates show concordance
or discordance with independent archaeological, palaeontological or epidemiological ev-
idence, as well as cases where apparent agreement may reflect circular reasoning. We
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argue that molecular clocks remain essential tools for evolutionary biology, but that their
reliability depends on explicit model testing, transparent calibration choices and careful
interpretation of the results.

Keywords: molecular clock; divergence dating; substitution rate; calibration; relaxed
clock; Bayesian phylogenetics; ancient DNA; time-dependent rates; phylogeography;
evolutionary timescales

1. Introduction

The concept of the molecular clock was introduced in the early 1960s by Emile Zuck-
erkandl and Linus Pauling, who proposed that the number of amino acid differences in cer-
tain proteins between species could be used to estimate the time since their divergence [1,2].
Motoo Kimura later provided the mathematical foundation for these observations with his
Neutral Theory of Molecular Evolution, which posits that most genetic variation is neutral,
allowing for a nearly constant rate of molecular change: a key assumption underlying
the molecular clock [3]. With advances in DNA sequencing during the 1970s and 1980s,
molecular clocks began to be widely applied to DNA sequence data.

A molecular clock uses the accumulation of molecular substitutions along evolutionary
lineages to estimate divergence times. However, this requires the estimation and calibration
of substitution rates. Furthermore, the concept of molecular clock has evolved over time,
with recognition of its limitations, the introduction of more sophisticated models and
rigorous statistical validation. In this review, we outline the fundamental principles of
the molecular clock, describe the factors influencing evolutionary rate estimates, discuss
alternative clock models, survey key applications of the molecular clock, and provide
a detailed focus on calibration methodologies. Although examples are drawn from di-
verse taxonomic groups, human mitochondrial DNA is used as an extended case study
because its long history of molecular-clock application allows calibration, time depen-
dency, phylogeographic concordance and circular reasoning to be examined within a single
well-characterised framework.

Beyond summarizing molecular-clock models and calibration strategies, this review
emphasizes two issues often treated separately: the timescale dependence of estimated
evolutionary rates and the risk of circular reasoning when historical events are used for both
calibration and validation. We integrate model testing, calibration choice and independent
external evidence into a practical framework for evaluating molecular dates.

2. Factors Influencing the Molecular Clock

Several factors can influence molecular clocks, but before reviewing them it is im-
portant to distinguish several related terms. We use mutation rate for the rate at which
new sequence variants arise through replication errors, DNA damage, or repair, generally
expressed per nucleotide per replication, generation, or unit of time. In unicellular organ-
isms, newly arising mutations may be transmitted directly to descendant cells, whereas in
sexually reproducing species only germline mutations are heritable. We use substitution
rate for the rate at which sequence replacements accumulate along evolutionary lineages,
usually expressed as substitutions per site per unit of time. In classical population-genetic
terms, a substitution is completed when a mutation becomes fixed in a population [4].
Because only a fraction of newly arising variants increase in frequency and eventually
become fixed, the substitution rate reflects the long-term outcome of mutation, drift, and
selection and underlies the traditional molecular-clock concept proposed by Zuckerkandl
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and Pauling [1,2]. Under a simple neutral model, the neutral substitution rate is expected
to approximate the neutral mutation rate when both are expressed in equivalent temporal
units [4]. Finally, we use estimated molecular evolutionary rate, or simply evolutionary
rate, as a broader operational term for a rate inferred from observed molecular differences
over a specified timescale. Depending on the data and temporal depth, this estimate may
include recently arisen or segregating variants as well as substitutions that have persisted
over longer evolutionary periods and should therefore not automatically be equated with
either a directly measured mutation rate or a long-term substitution rate.

The instantaneous mutation rate is a key determinant of the substitution rate; regions
or species with higher mutation rates are likely to have higher substitution rates because
more genetic variants are available for potential fixation. Consequently, molecular clock
estimates are often specific to particular taxonomic groups, genomes, or specific genomic
regions, reflecting their unique mutational processes and evolutionary histories, including
selection and demographies. There is no universal molecular clock [4,5] and, in fact, not
even a single molecular clock exists for an organism [6].

For clarity, the factors influencing the molecular clock can be grouped into four
categories: Molecular/Genomic factors, which mostly influence the mutation rate; Life-
history / Taxon-specific factors, which influence both mutation and substitution rates; En-
vironmental and Demographic factors, which mainly affect the substitution rate; and
Statistical and Methodological factors, which do not affect biological rates but influence the
estimated molecular evolutionary rate (Figure 1). These influences are addressed in the
following subsections.

Factors influencing the Molecular Cloﬂ

Molecular/Genomic Factors
DNA/RNA polymerase fidelity, Repair mechanisms; Recombination hotspots, mtDNA
damage, Repeats and GC content, Epigenetic changes

Life-traits/ Taxon-specific Factors
Metabolic rate, Generation time, Body size, Speciation rate

Environmental and Demographic Factors
Temperature, Mutagens (radiation, chemicals), Selection (purifying, positive),
L Population size J

[J
[ - - -
Statistical and Methodological Factors
Clock models, Branch Estimation Method, Substitution Models, Calibration
U

Figure 1. Schematic representation of the factors influencing molecular-clock rates and their estima-
tion. The diagram distinguishes the mutation rate from the substitution rate, which traditionally
underlies the molecular clock [1,2]. Four broad classes of factors are represented: molecular and
genomic factors; life-history and taxon-specific factors; environmental and demographic factors; and
statistical and methodological factors. The first three can influence biological mutation or substitution
rates, whereas statistical and methodological factors affect the rates estimated from molecular data.

2.1. Molecular/Genomic Factors

Under the neutral theory of molecular evolution, the long-term substitution rate of
selectively neutral mutations is expected to approximate the neutral mutation rate, because
the number of new neutral mutations entering a population and their probability of fixation
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balance each other [3]. A higher mutation rate produces more genetic variants that may
eventually become fixed in a population, thereby increasing the substitution rate.

Mutations arise naturally through errors made by DNA polymerases, or by RNA poly-
merases in some viruses. As mentioned before, only mutations in the germline in sexually
reproducing organisms can become part of the gene pool. Different DNA polymerases
likely have different mutation rates. Although most have proofreading activity [7], some
errors escape correction. The main replicative DNA polymerases in bacteria and multicellu-
lar organisms typically have error rates in the range of 10-8-10"'0 errors per nucleotide per
replication, although these rates vary among species, polymerases and genomic regions [7].
For example, DNA polymerase 'y, which is responsible for replication of mitochondrial
DNA (mtDNA) in eukaryotes, is associated with the high spontaneous mutation rate of
mitochondrial genomes. However, this elevated rate is probably not explained solely by
lower polymerase fidelity, but also by oxidative damage within mitochondria [8].

Repair mechanisms are able to decrease overall mutation rates, but repair synthesis can
be less accurate than normal replication in some regions of the genome [9]. Human genomic
studies also suggested that hotspots of recombination or regions of higher recombination
have higher diversity [10] likely caused by the lower fidelity of repair synthesis following
homologous recombination.

Structural features of the genome may also influence mutation rates. Short repetitive
regions are prone to mutation through replication slippage. Some regions, including GC-
rich regions, may form secondary structures [11], and methylated cytosines are more prone
to deamination [12], for example.

Understanding the factors that influence mutation rates is not always required for
applying a molecular clock, but it is important for interpreting mutational patterns and
selecting appropriate substitution models.

2.2. Life-Traits, Taxon-Specific Factors

Mutation and substitution rates are specific to species, lineages and genomic regions,
because many of the biological factors that shape molecular evolution are taxon-specific.
These factors may alter the instantaneous mutation rate, but they may also affect hereditary
dynamics, reproductive patterns and life-history traits that determine how mutations are
transmitted across generations and eventually become fixed. Generation time, metabolic
rate, body size, reproductive strategy and, in some cases, speciation dynamics can all
influence substitution rates, but their relative importance differs substantially among
taxonomic groups.

One well-studied characteristic of a species that has been associated with substitution
rates is the metabolic rate of the species. The Metabolic Rate Hypothesis proposes that
species with higher metabolic rates tend to have higher substitution rates [13], potentially
because increased metabolic activity can elevate the mutation rate. One hypothesis is that
higher metabolic rates will likely generate more reactive oxygen species, which can result
in higher mutation rates [13,14]. This effect has been discussed particularly in relation
to mtDNA, which is widely used in evolutionary studies. A complementary hypothesis
is that higher metabolic rates may increase body temperature, which could reduce DNA
polymerase fidelity and thereby increase mutation rates [15].

Another life-history trait that can alter the molecular clock is the longevity of the
individual or more specifically the generation time [16]. Species with longer lifespans
usually have longer generation times, resulting in fewer generations and therefore fewer
opportunities for mutations to be transmitted over a specific period of time. This pattern has
been observed in animals with contrasting generation times [17], including hominoids [18].
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There is substantial evidence that smaller-bodied species tend to have faster estimated
molecular evolutionary rates compared to larger species, especially in vertebrates [13].
Other studies suggest that such a trend cannot be extended outside the vertebrates [5].
However, even the correlation in vertebrates might not be a direct parameter, as larger ani-
mals tend to have longer generation times and lower metabolic rates [19], both contributing
to slower estimated molecular evolutionary rates.

A final, more debated factor is the possible association between molecular evolutionary
rates and speciation rates. Higher speciation rates may be associated with accelerated
molecular evolution, especially if lineage splitting is accompanied by repeated founder
events, population subdivision, ecological shifts or changes in selection. However, this
relationship is less direct and more debated than the effects of generation time, metabolic
rate or body size. Correlations between speciation rates and molecular clocks have been
observed in plants, fishes, mammals and other taxa [20-23]. However, other authors
failed to detect such a trend or detected negative correlations [24,25]. Nevertheless, even
when correlations are detected between rate of speciation and substitution rate, they tend
to be weaker than when comparing substitution rates with temperature, body size or
generation time.

2.3. Environmental and Demographic Factors

Independently of species-specific mutation rates and life-history traits, substitution
rates can also be influenced by the environmental and demographic conditions experienced
by populations. These effects may arise through changes in the instantaneous mutation
rate, through differences in the strength of both positive and purifying selection, or through
variation in the probability that mutations become fixed.

Environmental temperature is one potential factor that can modify mutation rates
within species. This is particularly relevant for microbes, where growth temperature
can influence mutation rates [26,27]. Among animals, this could be particularly true for
ectotherms. This was shown for lizards [28], including Australian Eugongylinae skinks
where temperature was suggested to explain up to 45% of the observed variation in
synonymous mutation rates [29]. Not surprisingly, the same effect is not observed in
endotherms with internal temperature regulation [30]. In contrast, Liu et al. (2023) did not
detect any correlation between growth temperature and mutation rate per site per year in
13 prokaryotes and 107 eukaryotes, suggesting that the effect of environmental temperature
on mutation rate may not be universal [31].

Different populations can be exposed to different mutagens such as chemicals and
pollutants that can interfere with replication and repair. Exposure to mutagens may increase
the supply of new mutations and can consequently affect substitution rates, although the
long-term outcome also depends on selection and genetic drift [32-34].

Exposure to radiation, including natural ultraviolet radiation, is a classic environmen-
tal mutagen that increases the occurrence of errors during repair and replication, increasing
mutation rates. While there is no unequivocal study quantifying a linear relationship
between global UV exposure and substitution rate across species, intense UV exposure is
strongly linked to increased selective pressure and accelerated adaptation [35,36]. High nat-
ural background radiation in a coastal region of Kerala, India, was associated with higher
mutation rates in human mtDNA than elsewhere [37]. Nevertheless, to our knowledge,
there is no other study showing local alterations of mutation rates.

Purifying selection and positive selection can both substantially alter molecular-clock
estimates by affecting the probability that mutations become fixed. Purifying selection
removes deleterious mutations from populations, reducing the amount of genetic variation
that contributes to long-term substitution rates. However, deleteriousness is not binary as
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many mutations are mildly deleterious or nearly neutral. As a result, there is a continuum
between the instantaneous mutation rate, which includes newly arising variants that may
still be segregating, and the long-term substitution rate, which is mostly composed of
mutations that have survived the filtering effects of selection. This contributes to time-
dependent molecular evolutionary rates, as discussed later on. In recombining systems,
selection can act more directly on specific alleles, whereas in non-recombining systems
selection affects the entire lineage carrying a deleterious mutation. These effects can make
estimated molecular clocks appear accelerated or decelerated depending on the timescale
considered, and may lead to over- or underestimates of divergence times if not properly
accounted for, particularly when a rate is applied to a timescale different from that over
which it was estimated.

This effect is particularly clear in human mtDNA. Younger human mtDNA clades
contain a higher proportion of non-synonymous mutations [38,39]. Such mutations are
more likely to be deleterious [40,41]. Young clades also contain a higher proportion of
variants in structurally constrained tRNA and rRNA [42,43]. Beyond mtDNA, purifying
selection is clear in autosomal SNPs altering amino acids [44]. This raises an important
consideration for researchers. Researchers need to understand the functional aspects of the
genetic system or variation under study, to determine whether the analysed variation may
be under purifying selection. For example, Kivisild and collaborators [39], followed by
Soares et al. [38], proposed that synonymous variation in human mtDNA provides a more
nearly linear molecular clock because it is less affected by strong selection. In some cases, it
is less clear; the fast-mutating control region of the human mtDNA was typically described
as neutral in phylogeographic studies, but it contains several functional components for
the replication and transcription of the mtDNA [45], including regions that may contribute
to single-stranded secondary structures important for regulation [46].

Although the average effect of purifying selection across time can be modelled [38],
variation in the strength of this effect can also influence molecular-clock estimates. Re-
laxation of selective constraints can make the clock faster as more slightly deleterious
mutations persist in the population. Such relaxation has been suggested following human
demographic expansions after the Last Glacial Maximum [47]. During rapid expansion,
transient founder effects and increased drift may reduce the efficacy of purifying selection.
By contrast, once populations attain a large effective size, purifying selection is generally
expected to become more efficient because mildly deleterious mutations are less likely to
drift to high frequency [48]. Conversely, small effective population size does not necessarily
imply weaker selection in all cases, but increases the relative influence of genetic drift,
making the fate of mildly deleterious mutations more stochastic and reducing the average
efficacy of purifying selection. For example, Aizpurua-Iraola et al. (2025) reported that
purifying selection was not relaxed in the human population of Eivissa, despite its reduced
effective population size, when compared with other populations [49].

Positive selection can accelerate the evolution of a specific gene, making the molecular
clock faster as more functionally relevant mutations are positively selected. Arbiza et al.
(2006) found significant deviations from the strict molecular clock in hundreds of human
and chimpanzee genes: The authors interpreted many of these genes as showing accelerated
evolution [50]. However, one must consider that positive selection is rare when compared
with purifying selection. For example, some earlier work on the distribution of non-
synonymous mutations in human mtDNA was interpreted as evidence of regional effects
of positive selection associated with different climates [51]. However, most amino acid
changes failed to show geographic patterns and they were more likely to represent mildly
deleterious mutations that were still undergoing removal by purifying selection [40].
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A final demographic factor is population size. As noted above, effective population
size influences the efficiency of both purifying and positive selection. By itself, population
size should not directly determine the molecular clock under a strictly neutral model.
However, small effective population sizes increase the stochastic role of genetic drift,
potentially producing branches with fewer or more substitutions than expected under
an average substitution rate. They can also reduce the efficiency of selection, allowing
mildly deleterious mutations to persist or even become fixed. Population size can therefore
influence molecular-clock estimates indirectly, by altering the balance between drift and
selection and by increasing stochastic variation around the expected substitution rate.

2.4. Statistical and Methodological Factors

In addition to the biological factors that influence substitution rates, researchers must
estimate these rates from molecular data. The same sequence dataset may yield different
divergence-time estimates when analysed using different clock models or calibration priors.
Unlike the factors discussed above, these statistical and methodological factors do not
alter the underlying biological rate itself, but they can substantially affect the rate inferred
from the data (the estimated molecular evolutionary rate). Rate estimates depend on the
clock model; the analytical framework used to infer the phylogeny and branch lengths,
such as maximum likelihood or Bayesian inference; the method used to count or model
substitutions; the substitution model; data quality; and the calibration strategy. Substitution
models are required because different nucleotide or amino acid changes do not occur with
equal probability, and the same site may change more than once over evolutionary time. By
accounting for these patterns, the models provide more accurate estimates of branch lengths
and divergence times. Because these methodological choices determine how molecular
variation is converted into evolutionary time, they form the central focus of the remainder
of this review. The following sections therefore examine the main clock models, analytical
frameworks, statistical tests and calibration strategies used to estimate evolutionary rates
and divergence times and to assess clock-model adequacy.

3. Variations on Molecular Clocks

The concept of the molecular clock was originally formulated as a relatively simple
relationship between divergence time and the accumulation of molecular differences. In
this framework, genetic differences between lineages were interpreted as the result of
substitutions accumulating through time at an approximately constant rate. However,
the molecular-clock theory has evolved substantially, both conceptually and statistically,
leading to several alternative models that differ in how they treat rate variation across
lineages and timescales.

The original molecular-clock model corresponds to what is now called a strict molecu-
lar clock (Figures 2A and 3A). It assumes a constant rate of molecular evolution across all
lineages and time. This model may be appropriate for a particular genomic region within a
species or among closely related species, especially when rate variation among lineages is
limited. However, the assumption becomes increasingly restrictive in deeper evolutionary
comparisons, where lineages may differ substantially in life-history traits, demographic
histories, selective pressures and environmental conditions. Even closely related lineages
may exhibit evolutionary rate variation for the reasons discussed above. Despite these
limitations, strict molecular clocks can be statistically adequate in many datasets [52,53],
including widely studied mtDNA clocks in humans and other mammals [41,54,55] where
likelihood-ratio tests have often failed to reject clock-like behaviour [56]. However, failure
to reject a strict clock does not demonstrate that all lineages evolve at exactly the same
rate; it only indicates that the observed branch-length variation is compatible with the

https://doi.org/10.3390 /biology15151329


https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329

8 of 37

model given the available data. In contrast to the strict clock, relaxed molecular-clock
models allow molecular evolutionary rates to vary among branches of a phylogenetic
tree (Figure 2B) [57-59]. This is considered more realistic as different lineages and species
may evolve at different rates owing to the biological, demographic and environmental
factors discussed above, as selective pressure, temperature and population size. Relaxed-
clock models are commonly divided into two broad classes: correlated (Figure 3B) and
uncorrelated relaxed clock (Figure 3C). In the latter, evolutionary rates are obtained from a
statistical distribution independently of the position of the lineage in the phylogeny. In the
case of correlated relaxed clocks, evolutionary rates on related lineages or clades are more
similar than rates in phylogenetically distant lineages, assuming that evolutionary rates are
autocorrelated between ancestral and descendant branches. Relaxed clocks are particularly
useful in deep phylogenies, where the analysis includes species or lineages with different
substitution rates, potentially reflecting differences in mutation processes, selection and
life-history traits.

A. Strict Clock B. Relaxed Clock

o
I
>

Accumulation of variation
Accumulation of variation

v

Time Time

C. Time-dependent clock D. Local Clocks

Lineage 1

Lineage 2

Accumulation of variation
Accumulation of variation

v

Time Time

Figure 2. Schematic representation of four molecular clock models, illustrated by comparing the
accumulation of molecular variation over time in hypothetical datasets. Points represent individual
observations, while the lines indicate the expected relationship between accumulated variation and
time. Panels correspond to (A) a strict clock, shown in blue; (B) a relaxed clock, shown in red; (C) a
time-dependent clock, shown in green; and (D) local clocks, with grey and purple indicating two
sections of the phylogenetic tree evolving at different rates.

However, the use of relaxed clocks can be problematic. Because they estimate addi-
tional parameters [60], they can be sensitive to small datasets, limited temporal signal or
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poor-quality sequence data. Distinguishing among competing relaxed-clock models can
also be difficult, for example using Bayes factors [61], particularly when datasets are small
or weakly informative, increasing the risk that model choice becomes arbitrary. Strong bias
may be introduced if the assumed rate distribution does not adequately represent the true
pattern of the evolutionary rate variation. Because relaxed-clock models are highly flexible,
sequencing errors, alignment problems or misplaced taxa may sometimes be absorbed
as apparent branch-specific rate variation rather than identified as data-quality problems.
This can create false confidence in divergence-time estimates if data quality and model
adequacy are not carefully assessed [62].

A. Strict Clock B. Relaxed clock (correlated)

Evolutionary
rate
variation
HIGHER
RATE

1111

S—

C. Relaxed clock (uncorrelated) D. Local clocks

— |_|

Figure 3. Molecular evolutionary rate variation across four molecular-clock models. Panels cor-
respond to (A) a strict clock, (B) a correlated relaxed clock, (C) an uncorrelated relaxed clock and
(D) local clocks.

Time-dependent molecular rates represent a different dimension of rate variation
from the among-branch heterogeneity accommodated by relaxed-clock models (Figure 2C).
Relaxed clocks allow substitution rates to vary among branches of a phylogenetic tree,
whereas the time-dependent rate phenomenon refers to systematic differences among
molecular evolutionary rates estimated over different temporal depths. Time-dependent
clocks refer to the fact that estimated molecular evolutionary rates depend greatly on
the timescale over which they are estimated and later applied. Evolutionary rates are
often much faster when based on short timescales, such as pedigrees or recent events,
than the substitution rates obtained over ancient evolutionary timescales, often from
fossil calibrations. Accordingly, variation may accumulate rapidly over recent timescales
and more slowly over deeper timescales, producing the nonlinear relationship shown
in Figure 2C. When the estimated molecular evolutionary rate itself is plotted against
temporal depth, this time-dependent pattern is often described as J-shaped. The main
reason for this pattern is likely the previously explained effect of purifying selection. At
short timescales, many deleterious mutations may still be segregating, whereas strongly
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deleterious mutations are rapidly eliminated and mildly deleterious mutations may take
longer to be removed [38,40,41,43].

Evidence for time-dependent rate variation was reported in a study on Adélie pen-
guins, where ancient DNA (aDNA) calibrations produced estimated molecular evolutionary
rates six times faster than fossil calibrations [63], although previous analyses failed to de-
tect such a trend [64]. Time-dependent clocks have been documented in a wide range of
systems, including viruses [65], bacteria [66], Chloroplast DNA in plants [67] and different
genes in humans [68]. There are two main approaches to developing a time-dependent
molecular clock: one uses different calibrations at different timescales; the other uses a class
of mutations that is neutral, or close to neutral, and not extremely fast-evolving, in order
to avoid recurrences and hidden mutational events, and then models the contribution of
slightly deleterious mutations at different timescales of the tree. This was our approach
with human and other mammalian mtDNA, where we used synonymous variation for
this purpose [38,41]. This makes it possible to estimate a time-dependent curve even when
intermediate calibration points are difficult to obtain [68].

Finally, the local clock (Figures 2D and 3D) is an extension of the molecular clock
hypothesis that permits substitution rate constancy within specific phylogenetic clades, as
in a strict clock, but allows different clades to have different substitution rates [69-71]. A
local clock divides the tree into user-defined partitions, for example clades or branches,
each with its own constant substitution rate. The local clock can theoretically approximate
the use of correlated relaxed clocks (Figure 3B), in the sense that it allows specific clades
to have more similar substitution rates. Correlated relaxed clocks do not require the
user to specify in advance which lineages share a similar rate; however, local clocks offer
results that are easier to interpret biologically when prior knowledge strongly suggests
evolutionary rate shifts at certain phylogenetic splits. They also offer a simpler model,
avoiding some drawbacks of relaxed clocks, as discussed above, when there is strong
evidence for evolutionary rate homogeneity within partitions. Local clocks have been
successfully applied within primates [71], flowering plants [72] and viruses [69]. In fact,
this last example used an approach called flexible local clocks, which allowed local strict
clocks in some clades and relaxed clocks in others [69].

4. Analytical Tools for Estimating a Molecular Clock and
Statistical Evaluation

In this section, we provide a brief overview of tree-building methods and models
of sequence evolution, focusing on how they can influence molecular-clock estimation
and application.

4.1. Tree-Building Approaches and Branch Length Estimates

Different methods can be applied to phylogenetic reconstruction when the objective is
to estimate or apply a molecular clock. Character-based phylogenetic methods allow the
reconstruction of mutational events within a given sequence across species or individuals.
These methods include ML, BI and maximum parsimony (MP). Each method has strengths
and limitations in the context of molecular-clock analyses.

ML methods estimate the tree that maximizes the probability of observing the sequence
data given a specific evolutionary model. Branch lengths are estimated in terms of expected
substitutions per site, which is necessary for the estimation and application of a molecular
clock. ML accommodates different substitution models and evolutionary rate heterogeneity
across sites, and it can be extended to handle partitions when heterogeneous evolutionary
processes apply to different sections of the dataset, namely different genes in a concatenated
alignment or different codon positions in protein-coding DNA sequences. The substitution
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model employed influences the estimated rate of recurrent mutations in the data, which
directly affects branch-length estimation. ML can be run under a strict clock or without
a clock constraint, in which case branch lengths are estimated freely in substitutions per
site. Without temporal calibration, however, branch-specific evolutionary rates cannot be
separated from branch durations. This is an important feature for testing the applicability
of a molecular clock. ML also generally allows the implementation of local clocks. It is
computationally efficient and robust for large datasets, but it typically assumes a single final
topology, failing to account fully for uncertainty in tree reconstruction [73]. Software tools,
such as PAML [74], IQ-TREE [75], HyPhy [76] and PhyML [77], offer various possibilities
for the estimation, application and statistical testing of molecular clocks using ML.

BI methods use Markov Chain Monte Carlo (MCMC) sampling to estimate the poste-
rior distribution of trees, branch lengths and model parameters, including molecular-clock
parameters, based on the sequence data. Uncertainty in topology and branch length is
intrinsically incorporated in Bl methods, making them a frequently preferred approach
for molecular-clock dating. Bl methods are highly flexible, allowing the implementation
of strict and relaxed clock models, the simultaneous estimation of divergence times and
phylogeny, and the application of multiple calibration points while accounting for their
uncertainty. Partitions can also be applied in BI methods. BI inference is computationally
intensive and can handle large datasets; however, the analyses are often difficult to eval-
uate. Because topology, evolutionary rate variation and model parameters are estimated
simultaneously based on various priors, the model can fit the data in ways that do not
necessarily reflect biological reality. In particular, BI estimates can be strongly influenced
by prior assumptions on substitution rates, clock models, tree priors and fossil calibrations,
especially when molecular data and calibrations are weakly informative. In such cases,
posterior estimates may be driven more by the priors than by the sequence data [78,79],
yielding precise but biased age and evolutionary rate estimates [80]. The fact that Bl is often
regarded as a gold standard in molecular-clock estimation may also lead to overconfidence
by the researcher and discourage alternative analyses. BI molecular-clock estimates can be
performed using tools such as MCMCTree [81], MrBayes [82] and BEAST [83], which offer
multiple model and calibration options.

MP aims to reconstruct the tree that requires the minimum number of evolutionary
changes. MP is highly intuitive and computationally less demanding. However, because it
does not explicitly model sequence evolution or branch lengths, it is often regarded as less
suitable for molecular-clock estimation. One important limitation is that MP does not fully
account for recurrent and hidden mutations in the phylogeny, and consequently branch
lengths can be underestimated. Another issue is related to the reconstruction itself, as
long-branch attraction can cause unrelated lineages to be inferred as more closely related
due to convergent substitutions. This phenomenon is more frequent in longer branches,
which are often used for molecular-clock calibration, and can again lead to branch-length
underestimation. However, MP has been a useful tool in phylogeography [84] and in
intraspecific phylogenies where recurrent mutations and reversions have low probabilities.
MP networks are particularly useful in phylogeography because they often deal with
closely related haplotypes within species or populations, where recurrent mutations are
relatively rare and ancestral or intermediate haplotypes may still be sampled. In these cases,
networks provide an intuitive representation of mutational steps, unsampled intermediates
and geographic structure without forcing all relationships into a strictly bifurcating tree.
Haplotype networks can also be intuitively employed in scenarios where ancestral sequence
types are common.

In MP, branch length can be intuitively estimated as the number of mutations in each
branch. This leads to measures such as p (rho) [85]. The p statistic is a simple molecular-
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dating estimator that measures the mean number of mutations separating sampled se-
quences within a clade from their inferred ancestral root. When scaled by an appropriate
evolutionary rate, it provides an estimate of the clade’s age. A key advantage of p is that
it is mathematically unbiased under standard mutation models and does not require a
fully parametric demographic model or tree prior, making it a robust baseline estimator
against which more model-dependent approaches can be compared, despite its compara-
tively high variance. As demonstrated analytically and empirically, p yields age estimates
that are broadly consistent with ML and BI methods, while its transparency and limited
parameterization reduce sensitivity to overfitting and prior misspecification, particularly in
well-resolved phylogenies based on high-quality sequence data [86].

4.2. Statistical Methods to Evaluate the Reliability of a Molecular Clock

It is possible that some molecular datasets may be incompatible with a strict molecular-
clock model. Substitutions may accumulate at different evolutionary rates across lineages
owing to differences in life-history traits, selective pressures, or episodes of lineage-specific
rate alteration, among others. Before applying a molecular clock, it is therefore necessary
to evaluate whether the data and calibrations contain sufficient information to estimate
evolutionary rates and times; for heterochronous datasets, this includes testing for temporal
signal. The molecular-clock assumption should not be adopted automatically, but treated
as a hypothesis to be tested before being used for evolutionary interpretation. A strict-clock
model may be rejected for a dataset, while a relaxed or local clock may still provide an
adequate description.

Before evaluating a molecular-clock model, the underlying sequence data should
be carefully screened. Alignment quality should be assessed, poorly aligned regions
removed, substitution saturation evaluated, and recombination excluded or minimised
where possible. Sequence quality, taxon sampling and model specification should also be
checked. Assuming that these preliminary steps have been completed, the next stage is to
assess temporal signal and clock-model adequacy. An initial step is to conduct exploratory
analyses. One can run an MP tree or network, or an ML tree with no clock imposed.
Branch lengths may naturally vary substantially among clades or samples. For example,
in the human mtDNA phylogeny where a strict clock is often accepted [38], the African
haplogroup L2 has shown a very divergent branch length in one of its branches [87,88].
Such an approach is also useful to detect possible outliers, namely low-quality sequences
whose removal would normalize the use of a molecular clock.

Particularly in the case of heterochronous datasets such as viral and bacterial se-
quences, root-to-tip regression can be applied to test whether genetic divergence increases
with sampling time, using software tools like TempEst [89]. It is important to define that
this does not provide a formal statistical validation or rejection of the molecular clock, but
allows a first diagnostic test.

Other diagnostic tests are relative rate tests, such as Tajima’s test [90]. This is not a
formal evaluation for a full dataset but allows testing wether two sequences show the same
evolutionary rate in relation to an outgroup. The analysis can be used to develop a quick
screening [91] and even detect outliers in the two-by-two comparisons. Simple chi-square
clock tests can be used as relative-rate tests to check whether two lineages have accumulated
the same number of substitutions since their divergence from a common ancestor.

One of the most common and statistically robust approaches to test a strict molecular
clock is the likelihood-ratio test (LRT) [92], which is implemented in PAML [74] and
HyPhy [93]. Basically, LRT compares the maximized log-likelihood of a clock-constrained
model with that of an unconstrained model in which branch lengths vary freely (no-clock).
This likelihood-ratio statistic is compared against a chi-square distribution with degrees of
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freedom approximately equal to the difference in number of parameters between the two
models. This allows the rejection or non-rejection of a global molecular-clock hypothesis.
The LRT has been applied to the widely used human mtDNA molecular clocks either
aimed at the complete genome or coding region [38,41,54,94-96] consistently failing to
reject the clock hypothesis. However, this is not an absolute rule, as observed for the
African haplogroup L2 where LRT rejects the clock model [87,88,97]. Additionally, the LRT
may detect very small deviations from a strict molecular clock in large genomic datasets, so
statistical significance should be interpreted alongside effect size and biological context [52].

Likelihood-ratio tests have also been used to compare global-clock and local-clock
models [98], although their validity for local-clock comparisons can be limited depending
on model specification [99]. For local-clock comparisons, a permutation-based approach
was proposed that avoids these statistical caveats [70].

However, as mentioned before, the rejection of the strict molecular clock does not
necessarily imply that a clock is inappropriate; it can mean that a relaxed or a local clock is
necessary. As defined before, relaxed-clock models allow evolutionary rates to vary among
branches, whereas local-clock models assign different rates to predefined clades or lineages.

Strict vs. relaxed clock comparison is usually performed in a Bayesian setting using
BEAST [83] or BEAST?2 [100], where marginal likelihoods or posterior support for different
clock models are analysed. Bayes factors are commonly used in BEAST to compare clock
models [101], and model averaging is sometimes recommended when no single relaxed-
clock model is clearly preferred. In a model-averaging approach, information across a set
of plausible models is combined, weighting each one by its support, so uncertainty about
model choice is carried into the final inference [102,103]. For Bayes factors, path sampling
and stepping-stone sampling are recommended over the harmonic mean estimator, which
is known to be unstable for marginal-likelihood estimation. Beyond model selection,
posterior predictive simulation can assess whether a clock model is adequate, meaning
whether it can generate data similar to the observed data, not just whether it fits better than
alternatives [61].

A contrasting view is that Bayesian model comparison relies on marginal-likelihood
estimation and Bayes factors, which are sensitive to prior specification and are less naturally
framed as hypothesis-falsification tests than likelihood-based clock tests [56,104].

For heterochronous sequence data, date-randomization tests (DRT), or tip-date per-
mutation tests, can be used. The basic idea is to compare the clock-rate estimate from
the real sampling dates with estimates obtained after randomly permuting dates among
sequences; if the real-data estimate is clearly separated from the randomized distribution,
the dataset is considered to contain sufficient temporal signal to support molecular-clock
inference [105]. This approach is widely used in viral evolution [105], bacterial genomic
epidemiology [106] and aDNA. Methods include TreeTime for ML-based assessment [107],
LSD2 for least-squares dating [108] integrated in IQ-TREE [109], and BactDating for bacte-
rial datasets [106]. A more recent Bayesian approach is the Bayesian Evaluation of Temporal
Signal (BETS), which compares models with real dates, randomized dates, and no dates to
formally assess temporal signal. BETS is particularly useful when DRTs give ambiguous re-
sults or when sample sizes are small [110]. When no temporal signal is detected, molecular
dating may not be feasible with the current data.

5. Calibration of the Molecular Clock

Irrespective of the model or methodological approach used to estimate branch lengths,
uncalibrated phylogenetic trees provide, at most, relative measures of evolutionary diver-
gence. A molecular clock becomes informative for absolute dating only when these relative
distances are anchored to an external temporal framework through calibration.
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In practical terms, calibration is the procedure that allows branch lengths, which
are initially estimated as genetic distances or expected numbers of substitutions, to be
translated into absolute time depths. This is achieved by anchoring the tree to an external
temporal reference, such as a fossil age, dated sample, biogeographic event, archaeological
date, or another external temporal reference (Figure 4). Once such a temporal anchor is
introduced, the molecular clock can convert relative genetic divergence into estimates of
evolutionary time. In this section we will review the basic approaches to calibration.

A. Node calibration C. Tip-dating

I Temporal information of samples |

| Node calibration with fossils I

I Node A
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Figure 4. Various approaches to calibration including node calibration (A), founder ages (B), tip
dating (C), fossilized birth-death process (D), pedigrees (E), controlled laboratory conditions (F) and
longitudinal sampling (G).
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5.1. Node Calibration

Node calibration is one of the earliest and most widely used approaches, particularly
when fossil constraints are available. This is the classical approach for dating deep evo-
lutionary divergences. Basically, a fossil is assigned to a specific lineage or clade and its
geological age is used to constrain the age of a node, assuming a split time between those
lineages, usually species. Such is the case for Node A in Figure 4A. Assuming an age for
the specific split allows a time-frame to be applied to the whole phylogeny. The literature is
rich in this type of calibration, namely using the Human—chimpanzee split [38,111] or the
deeper Old World monkeys vs. hominoids [112], the Mammal-bird divergence [113,114],
Mouse-rat split [113], Eutheria-Metatheria [114], and the angiosperm crown-group appear-
ance in the fossil record for dating plants [115-117]. Traditional fossil-node calibrations are
somewhat abundant for animals and plants, but comparatively scarce for microorganisms
because the microbial fossil record is limited and often difficult to assign confidently to
specific groups.

Node calibration with the paleontological record has some drawbacks, namely the fact
that fossils provide minimum ages rather than exact divergence times, because the oldest
known fossil of a clade represents only a proximal estimate and is likely an underestimate
of the true node age. Nevertheless, this is less problematic if we consider the time scale.
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For example, if a clade is assumed to be 50 million years old (Myr) based on the oldest
fossil but is actually 55 Myr according to unknown evidence, the error is about 10%, which
might not be drastic given the broad confidence intervals typically associated with node
estimates. Additionally, fossil calibrations are commonly applied as soft bounds that permit
a small probability of violation, rather than hard bounds that strictly enforce minimum and
maximum ages, to accommodate uncertainty in the fossil record.

Other problems associated with node dating include the presence of ancestral polymor-
phisms. Before the split of a species into two diverging lineages, ancestral individuals or
populations may already carry genetic diversity, causing gene coalescence times to predate
the speciation event. In Bayesian analyses, fossil calibrations are most often implemented
as node-age priors; given the possibility of applying multiple calibration points under
relaxed-clock models, the posterior distribution of node ages can then recalibrate these
priors, effectively allowing the data to update the fossil-based constraints [41]. Another
issue associated with deep evolution is the time-dependent nature of evolutionary rates,
whereby long-term substitution rates are typically slower than short-term molecular evolu-
tionary rates estimated within recent clades, likely because purifying selection gradually
removes deleterious mutations over time.

Another mode of node dating in calibration is to associate the age of a clade with a
specific geological, climatological or biogeographic event. This calibration can correspond
to the split time of species or just the separation between groups or populations within the
same species (as Node B in Figure 4A). In the absence of fossil records, these events can be
assumed and defended for a given split.

The emergence of islands provides one such calibration. Examples include the sequen-
tial formation age of the Hawaiian Islands, which has been used to calibrate divergences in
endemic plants and arthropods, under the assumption that colonisation occurred soon after
island formation [118], and the emergence of the Macaronesian islands, which has been
applied to plant groups, marine invertebrates and lizards [119-121]. Changes in terrestrial
connectivity and marine barriers provide another class of calibration. The formation of the
Isthmus of Panama connected North and South America, enabling the large-scale fauna
exchange [118] while simultaneously separating Caribbean and Pacific marine species
populations [122]. Postglacial land bridges to Scandinavia have similarly been used in
phylogeographic calibration [123]. Seaway dynamics include the closure of the Central
American Seaway [118,124] and the opening and closure of the Strait of Gibraltar associated
with the Messinian Salinity Crisis [125].

Larger-scale tectonic processes, including the breakup of Gondwana and other plate-
tectonic events, have been used to calibrate deep divergences [126]. Mountain uplift,
such as the rise of the Andes and the Himalaya-Hengduan Mountains, can create both
dispersal barriers for biota and new high-elevation habitats [127-130]. The formation of
ancient lakes, including Lakes Tanganyika and Baikal, has been used to calibrate endemic
radiations within those lakes [131]. Finally, past climate events, including postglacial sea-
level changes and glacial-interglacial cycles, have frequently been used in phylogeographic
studies of species whose distributions expanded or contracted with ice sheets and sea-
level fluctuations [118,123,132-135], including studies of human migrations [136,137]. As
with fossil calibrations, node calibration using geological, climatological, or biogeographic
events is constrained by minimum-age uncertainty and the potential effects of ancestral
polymorphism that could be even more drastic for more recent calibration points as often
used in this type of calibration. However, it also depends critically on a robust and
defensible match between the biological event and the external historical assumption used
for calibration points.
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A related form of node calibration uses star-like phylogenetic patterns that may reflect
rapid population expansion, as illustrated by node C in Figure 4A. The logic is that a
demographic or environmental event may have triggered a major expansion, leaving a
shallow, poorly structured clade with many singleton mutations rather than deep internal
branching [138]. This differs from calibrating a split between two lineages: here, the focus
is on estimating the timing of the expansion itself, often by placing the inferred date just
before or around the onset of rapid growth. Such correlations have been made most often
with past climatic changes, especially postglacial expansions in Europe [139]. A more
statistical analogue of this approach is the identification of expansion times from Bayesian
skyline plots. One example of this approach concerns the human mtDNA haplogroups H1
and H3 [139,140], which show highly star-like phylogenies in Europe and were traditionally
interpreted as signatures of postglacial expansions. This interpretation has also been used
as a prior in Bayesian calibration [141]. However, aDNA evidence and more recent founder-
age estimates suggest that the main expansion most likely occurred during the European
Neolithic rather than immediately after the Last Glacial Maximum [142,143].

5.2. Founder Calibration

A related but less commonly applied approach to calibration is the estimation of
founder ages. Unlike traditional node dating, this method focuses on the timing of a
colonisation event by comparing the diversity found in a sink population with that in a
source population for a specific clade (Figure 4B). The underlying principle is that private
diversity in the sink arose after migration, which effectively resets the molecular clock
to zero once the founding lineage is identified. While this approach is typically used to
date migration events and the impact of a given migration based on an existing molecular
clock [144,145], it can also be employed as a calibration point. Island colonisation studies
in birds and insects have often inferred colonisation timing from the number of private
mutations in island populations relative to the mainland, under the principle that the
molecular clock effectively resets at colonisation [146,147]. For a direct estimation of a clock
based on private diversity, we calibrated a Y-STR haplotype network of haplogroup C-
M208 by assuming that the private diversity present in Remote Oceania, a well-established
migration context, accumulated after the colonisation events that began roughly 3000 years
ago [148]. In other contexts, such founder age estimates have been used primarily as
hypothetical checkpoints for calibration, as we will discuss below, although these could
have also been used for calibration [149,150].

5.3. Tip Dating

Tip-dating (Figure 4C) is a molecular dating and calibration approach that treats
the ages of sampled sequences (or fossils) as explicit data points, placing them directly
on the tips of the phylogenetic tree rather than using them only to constrain internal
nodes [151,152]. In this framework, the known or estimated ages of the sampled individuals
serve as calibration information that is integrated into the tree inference itself, allowing the
model to simultaneously estimate phylogeny, divergence times, and evolutionary rates.
This approach is particularly powerful for time-sampled datasets such as rapidly evolving
viruses, where sequences are collected over a few years or decades, and for palaeogenomic
studies that combine aDNA with modern genomes.

Tip-dating has become an important approach in bacterial and viral phylogenetics
because many viral and bacterial datasets are sampled over short enough time spans that
collection dates contain genuine temporal information [153]. In HIV-1, tip-dating has
been used to infer the timing of viral lineage evolution and proviral integration events,
with sampling dates serving as explicit tip calibrations [154,155]. During the COVID-
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19 pandemic, tip dating was widely used to date the emergence of SARS-CoV-2 and its
subclades [156-158]. For dating bacterial genomic phylogenies, BactDating has become a
standard approach and has been applied mainly to pathogenic bacteria [106,159-161].

Tip-dating has become a central approach in palaeogenomics, where the known ages
of aDNA samples are used as explicit tip calibrations to infer time-scaled phylogenies
alongside modern sequences. In this framework, the sampling dates of ancient genomes
are treated as data, allowing the model to simultaneously estimate phylogeny, divergence
times, and evolutionary rates without relying solely on node constraints from fossils or
biogeographic events [162-165]. This approach is particularly powerful for taxa with scarce
fossil records, such as humans and extinct megafauna. For example, tip-dating has been
applied to large datasets of ancient and modern human genomes to estimate evolutionary
rates and past demography mostly using human mtDNA [148,166-169].

Tip-dating is powerful, but it has several important drawbacks. First, it requires that
the dataset contains a clear temporal signal: the relationship between root-to-tip distance
and sampling time must be strong enough to justify using sampling dates as tip calibrations.
If temporal signal is weak or absent, the dates associated with sampling times can still bias
the inferred tree and distort evolutionary rate estimates. Several methods exist to assess
temporal signal before tip-dating, including root-to-tip regression (e.g., TempEst [89]),
DRTs [105], and BETS [110], which compare the fit of models with actual versus random-
ized sampling dates to determine whether the data contain sufficient temporal signal as
discussed above. Second, tip-dating is sensitive to date-randomization problems: if the
sampling dates are not informative (as when sequences are all collected over a very short
interval or when the time span is too small relative to the overall depth of the tree), the
model may produce spurious estimates that depend more on the model assumptions than
on the data [105]. Third, standard tip-dating models often assume that evolutionary rates
are relatively constant or follow a well-specified relaxed-clock model, which can be prob-
lematic in fast-evolving pathogens. Also, time-dependent molecular evolutionary rates can
distort tip-dating estimates [65], particularly when the sampling interval is short relative
to the tree depth. This time-dependence is strongly driven by purifying selection, which
removes deleterious mutations over time, leading to higher short-term rates that reflect
recent mutations with little selection effect (typically associated with clades containing
dated tips), while deeper time frames show lower rates due to the larger effect of purifying
selection [166]. This typically leads to overestimates of the evolutionary rate. Fourth,
tip-dating with aDNA introduces additional challenges because aDNA is often fragmented,
contaminated, and has uncertain calibration dates, which can lead to misplacement of
ancient samples and bias age estimates if their ages are inaccurate. Additionally, aDNA
likely contains artefacts that will increase the branch length of the dated tips, which could
again overestimate the molecular clock. Considering that branch lengths are small in many
cases where tip-dating has been used (as in the human mtDNA molecular clock), a small
number of artefacts can distort the clock into providing faster evolutionary rates. Recently,
Fernandes et al. (2025) [170] showed that the Allen Ancient DNA Resource (AADR), one of
the most comprehensive resources for ancient human palaeogenomics, contains several
nonsense and missense mutations that are likely to be highly pathogenic, with nonsense
mutations over 70 times more frequent in aDNA than in modern samples. Fifth, tip-dating
can be computationally expensive and convergence can be slow, especially in large datasets
with many time-stamped sequences, making it difficult to obtain robust Bayesian posterior
estimates without extensive runtime.

Interpreting tip-dated trees can be challenging because the model simultaneously
estimates phylogeny, node ages, and evolutionary rates, and disentangling the relative
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influence of data, model specification, data quality and priors often requires careful diag-
nostics and multiple sensitivity analyses.

5.4. Fossilized Birth—Death and Total-Evidence Dating

The fossilized birth-death (FBD) process provides a model-based framework for
incorporating fossil evidence into divergence-time estimation in a different way from
node dating. It models speciation and extinction processes but also the preservation and
sampling of lineages through time (Figure 4D). In a implified formulation, estimated
parameters include speciation rate, extinction rate, fossil-sampling rate and the probability
of sampling extant taxa. Fossils and extant specimens are treated as samples generated by
the same underlying diversification and sampling process. Fossils can be considered extinct
terminal lineages but may also represent sampled ancestors, either of an extant lineage or of
a later fossil [171-173]. This differs from node calibration, where fossils are translated into
minimum ages or probability distributions placed on predefined internal nodes. Rather
than using fossils only to constrain a small number of nodes, the FBD framework can
incorporate a larger proportion of the fossil record and explicitly model the process through
which fossil observations were generated.

The FBD analysis can be applied in different ways depending on the available evi-
dence. In one approach, fossils are assigned a priori to particular clades on the basis of
previous taxonomic or morphological evidence, and their ages contribute to divergence-
time estimation even when morphological character matrices are unavailable [172]. A
more integrative application is total-evidence dating, in which molecular sequences from
extant taxa are analysed together with morphological characters scored for both extant
lineages and fossil taxa, and with the stratigraphic ages of the fossils [174-176]. In this
framework, fossil placement is also not necessarily fixed in advance but is estimated from
the morphological evidence, meaning that phylogenetic relationships, divergence times,
evolutionary rates and aspects of the diversification process of the lineages are inferred
simultaneously with separate evolutionary models typically applied to molecular and
morphological components. Total-evidence dating under the FBD process has several
potential advantages. It can use multiple fossils rather than only the oldest fossil assigned
to each calibrated clade and can permit fossils to occupy stem or crown positions according
to the character evidence. Applications to groups such as Hymenoptera and penguins have
shown that including fossil morphology can substantially affect both fossil placement and
estimated divergence times [174-176].

These approaches also introduce important assumptions leading to potential sources
of error. Fossil placement depends on the availability and quality of morphological char-
acters and on the adequacy of the model used to describe morphological evolution. The
construction and scoring of morphological matrices require considerable taxonomic and
anatomical expertise and may involve subjective decisions concerning character homology,
delimitation of character states, ordering, dependency, and the treatment of ambiguous or
inapplicable observations. These difficulties are amplified by the fragmentary and uneven
preservation of fossils, which often results in extensive missing data and restricts scoring to
a subset of anatomical structures. Even outside total-evidence dating, misclassification of
fossil or extant specimens can bias FBD-based estimates. Constant speciation, extinction
and fossil-recovery rates may also be unrealistic for groups with long and complex evo-
lutionary histories, although skyline FBD models allow these parameters to vary across
temporal intervals [177]. FBD and total-evidence approaches should therefore not be re-
garded as automatically superior to node dating; their reliability depends on the quality
of the fossil and morphological data, realistic sampling assumptions, appropriate prior
specification, and sensitivity analyses under alternative models [175,177].
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The FBD process and total-evidence dating are implemented in several Bayesian phy-
logenetic platforms. In BEAST2, sampled-ancestor and FBD analyses are available through
associated packages, while morphological and molecular partitions can be incorporated
into joint Bayesian analyses [100,173,176]. RevBayes provides a flexible graphical-model
framework for specifying FBD and combined-evidence analyses, including models based
on individual fossil occurrences or stratigraphic ranges [178].

5.5. Direct Measurement of Mutation Rate

Direct measurement of mutation rates involves observing mutations over known,
very short time intervals, typically through pedigree studies (Figure 4E) and laboratory
experiments (Figure 4F). These methods mainly provide germline mutation rates (the rate
at which new mutations arise in a single generation) rather than evolutionary /substitution
rates (the rate at which mutations accumulate over long evolutionary timescales). As
discussed above, these two rates are related because variants emerge through germline
mutations. However, comparing these rates is challenging because pedigree-based mu-
tation rates may be higher than long-term evolutionary rates, sometimes substantially
so, although the magnitude and even the presence of this discrepancy depend on the
molecular marker and mutational process considered. Moreover, pedigree-based mutation
rates are generally expressed per generation, whereas long-term substitution rates are often
expressed per year; numerical comparisons therefore require conversion using an assumed
generation time.

One such example is parent-offspring (pedigree) studies for Y-chromosome mutation
rates. Various studies analyse father-son pairs to count Y-chromosomal short tandem repeat
(Y-STR) mutations transmitted across a single meiosis. While these studies report mutation
rates averaging 2-3 x 1073 mutations per locus per generation [179-181], evolutionary rates
inferred from population divergence are substantially lower at 6.9 x 10~% mutations per
locus per generation (assuming a generation time of 25 years in the publication) [182]. This
discrepancy possibly arises because STRs mutate rapidly via slippage, but many mutations
are lost over time due to selection or drift, creating a difference between observed germline
rates and long-term substitution rates.

Mother—offspring pairs have also been analysed to count mtDNA mutations trans-
mitted across a single generation. Pedigree-based estimates of the mtDNA mutation rate,
obtained from mother—offspring transmission or deep maternal genealogies, are often
substantially higher than long-term phylogenetic substitution rates [183]. In mtDNA,
heteroplasmy, the germline bottleneck, drift, saturation and purifying selection can con-
tribute to this difference, making pedigree rates inappropriate as direct calibrations for
deep evolutionary timescales without careful modelling.

Studies based on whole-genome sequencing of parent—offspring trios or quartets have
estimated de novo mutation rates of approximately 1-2 x 10~® mutations per nucleotide
per generation [184,185]. Assuming a generation time of 25 years, this corresponds to
approximately 4-8 x 10~1? mutations per nucleotide per year, which is broadly comparable
to long-term phylogenetic estimates of approximately 1 x 10~? substitutions per nucleotide
per year obtained from large-scale primate genomic comparisons [186,187], although rates
vary among genomic regions and primate lineages. Nevertheless, a study of a large non-
recombining region of the Y chromosome likewise found overlapping pedigree-based
germline mutation-rate and phylogenetic substitution-rate estimates [188]. This contrasts
with the substantially higher pedigree-based rates commonly observed for rapidly evolving
markers such as mtDNA and Y-STRs. Nuclear whole-genome estimates therefore do not
show the same marked discrepancy between pedigree-based and phylogenetic rates and
may represent a case in which the germline mutation rate provides a useful approximation
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to the long-term evolutionary rate. However, given the complexity of whole-genome
analyses and differences among studies in genome annotation, variant filtering, and the
genomic regions analysed, these estimates may not be directly comparable, and their
relationship remains an area of ongoing investigation.

These analyses can also be performed on deep-rooted pedigrees that include many
more meiotic events and provide greater temporal depth [189]. Nevertheless, deep-pedigree
rates still reflect germline mutations, not long-term substitution rates. Pedigree-based
mutation-rate estimates are not restricted to humans; they have also been obtained in
domesticated and model organisms such as dogs, wolves, rhesus macaques, and chickens,
often using extended pedigrees or parent-offspring trios [190-193].

Pedigree-based mutation rates introduce an additional difficulty when used for molec-
ular dating: they are usually estimated per generation, whereas evolutionary timescales
are expressed in years. Conversion therefore requires an assumed generation time. In
humans, this value is not fixed and has been widely debated, with estimates depending
on whether one uses ethnographic, demographic, genealogical, or genomic information.
Recent genome-based work has estimated an average human generation time of around
26.9 years across the last 250,000 years [194], but also shows sex-specific differences, with
fathers generally older than mothers at reproduction. This means that even before consid-
ering selection, saturation or time dependency, the simple conversion of a per-generation
mutation rate into a yearly rate can introduce significant uncertainty.

Another direct method for measuring mutation rates uses controlled laboratory ex-
periments in organisms ranging from animals to microorganisms (Figure 4F). For exam-
ple, studies in laboratory mice reported a germline base-substitution mutation rate of
5.4 x 1077 per nucleotide per generation, about half the rate reported in humans [195].
Direct measurements have also been made for bacteria [196,197] and even viruses [198].
However, laboratory measurements of mutation rates may not translate directly to natural
conditions because they are obtained under highly controlled, optimised environments
that differ substantially from natural settings. Fitness, generation times and mutation
rates may differ substantially between laboratory and natural environments. The mutation
rate itself evolves rapidly in response to demographic and environmental changes. Thus,
laboratory-derived mutation rates, while useful for controlled comparisons, may not reflect
the true mutagenic processes operating in natural environments.

In fast-evolving systems, evolutionary rates can also be inferred from longitudinal
sampling of the same population at multiple time points (Figure 4G), by tracking the
accumulation of genetic diversity over time. This approach has been used, for example, in
HIV-1, where serial samples from a single patient yielded a per-site per-year rate estimate
based on the increase in polymorphism through time [199]. The very large number of
SARS-CoV-2 genomes generated during the pandemic similarly enabled such approaches to
be applied to the dating of population-level events, as the emergence and spread of genetic
diversity could be tracked using phylogenetic methods in real time [200,201]. However,
because these estimates depend on the fate of segregating variants, they are influenced
by selection, drift and changes in population size. They therefore do not necessarily
correspond directly to pedigree-based germline mutation-rate estimates. Their relationship
with long-term substitution rates is also not straightforward, since short-term estimates
may include transient variants that will not persist over longer evolutionary timescales.

5.6. Indirect Dating

When no direct external calibration is available, molecular dating can still be attempted
by importing temporal information from outside the focal dataset, either through secondary
node-age calibrations or through externally estimated substitution rates. These approaches
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can provide a temporal scale, particularly in Bl frameworks where they may be imple-
mented as priors, but they are intrinsically dependent on assumptions made elsewhere and
should therefore be treated as sources of uncertainty rather than as fixed empirical anchors.

When direct external calibrations are unavailable, researchers sometimes rely on
secondary calibrations: node ages taken from previous molecular dating studies and
applied as temporal constraints in a new analysis. This approach can be useful when no
fossils, dated tips, archaeological dates, or well-justified biogeographic events are available
for the focal dataset. However, secondary calibrations are generally among the least robust
forms of calibration, because they do not constitute independent evidence [202]. Any
uncertainty, bias, model misspecification, taxonomic error, or inappropriate prior used in
the original study can be carried forward into the new analysis, sometimes without being
fully represented in the secondary constraint. This can create a chain of dependence among
studies, where apparently independent molecular dates ultimately derive from the same
original assumptions. For this reason, secondary calibrations should be used cautiously,
ideally as broad priors rather than fixed ages, and their influence should be assessed
through sensitivity analyses comparing alternative calibration schemes [203]. Nevertheless,
in some cases they may be the only practical option for introducing a temporal scale into
the analysis.

Another possibility, especially when no external temporal information is available for
the tree itself, is to calibrate the molecular clock using an externally estimated substitution
rate, often from an evolutionarily close species or from a comparable genomic region. In this
case, the rate is not inferred from fossils, dated samples, or node-age constraints within the
analysis, but is imposed from previous empirical work on the same gene, genome region,
taxonomic group, or comparable evolutionary system. This strategy can be useful when
independent evidence suggests that the rate is relatively stable and transferable. However,
a rate estimated in one context may not apply to another, because evolutionary rates
can vary among lineages, genomic regions, populations, demographic regimes, selective
environments, and timescales. In Bayesian analyses, externally estimated evolutionary
rates can be incorporated as priors on the clock rate, but their uncertainty should be
explicitly represented and their effect on posterior date estimates should be evaluated
through sensitivity analyses [79].

6. Historical Evaluation of Molecular Clock Results

It is possible that, even when a researcher approaches the estimation of a molecular
clock properly (with appropriate models, well-inferred phylogenies, and reliable calibra-
tions), the resulting clock estimates do not yield an easily interpretable picture for the data.
This could reflect the fact that speciation and demographic events are not closely linked
to known geological or palaeontological events, or it could indicate that the clock model
itself is misspecified. Many factors can contribute to such discrepancies, including poorly
dated fossils, high levels of ancestral polymorphism, evolutionary rate heterogeneity, or
other sources of bias. Nevertheless, many molecular-clock estimates show good agreement
with expectations from speciation patterns and demographic models. In the following
sections, we first consider comparative phylogeographic examples involving diverse taxa.
We then use human phylogeography as an extended case study, focusing principally on
mtDNA because it provides a particularly well-characterised framework for evaluating
time-dependent evolutionary rates, founder-age estimation and concordance with indepen-
dent archaeological and ancient-DNA evidence. A complementary Y-chromosome example
illustrates how molecular-clock interpretations can gain support from evidence generated
after the original estimates. Finally, mycobacterial molecular clocks provide a contrasting
microbial example and illustrate the risk of circular reasoning.
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6.1. Phylogeographic Concordance

One way in which molecular-clock estimates can gain credibility is through concor-
dance, a concept widely used in ecology and comparative phylogeography [204,205]. In
this context, concordance refers to the observation that independently analysed taxa, genes,
populations, or species assemblages produce temporally and geographically compatible
histories. The logic is not that any single molecular date validates the clock, but that
repeated agreement across independent lineages can support the inference that the clock
estimates are capturing a real historical process. If several taxa distributed in the same
region show demographic expansions, range shifts, or divergence events that fall within
the same palaeoenvironmental window, and if these estimates were obtained using in-
dependent calibrations or plausible evolutionary rate models, then the convergence of
evidence becomes informative. This form of evidence is especially useful when the events
being inferred are not used as calibrations, because it avoids the most obvious form of
circular reasoning,.

A classic example comes from comparative phylogeography of Europe, where many
temperate species show genetic signatures consistent with restriction to southern refugia
during the Last Glacial Maximum followed by postglacial recolonisation of central and
northern Europe. The phylogeographic patterns are not identical across taxa, because
species differed in ecology, dispersal capacity, population size and refugial distribution.
Nevertheless, studies comparing mammals, amphibians, insects and trees have found
recurrent broad-scale patterns, including Iberian, Italian, Balkan and other southern refugial
sources, followed by northward expansion after climatic amelioration [135,206]. However,
concordance can easily lead to circular argumentation. In some cases, an independently
calibrated molecular clock can be used to test whether a lineage expanded during the
postglacial period, as in the brown bear example [207]. In other studies, however, the
presumed timing of postglacial expansion is itself used to calibrate the clock [123]. In
such cases, the resulting molecular date cannot provide independent support for the same
historical event. As discussed above, some mtDNA haplogroups that were originally
interpreted as having expanded during the postglacial period [137,139] and were later
used as priors in calibration analyses [141] are now more likely to reflect later Neolithic
expansions [142]. This illustrates the risk of assuming concordance between molecular
dates and palaeoenvironmental events without independent validation.

The rise of the Isthmus of Panama is a particularly influential example, because it
separated marine populations between the tropical eastern Pacific and western Atlantic,
producing many transisthmian sister lineages. In principle, if divergences dated using
independent fossil or phylogenetic calibrations cluster around phases of seaway restric-
tion or final closure, this provides evidence that molecular clocks are recovering a shared
geological signal. However, the Panamanian case also illustrates why concordance must
be interpreted critically. Several studies have shown that transisthmian divergences are
heterogeneous and that some estimates predate the canonical final closure of the Isthmus,
suggesting earlier ecological or geological barriers, taxon-specific histories, continued
gene flow, or problems with assuming a single vicariant event for all species pairs [208].
Fossil-calibrated analyses of marine invertebrates, including ark clams and earlier gastro-
pod studies [209,210], recovered divergence times much older than final closure, while
multilocus and comparative analyses of snapping shrimps, fishes and broader marine
datasets have emphasised that different taxa do not necessarily record the same temporal
history [211-213]. Thus, Panama provides a valuable example of partial concordance be-
tween molecular clocks and geological history, but also a warning that apparent agreement
may depend on the calibration model and on whether the Isthmus itself is being used as
the temporal anchor.
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6.2. Human Phylogeography

Human demographic history provides one of the most intensively studied applications
of molecular-clock inference. This is particularly true for mtDNA, which has been used
for several decades to investigate the timing of major events such as the origin of the
deepest maternal lineages, expansions within Africa, the dispersal of modern humans out
of Africa, the settlement of Eurasia and Australasia, and later regional processes such as
the recolonisation of Europe after the Last Glacial Maximum or the spread of farming.
The appeal of mtDNA for this purpose is clear: it is non-recombining, effectively haploid,
maternally inherited, present at high copy number, and structured into a well-resolved
global phylogeny. These features make it possible to estimate the ages of haplogroups and
founder lineages and to compare those estimates with archaeological, palaeoenvironmental
and, more recently, aDNA evidence.

The time-dependent mitochondrial clock proposed by us in 2009 [38] was developed
to address the problem of assuming a constant substitution rate, using a palaeontological
calibration and a mathematical correction for time-dependency. The human mtDNA phylo-
geography framework therefore offers a particularly useful case study for asking whether
a molecular clock can recover demographic events that are independently plausible from
archaeology, palaeoenvironmental evidence and population history, while also avoiding
the direct use of those events as calibration points. In the following examples, we therefore
focus on cases where the human mtDNA clock has been used to infer demographic pro-
cesses and where the resulting dates can be compared with independent lines of evidence.
The purpose is not to argue that mtDNA alone can resolve human population history,
especially in light of the resolution now provided by genome-wide aDNA, but to assess
whether a well-characterised and explicitly time-dependent molecular clock can generate
historically coherent demographic estimates.

The human mtDNA phylogeny coalesces at around 200 thousand years [214] in
Africa, supporting, alongside fossil, archaeological and genomic evidence, the widely
accepted African origin of modern humans [54,215]. The out-of-Africa dispersal provides a
particularly important case in which molecular-clock estimates can be evaluated against
independent palaeoanthropological and archaeological evidence. In the human mtDNA
phylogeny, the major non-African founder haplogroups M and N are nested within the
African haplogroup L3, and their coalescence ages provide a lower bound for the emergence
and early expansion of the maternal lineages ancestral to present-day non-Africans. Using
the aforementioned molecular clock, the age of L3 is likely just above 70 ka [38,54,96],
while the main non-African founder lineages M and N fall mostly within the range of
70-60 ka [38,96,214,216]. This suggests an out-of-Africa dispersal after 70 ka, but probably
closer to 60-65 ka, followed by a rapid movement across southern Asia [95,96,216].

This chronology is also broadly concordant with fossil and archaeological records. In
Island and Mainland Southeast Asia, early modern human evidence includes Lida Ajer
in Sumatra, dated to approximately 63-73 ka [217], and Tam Pa Ling in Laos, dated to
approximately 67-73 ka [216,218]. In Sahul, the oldest secure evidence from northern
Australia falls around 53-60 ka, or as old as 53-65 ka under less conservative readings [219].
A dispersal reaching Sunda and Sahul around 60-65 ka is therefore not an isolated molec-
ular inference, but one that fits reasonably with the available archaeological, fossil and
palaeoclimatic evidence, including proposed windows of favourable crossings into Sahul
around 59-65 ka [216]. The molecular clock dates align with the independent evidence
for early modern human presence in Southeast Asia and Australia. The main strength
of the mtDNA estimate is not that it provides an exact date for the exit from Africa, but
that it yields a coherent chronological framework. However, recent recombination-based
estimates place the shared Neanderthal-admixed ancestry of later non-Africans around
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47 ka [220,221]. Reconciling these estimates with evidence for modern humans outside
Africa before 50 ka remains an open and actively debated question, potentially involving
population structure, early dispersals with limited genetic continuity, or methodological
differences among the approaches.

The settlement of Remote Oceania provides one of the clearest examples of concor-
dance between molecular-clock estimates and an independently established archaeological
chronology. Unlike many older demographic events, the colonisation of Remote Oceania
was relatively recent, geographically structured, and well dated by radiocarbon evidence
associated with the Lapita expansion and subsequent Polynesian dispersals. It therefore
offers a particularly useful test case for founder-age methodology: estimates derived from
mtDNA diversity accumulated after settlement should broadly reproduce the indepen-
dently documented chronology.

Founder-age estimates based on mtDNA haplogroup B4alal [222], including the
Polynesian motif, closely match this archaeological sequence: the overall founder age for
Remote Oceania was estimated at approximately 3.2 ka [2.7-3.7 ka], in close agreement with
the radiocarbon evidence for the initial settlement of Vanuatu and the broader early Remote
Oceanian expansion [149,223]. Crucially, these genetic dates were not obtained by imposing
the archaeological chronology as a calibration but were estimated from mtDNA diversity
accumulated after migration into each island region, using the complete-mitogenome
clock [149]. This concordance therefore provides external validation of the founder-age
approach and supports the performance of the time-dependent mtDNA clock over recent
Holocene timescales, while also justifying its application to more complex and less directly
dated regions.

Founder-age analyses using the same time-dependent mtDNA clock have also pro-
duced estimates that are broadly concordant with independent demographic and archaeo-
genetic models in other regions. In Africa, founder ages for maternal lineages entering
southern Africa identified a major signal around 2 ka, in agreement with the expected
timeframe of the Bantu expansions [224]. In Europe, the inferred arrival times of several
haplogroup JT clades showed a close correspondence with their first detection in the aDNA
record [225]. Similarly, in Island Southeast Asia, clades displaying a clear phylogeographic
signal compatible with the “out-of-Taiwan” model yielded migration estimates around
4 ka [148,150]. Although the latter two cases are not as direct a validation as the Remote
Oceanian comparison, because they depend partly on the completeness of the aDNA record
or on broader interpretative models, they nevertheless show that founder-age estimates
can produce historically coherent results across different regional contexts.

A particularly informative European case concerns the Y chromosome, the pater-
nal counterpart to mtDNA, and illustrates the importance of independent validation for
molecular-clock interpretations. Earlier studies of European Y-chromosome variation often
interpreted major paternal lineages as reflecting either postglacial recolonisation [226] or
Neolithic expansions [227] associated with the spread of farming. Batini et al. (2015), using
high-coverage resequencing of 3.7 Mb of the male-specific Y chromosome in 334 males,
instead detected a much more recent continent-wide expansion of European patrilin-
eages [228]. Their dating indicated recent coalescent times for the major lineages I1, R1a and
R1b, and inferred a demographic expansion beginning approximately 2.1-4.2 ka. The signal
subsequently proved highly concordant with aDNA evidence for a major male-mediated
expansion from the Pontic-Caspian steppe during the Late Neolithic/Early Bronze Age,
associated with the spread of steppe ancestry and the rapid rise of Y-chromosome lin-
eages such as Rla and R1b across much of Europe [229-231]. This case therefore provides
an instructive example in which molecular-clock estimates were not simply validated
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by matching a well-defined preconceived archaeological model but gained plausibility
through later independent evidence from ancient genomes.

6.3. aDNA as Direct Evidence of Age Underestimation

Ancient DNA can also be used not as a calibration point, but as an external check on
the plausibility of molecular-clock estimates. If an ancient sample is securely dated and
can be confidently assigned to a given clade, then the origin of that clade must predate
the age of the sample. Therefore, a molecular-clock estimate that places the clade younger
than the ancient sample provides clear evidence that the age has been underestimated,
or alternatively that there is an error in sample dating, phylogenetic assignment, or tree
reconstruction. This type of comparison is particularly useful because it provides a direct
lower bound on clade age that is independent of the molecular-clock model used to generate
the estimate [232-234].

A particularly direct example of external evaluation using aDNA comes from Barley
stripe mosaic virus, a plant RNA virus for which an approximately 750-year-old genome
was recovered from archaeological barley at Qasr Ibrim [235]. Molecular-clock analyses
based only on modern viral sequences within the same study estimated the crown age of
sampled Barley stripe mosaic virus diversity at approximately 50 years and its divergence
from its closest known relative around 150 years ago, estimates that were younger than
the archaeological genome itself. The ancient sequence therefore provided an unequivocal
minimum-age constraint demonstrating that the modern-only analysis had substantially
underestimated the temporal depth of the lineage. When the archaeological genome was
incorporated as a dated tip, the estimated evolutionary rate decreased and the inferred
history of the virus was extended considerably, with its origin most likely placed around
2 ka, although with broad uncertainty.

6.4. Humans and Mycobacteria

One particularly informative case that generated discussion about circularity is the
molecular clock for Mycobacterium tuberculosis, the causative agent of tuberculosis. Comas
et al. (2013) [236] analysed whole-genome diversity from the M. tuberculosis complex and
argued that the pathogen originated in Africa, accompanied anatomically modern humans
during the out-of-Africa dispersal, and later expanded with increasing human population
density during the Neolithic. However, the absolute dating of this scenario was not based on
an independent pathogen calibration. The authors explicitly stated that short-term mutation
rates from experimental or epidemiological data could not safely be extrapolated to the deep
timescale under consideration, and that tip-to-date analysis showed no significant temporal
signal. They therefore calibrated the pathogen phylogeny using key dates from human
evolution, including the coalescence of human mtDNA haplogroup L3 at 70 &+ 10 ka [54].
The model calibrated on L3 produced dates that appeared to match human dispersal events,
including a first split of M. tuberculosis lineage 1 around 67 ka and later Eurasian splits
broadly compatible with archaeological evidence for modern humans outside Africa. This
was interpreted as support for long-term host-pathogen co-divergence, but the argument
is largely circular: a human demographic timescale was used to calibrate the bacterial tree,
and the resulting bacterial dates were then taken as evidence for concordance with human
demographic history. The non-temporal evidence in the study, including African basal
lineages, broad phylogeographic similarity between M. tuberculosis and human mtDNA,
and the statistical association between pathogen lineages and human mtDNA haplogroups,
provides independent support for some level of host—pathogen association, but the absolute
age of ~70 ka was not independently estimated from the pathogen data. Subsequent work
has reinforced this caution. Ancient M. fuberculosis genomes [237,238], which provide direct

https://doi.org/10.3390 /biology15151329


https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329

26 of 37

temporal calibration points absent from the original analysis, have generally supported
much younger dates for the most recent common ancestor of extant M. tuberculosis complex
diversity, often in the Neolithic or later. Thus, this M. tuberculosis case is best presented not
as a straightforward validation of a deep molecular clock, but as a cautionary example. The
possibility of a very strong time-dependent effect on the evolutionary rates of M. tuberculosis
also cannot be excluded.

The animal-adapted member of the complex, Mycobacterium bovis, further illustrates
the difficulty of distinguishing the age of extant sampled diversity from the deeper history
of a disease process. Estimates for the emergence of M. bovis have varied substantially de-
pending on the data and calibration strategy. Earlier work placed the coalescence of M. bovis
within a broadly Neolithic timeframe, around or after the spread of animal domestication,
with estimates of at least ~6 ka [239] and a broader interpretative context linked to cattle
domestication beginning in the Near East around 10 ka. This timescale is compatible with
phylogeographic analyses of African M. bovis, where diversity is geographically structured
and deepest in Eastern and Northern Africa, broadly matching the archaeological sequence
for the introduction of domesticates and pastoralism across the continent [240]. More recent
genome-based analyses have inferred a much younger age, around 0.7-3.6 ka [241], for the
most recent common ancestor of sampled /extant M. bovis lineages. However, this younger
estimate is difficult to interpret as the first spread of bovine tuberculosis in Africa, because
it would require either substantial lineage replacement, strong bottlenecks, or loss of earlier
diversity to explain the observed regional structure [242]. Thus, as with M. tuberculosis, the
molecular dates for extant M. bovis lineages remain difficult to interpret.

7. Conclusions

Molecular clocks remain among the most powerful tools for transforming genetic
variation into historical inference. They have allowed researchers to estimate the timing of
species divergences, population expansions, pathogen emergence, migration events and
major episodes in the history of life. However, the apparent simplicity of the metaphor
should not obscure the complexity of the process. Genetic change does not accumulate
as a universal stopwatch. Mutation and substitution rates vary across genomes, taxa,
lineages, environments and timescales, and the rate inferred from one dataset or temporal
depth cannot automatically be transferred to another. For this reason, molecular-clock
analyses should begin not with the assumption that a clock exists, but with the evaluation
of whether the data contain sufficient temporal signal and whether the chosen clock model
is biologically and statistically appropriate.

The central challenge is calibration. Branch lengths alone provide relative genetic
divergence; only calibration converts those distances into absolute time. Fossils, dated
samples, geological events, founder events, pedigrees and directly measured mutation
rates can all provide temporal information, but each carries its own assumptions and
biases. Secondary calibrations and externally estimated rates can be useful when no direct
calibration is available, but they should be treated as priors with uncertainty rather than
as independent empirical anchors. Similarly, agreement between molecular dates and
external historical events can be informative, but only when the same events have not
been used to generate the dates in the first place. The strongest molecular-clock studies are
therefore those that combine careful data curation, explicit model comparison, transparent
calibration choices, sensitivity analyses and independent validation where possible.

Molecular clocks should not be viewed as mechanisms that automatically reveal evo-
lutionary time, but as inferential frameworks whose strength depends on how carefully
their assumptions are tested and how cautiously their results are interpreted. Looking
ahead, developments in artificial intelligence and machine learning may become increas-
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ingly useful for molecular-clock analyses by accelerating model selection, detecting rate
heterogeneity, and identifying datasets with weak temporal signal or violations of clock
assumptions. Recent work has shown that machine learning can match or approach ML
performance for some phylogenetic tasks and can speed up model selection, suggesting a
role for artificial intelligence as a diagnostic and pre-analysis tool rather than as a substitute
for mechanistic clock models [243-245].
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DRT date-randomization tests

ML Maximum likelihood

MpP Maximum Parsimony

mtDNA  Mitochondrial DNA

1.  Zuckerkandl, E.; Pauling, L. Molecular Disease, Evolution, and Genic Heterogeneity; Academic Press: Cambridge, MA, USA, 1962.

2. Zuckerkand]l, E.; Pauling, L. Evolutionary Divergence and Convergence in Proteins. In Evolving Genes and Proteins; Bryson, V.,
Vogel, H]., Eds.; Academic Press: Cambridge, MA, USA, 1965; pp. 97-166. ISBN 978-1-4832-2734-4.

3.  Kimura, M. Evolutionary Rate at the Molecular Level. Nature 1968, 217, 624—626. [CrossRef] [PubMed]

. Bromham, L. Why Do Species Vary in Their Rate of Molecular Evolution? Biol. Lett. 2009, 5, 401-404. [CrossRef] [PubMed]

5.  Thomas, J.A.; Welch, J.J.; Woolfit, M.; Bromham, L. There Is No Universal Molecular Clock for Invertebrates, but Rate Variation
Does Not Scale with Body Size. Proc. Natl. Acad. Sci. USA 2006, 103, 7366-7371. [CrossRef] [PubMed]

6.  Koren, A,; Polak, P; Nemesh, J.; Michaelson, ].].; Sebat, J.; Sunyaev, S.R.; McCarroll, S.A. Differential Relationship of DNA Replication
Timing to Different Forms of Human Mutation and Variation. Am. J. Hum. Genet. 2012, 91, 1033-1040. [CrossRef] [PubMed]

7.  Bebenek, A.; Ziuzia-Graczyk, I. Fidelity of DNA Replication—A Matter of Proofreading. Curr. Genet. 2018, 64, 985-996.

[CrossRef] [PubMed]

8. Anderson, A.P; Luo, X.; Russell, W.; Yin, Y.W. Oxidative Damage Diminishes Mitochondrial DNA Polymerase Replication
Fidelity. Nucleic Acids Res. 2020, 48, 817-829. [CrossRef] [PubMed]
9. Kunkel, T.A. Evolving Views of DNA Replication (In)Fidelity. Cold Spring Harb. Symp. Quant. Biol. 2009, 74, 91-101.

[CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1038/217624a0
https://www.ncbi.nlm.nih.gov/pubmed/5637732
https://doi.org/10.1098/rsbl.2009.0136
https://www.ncbi.nlm.nih.gov/pubmed/19364710
https://doi.org/10.1073/pnas.0510251103
https://www.ncbi.nlm.nih.gov/pubmed/16651532
https://doi.org/10.1016/j.ajhg.2012.10.018
https://www.ncbi.nlm.nih.gov/pubmed/23176822
https://doi.org/10.1007/s00294-018-0820-1
https://www.ncbi.nlm.nih.gov/pubmed/29500597
https://doi.org/10.1093/nar/gkz1018
https://www.ncbi.nlm.nih.gov/pubmed/31799610
https://doi.org/10.1101/sqb.2009.74.027
https://www.ncbi.nlm.nih.gov/pubmed/19903750
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 28 of 37

10.
11.

12.

13.

14.

15.
16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Hurles, M. How Homologous Recombination Generates a Mutable Genome. Hum. Genom. 2005, 2, 179-186. [CrossRef] [PubMed]
Kiktev, D.A.; Sheng, Z.; Lobachev, K.S.; Petes, T.D. GC Content Elevates Mutation and Recombination Rates in the Yeast
Saccharomyces Cerevisiae. Proc. Natl. Acad. Sci. USA 2018, 115, E7109. [CrossRef] [PubMed]

Elango, N.; Kim, S.-H.; Program, N.C.S.; Vigoda, E.; Yi, S.V. Mutations of Different Molecular Origins Exhibit Contrasting Patterns
of Regional Substitution Rate Variation. PLoS Comput. Biol. 2008, 4, e1000015. [CrossRef] [PubMed]

Martin, A.P,; Palumbi, S.R. Body Size, Metabolic Rate, Generation Time, and the Molecular Clock. Proc. Natl. Acad. Sci. USA 1993,
90, 4087. [CrossRef] [PubMed]

Santos, J.C. Fast Molecular Evolution Associated with High Active Metabolic Rates in Poison Frogs. Mol. Biol. Evol. 2012, 29,
2001-2018. [CrossRef] [PubMed]

Xue, Y.; Braslavsky, I.; Quake, S.R. Temperature Effect on Polymerase Fidelity. J. Biol. Chem. 2021, 297, 101270. [CrossRef] [PubMed]
Lewin, L.; Eyre-Walker, A. Estimates of the Mutation Rate per Year Can Explain Why the Molecular Clock Depends on Generation
Time. Mol. Biol. Evol. 2025, 42, msaf069. [CrossRef] [PubMed]

Ma, S.; Gladyshev, V.N. Molecular Signatures of Longevity: Insights from Cross-Species Comparative Studies. Semin. Cell Dev.
Biol. 2017, 70, 190-203. [CrossRef] [PubMed]

Elango, N.; Thomas, ].W.; NISC Comparative Sequencing Program; Yi, S.V. Variable Molecular Clocks in Hominoids. Proc. Natl.
Acad. Sci. USA 2006, 103, 1370-1375. [CrossRef] [PubMed]

Speakman, ].R. Body Size, Energy Metabolism and Lifespan. J. Exp. Biol. 2005, 208, 1717-1730. [CrossRef] [PubMed]

Ritchie, A.M.; Hua, X.; Bromham, L. Diversification Rate Is Associated with Rate of Molecular Evolution in Ray-Finned Fish
(Actinopterygii). J. Mol. Evol. 2022, 90, 200-214. [CrossRef] [PubMed]

Lanfear, R.; Welch, ].J.; Bromham, L. Watching the Clock: Studying Variation in Rates of Molecular Evolution between Species.
Trends Ecol. Evol. 2010, 25, 495-503. [CrossRef] [PubMed]

Duchene, D.; Bromham, L. Rates of Molecular Evolution and Diversification in Plants: Chloroplast Substitution Rates Correlate
with Species-Richness in the Proteaceae. BMC Evol. Biol. 2013, 13, 65. [CrossRef] [PubMed]

Eo, S.H.; DeWoody, J.A. Evolutionary Rates of Mitochondrial Genomes Correspond to Diversification Rates and to Contemporary
Species Richness in Birds and Reptiles. Proc. Biol. Sci. 2010, 277, 3587-3592. [CrossRef] [PubMed]

Afonso Silva, A.C.; Maliet, O.; Aristide, L.; Nogués-Bravo, D.; Upham, N.; Jetz, W.; Morlon, H. Negative Global-Scale Association
between Genetic Diversity and Speciation Rates in Mammals. Nat. Commun. 2025, 16, 1796. [CrossRef] [PubMed]

Huang, J.-P; Leavitt, S.D.; Lumbsch, H.T. Testing the Impact of Effective Population Size on Speciation Rates—A Negative
Correlation or Lack Thereof in Lichenized Fungi. Sci. Rep. 2018, 8, 5729. [CrossRef] [PubMed]

Van Eldijk, T.].B.; Sheridan, E.A.; Martin, G.; Weissing, EJ.; Kuipers, O.P.; Van Doorn, G.S. Temperature Dependence of the
Mutation Rate towards Antibiotic Resistance. JAC Antimicrob. Resist. 2024, 6, dlae085. [CrossRef] [PubMed]

Chu, X.-L.; Zhang, B.-W.; Zhang, Q.-G.; Zhu, B.-R,; Lin, K.; Zhang, D.-Y. Temperature Responses of Mutation Rate and Mutational
Spectrum in an Escherichia Coli Strain and the Correlation with Metabolic Rate. BMIC Evol. Biol. 2018, 18, 126. [CrossRef] [PubMed]
Garcia-Porta, J.; Irisarri, I.; Kirchner, M.; Rodriguez, A.; Kirchhof, S.; Brown, J.L.; MacLeod, A.; Turner, A.P.; Ahmadzadeh, F;
Albaladejo, G.; et al. Environmental Temperatures Shape Thermal Physiology as Well as Diversification and Genome-Wide
Substitution Rates in Lizards. Nat. Commun. 2019, 10, 4077. [CrossRef] [PubMed]

Ivan, J.; Moritz, C.; Potter, S.; Bragg, J.; Turakulov, R.; Hua, X. Temperature Predicts the Rate of Molecular Evolution in Australian
Eugongylinae Skinks. Evolution 2022, 76, 252-261. [CrossRef] [PubMed]

Cai, T.; Wen, Z; Jiang, Z.; Zhen, Y. Distinct Latitudinal Patterns of Molecular Rates across Vertebrates. Proc. Natl. Acad. Sci. USA
2025, 122, €2423386122. [CrossRef] [PubMed]

Liu, H.; Sun, M.; Zhang, J. Genomic Estimates of Mutation and Substitution Rates Contradict the Evolutionary Speed Hypothesis
of the Latitudinal Diversity Gradient. Proc. Biol. Sci. 2023, 290, 20231787. [CrossRef] [PubMed]

Rosendahl Huber, A.; Van Hoeck, A.; Van Boxtel, R. The Mutagenic Impact of Environmental Exposures in Human Cells and
Cancer: Imprints Through Time. Front. Genet. 2021, 12, 760039. [CrossRef] [PubMed]

Gifford, D.R.; Bhattacharyya, A.; Geim, A.; Marshall, E.; Krasovec, R.; Knight, C.G. Environmental and Genetic Influence on the
Rate and Spectrum of Spontaneous Mutations in Escherichia Coli. Microbiology 2024, 170, 001452. [CrossRef] [PubMed]
Ferenci, T. Irregularities in Genetic Variation and Mutation Rates with Environmental Stresses. Environ. Microbiol. 2019, 21,
3979-3988. [CrossRef] [PubMed]

Nicolai, M.PJ.; Shawkey, M.D.; Porchetta, S.; Claus, R.; D’Alba, L. Exposure to UV Radiance Predicts Repeated Evolution of
Concealed Black Skin in Birds. Nat. Commun. 2020, 11, 2414. [CrossRef] [PubMed]

Paul, N.D.; Gwynn-Jones, D. Ecological Roles of Solar UV Radiation: Towards an Integrated Approach. Trends Ecol. Evol. 2003, 18,
48-55. [CrossRef]

Forster, L.; Forster, P.; Lutz-Bonengel, S.; Willkomm, H.; Brinkmann, B. Natural Radioactivity and Human Mitochondrial DNA
Mutations. Proc. Natl. Acad. Sci. USA 2002, 99, 13950-13954. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1186/1479-7364-2-3-179
https://www.ncbi.nlm.nih.gov/pubmed/16197735
https://doi.org/10.1073/pnas.1807334115
https://www.ncbi.nlm.nih.gov/pubmed/29987035
https://doi.org/10.1371/journal.pcbi.1000015
https://www.ncbi.nlm.nih.gov/pubmed/18463707
https://doi.org/10.1073/pnas.90.9.4087
https://www.ncbi.nlm.nih.gov/pubmed/8483925
https://doi.org/10.1093/molbev/mss069
https://www.ncbi.nlm.nih.gov/pubmed/22337863
https://doi.org/10.1016/j.jbc.2021.101270
https://www.ncbi.nlm.nih.gov/pubmed/34695416
https://doi.org/10.1093/molbev/msaf069
https://www.ncbi.nlm.nih.gov/pubmed/40131319
https://doi.org/10.1016/j.semcdb.2017.08.007
https://www.ncbi.nlm.nih.gov/pubmed/28800931
https://doi.org/10.1073/pnas.0510716103
https://www.ncbi.nlm.nih.gov/pubmed/16432233
https://doi.org/10.1242/jeb.01556
https://www.ncbi.nlm.nih.gov/pubmed/15855403
https://doi.org/10.1007/s00239-022-10052-6
https://www.ncbi.nlm.nih.gov/pubmed/35262772
https://doi.org/10.1016/j.tree.2010.06.007
https://www.ncbi.nlm.nih.gov/pubmed/20655615
https://doi.org/10.1186/1471-2148-13-65
https://www.ncbi.nlm.nih.gov/pubmed/23497266
https://doi.org/10.1098/rspb.2010.0965
https://www.ncbi.nlm.nih.gov/pubmed/20610427
https://doi.org/10.1038/s41467-025-56820-y
https://www.ncbi.nlm.nih.gov/pubmed/39979262
https://doi.org/10.1038/s41598-018-24120-9
https://www.ncbi.nlm.nih.gov/pubmed/29636516
https://doi.org/10.1093/jacamr/dlae085
https://www.ncbi.nlm.nih.gov/pubmed/38847007
https://doi.org/10.1186/s12862-018-1252-8
https://www.ncbi.nlm.nih.gov/pubmed/30157765
https://doi.org/10.1038/s41467-019-11943-x
https://www.ncbi.nlm.nih.gov/pubmed/31501432
https://doi.org/10.1111/evo.14342
https://www.ncbi.nlm.nih.gov/pubmed/34486736
https://doi.org/10.1073/pnas.2423386122
https://www.ncbi.nlm.nih.gov/pubmed/40339119
https://doi.org/10.1098/rspb.2023.1787
https://www.ncbi.nlm.nih.gov/pubmed/37876195
https://doi.org/10.3389/fgene.2021.760039
https://www.ncbi.nlm.nih.gov/pubmed/34745228
https://doi.org/10.1099/mic.0.001452
https://www.ncbi.nlm.nih.gov/pubmed/38687010
https://doi.org/10.1111/1462-2920.14822
https://www.ncbi.nlm.nih.gov/pubmed/31600848
https://doi.org/10.1038/s41467-020-15894-6
https://www.ncbi.nlm.nih.gov/pubmed/32415098
https://doi.org/10.1016/S0169-5347(02)00014-9
https://doi.org/10.1073/pnas.202400499
https://www.ncbi.nlm.nih.gov/pubmed/12370437
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 29 of 37

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

Soares, P.; Ermini, L.; Thomson, N.; Mormina, M.; Rito, T.; Rohl, A.; Salas, A.; Oppenheimer, S.; Macaulay, V.; Richards, M.B.
Correcting for Purifying Selection: An Improved Human Mitochondrial Molecular Clock. Am. ]. Hum. Genet. 2009, 84, 740-759.
[CrossRef] [PubMed]

Kivisild, T.; Shen, P.; Wall, D.P; Do, B.; Sung, R.; Davis, K.; Passarino, G.; Underhill, P.A.; Scharfe, C.; Torroni, A.; et al. The Role of
Selection in the Evolution of Human Mitochondrial Genomes. Genetics 2006, 172, 373-387. [CrossRef] [PubMed]

Pereira, L.; Soares, P.; Radivojac, P.; Li, B.; Samuels, D.C. Comparing Phylogeny and the Predicted Pathogenicity of Protein
Variations Reveals Equal Purifying Selection across the Global Human mtDNA Diversity. Am. . Hum. Genet. 2011, 88, 433—439.
[CrossRef] [PubMed]

Soares, P.; Abrantes, D.; Rito, T.; Thomson, N.; Radivojac, P; Li, B.; Macaulay, V.; Samuels, D.C.; Pereira, L. Evaluating Purifying
Selection in the Mitochondrial DNA of Various Mammalian Species. PLoS ONE 2013, 8, e58993. [CrossRef] [PubMed]
Ruiz-Pesini, E.; Wallace, D.C. Evidence for Adaptive Selection Acting on the tRNA and rRNA Genes of Human Mitochondrial
DNA. Hum. Mutat. 2006, 27, 1072-1081. [CrossRef] [PubMed]

Cavadas, B.; Soares, P.; Camacho, R.; Brandao, A.; Costa, M.D.; Fernandes, V.; Pereira, J.B.; Rito, T.; Samuels, D.C.; Pereira, L. Fine
Time Scaling of Purifying Selection on Human Nonsynonymous mtDNA Mutations Based on the Worldwide Population Tree
and Mother—Child Pairs. Hum. Mutat. 2015, 36, 1100-1111. [CrossRef] [PubMed]

Hughes, A.L.; Packer, B.; Welch, R.; Bergen, A.W.; Chanock, S.J.; Yeager, M. Widespread Purifying Selection at Polymorphic Sites
in Human Protein-Coding Loci. Proc. Natl. Acad. Sci. USA 2003, 100, 15754-15757. [CrossRef] [PubMed]

Sbisa, E.; Tanzariello, F.; Reyes, A.; Pesole, G.; Saccone, C. Mammalian Mitochondrial D-Loop Region Structural Analysis:
Identification of New Conserved Sequences and Their Functional and Evolutionary Implications. Gene 1997, 205, 125-140.
[CrossRef] [PubMed]

Pereira, E.; Soares, P.; Carneiro, J.; Pereira, L.; Richards, M.B.; Samuels, D.C.; Amorim, A. Evidence for Variable Selective
Pressures at a Large Secondary Structure of the Human Mitochondrial DNA Control Region. Mol. Biol. Evol. 2008, 25,
2759-2770. [CrossRef] [PubMed]

Zheng, H.-X,; Yan, S.; Zhang, M.; Gu, Z.; Wang, ].; Jin, L. Mitochondrial DNA Genomes Reveal Relaxed Purifying Selection
During Human Population Expansion after the Last Glacial Maximum. Mol. Biol. Evol. 2024, 41, msael75. [CrossRef] [PubMed]
Elyashiv, E.; Bullaughey, K.; Sattath, S.; Rinott, Y.; Przeworski, M.; Sella, G. Shifts in the Intensity of Purifying Selection: An
Analysis of Genome-Wide Polymorphism Data from Two Closely Related Yeast Species. Genome Res. 2010, 20, 1558-1573.
[CrossRef] [PubMed]

Aizpurua-Iraola, J.; Mari-Cardona, E.; Barber-Olives, M.; Comas, D.; Calafell, F. A Reduction in Effective Population Size Has Not
Relaxed Purifying Selection in the Human Population of Eivissa (Balearic Islands). Sci. Rep. 2025, 15, 660. [CrossRef] [PubMed]
Arbiza, L.; Dopazo, J.; Dopazo, H. Positive Selection, Relaxation, and Acceleration in the Evolution of the Human and Chimp
Genome. PLoS Comput. Biol. 2006, 2, €38. [CrossRef] [PubMed]

Ruiz-Pesini, E.; Mishmar, D.; Brandon, M.; Procaccio, V.; Wallace, D.C. Effects of Purifying and Adaptive Selection on Regional
Variation in Human mtDNA. Science 2004, 303, 223-226. [CrossRef] [PubMed]

Brown, R.P; Yang, Z. Rate Variation and Estimation of Divergence Times Using Strict and Relaxed Clocks. BMC Evol. Biol. 2011,
11, 271. [CrossRef] [PubMed]

Duchéne, D.A.; Duchéne, S.; Holmes, E.C.; Ho, S.Y.W. Evaluating the Adequacy of Molecular Clock Models Using Posterior
Predictive Simulations. Mol. Biol. Evol. 2015, 32, 2986-2995. [CrossRef] [PubMed]

Soares, P; Alshamali, F; Pereira, ].B.; Fernandes, V.; Silva, N.M.; Afonso, C.; Costa, M.D.; Musilov4, E.; Macaulay, V.; Richards, M.B.;
et al. The Expansion of mtDNA Haplogroup L3 within and out of Africa. Mol. Biol. Evol. 2012, 29, 915-927. [CrossRef] [PubMed]
Achilli, A.; Olivieri, A.; Soares, P.; Lancioni, H.; Kashani, B.H.; Perego, U.A.; Nergadze, S.G.; Carossa, V.; Santagostino,
M.; Capomaccio, S.; et al. Mitochondrial Genomes from Modern Horses Reveal the Major Haplogroups That Underwent
Domestication. Proc. Natl. Acad. Sci. USA 2012, 109, 2449-2454. [CrossRef] [PubMed]

Battistuzzi, FU.; Filipski, A.].; Kumar, S. Molecular Clock: Testing. In Encyclopedia of Life Sciences; John Wiley & Sons, Ltd.:
Hoboken, NJ, USA, 2011; ISBN 978-0-470-01590-2.

Ho, S.YW.; Duchéne, S. Molecular-Clock Methods for Estimating Evolutionary Rates and Timescales. Mol. Ecol. 2014, 23,
5947-5965. [CrossRef] [PubMed]

Steenwyk, ].L.; Rokas, A. The Dawn of Relaxed Phylogenetics. PLoS Biol. 2023, 21, e3001998. [CrossRef] [PubMed]

Drummond, A.J.; Ho, S.Y.W.; Phillips, M.].; Rambaut, A. Relaxed Phylogenetics and Dating with Confidence. PLoS Biol. 2006, 4,
e88. [CrossRef] [PubMed]

Lepage, T.; Bryant, D.; Philippe, H.; Lartillot, N. A General Comparison of Relaxed Molecular Clock Models. Mol. Biol. Evol. 2007,
24, 2669-2680. [CrossRef] [PubMed]

Baele, G.; Li, WL.S.; Drummond, A.J.; Suchard, M.A.; Lemey, P. Accurate Model Selection of Relaxed Molecular Clocks in
Bayesian Phylogenetics. Mol. Biol. Evol. 2013, 30, 239-243. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1016/j.ajhg.2009.05.001
https://www.ncbi.nlm.nih.gov/pubmed/19500773
https://doi.org/10.1534/genetics.105.043901
https://www.ncbi.nlm.nih.gov/pubmed/16172508
https://doi.org/10.1016/j.ajhg.2011.03.006
https://www.ncbi.nlm.nih.gov/pubmed/21457906
https://doi.org/10.1371/journal.pone.0058993
https://www.ncbi.nlm.nih.gov/pubmed/23533597
https://doi.org/10.1002/humu.20378
https://www.ncbi.nlm.nih.gov/pubmed/16947981
https://doi.org/10.1002/humu.22849
https://www.ncbi.nlm.nih.gov/pubmed/26252938
https://doi.org/10.1073/pnas.2536718100
https://www.ncbi.nlm.nih.gov/pubmed/14660790
https://doi.org/10.1016/S0378-1119(97)00404-6
https://www.ncbi.nlm.nih.gov/pubmed/9461386
https://doi.org/10.1093/molbev/msn225
https://www.ncbi.nlm.nih.gov/pubmed/18845547
https://doi.org/10.1093/molbev/msae175
https://www.ncbi.nlm.nih.gov/pubmed/39162340
https://doi.org/10.1101/gr.108993.110
https://www.ncbi.nlm.nih.gov/pubmed/20817943
https://doi.org/10.1038/s41598-024-84271-w
https://www.ncbi.nlm.nih.gov/pubmed/39753655
https://doi.org/10.1371/journal.pcbi.0020038
https://www.ncbi.nlm.nih.gov/pubmed/16683019
https://doi.org/10.1126/science.1088434
https://www.ncbi.nlm.nih.gov/pubmed/14716012
https://doi.org/10.1186/1471-2148-11-271
https://www.ncbi.nlm.nih.gov/pubmed/21943087
https://doi.org/10.1093/molbev/msv154
https://www.ncbi.nlm.nih.gov/pubmed/26163668
https://doi.org/10.1093/molbev/msr245
https://www.ncbi.nlm.nih.gov/pubmed/22096215
https://doi.org/10.1073/pnas.1111637109
https://www.ncbi.nlm.nih.gov/pubmed/22308342
https://doi.org/10.1111/mec.12953
https://www.ncbi.nlm.nih.gov/pubmed/25290107
https://doi.org/10.1371/journal.pbio.3001998
https://www.ncbi.nlm.nih.gov/pubmed/36696649
https://doi.org/10.1371/journal.pbio.0040088
https://www.ncbi.nlm.nih.gov/pubmed/16683862
https://doi.org/10.1093/molbev/msm193
https://www.ncbi.nlm.nih.gov/pubmed/17890241
https://doi.org/10.1093/molbev/mss243
https://www.ncbi.nlm.nih.gov/pubmed/23090976
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 30 of 37

62.

63.

64.

65.

66.

67.

68.

69.
70.

71.

72.

73.

74.
75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

Budd, G.E.; Mann, R.P. Two Notorious Nodes: A Critical Examination of Relaxed Molecular Clock Age Estimates of the Bilaterian
Animals and Placental Mammals. Syst. Biol. 2024, 73, 223-234. [CrossRef] [PubMed]

Subramanian, S.; Denver, D.R.; Millar, C.D.; Heupink, T.; Aschrafi, A.; Emslie, S.D.; Baroni, C.; Lambert, D.M. High Mitogenomic
Evolutionary Rates and Time Dependency. Trends Genet. 2009, 25, 482-486. [CrossRef] [PubMed]

Millar, C.D.; Dodd, A.; Anderson, ].; Gibb, G.C.; Ritchie, P.A.; Baroni, C.; Woodhams, M.D.; Hendy, M.D.; Lambert, D.M. Mutation
and Evolutionary Rates in Adélie Penguins from the Antarctic. PLoS Genet. 2008, 4, €1000209. [CrossRef] [PubMed]

Membrebe, J.V.; Suchard, M.A.; Rambaut, A.; Baele, G.; Lemey, P. Bayesian Inference of Evolutionary Histories under Time-
Dependent Substitution Rates. Mol. Biol. Evol. 2019, 36, 1793-1803. [CrossRef] [PubMed]

Luo, H.; Huang, Y.; Stepanauskas, R.; Tang, J. Excess of Non-Conservative Amino Acid Changes in Marine Bacterioplankton
Lineages with Reduced Genomes. Nat. Microbiol. 2017, 2, 17091. [CrossRef] [PubMed]

Smith, S.A.; Donoghue, M.]. Rates of Molecular Evolution Are Linked to Life History in Flowering Plants. Science 2008, 322, 86-89.
[CrossRef] [PubMed]

Ho, S.Y.W,; Lanfear, R.; Bromham, L.; Phillips, M.].; Soubrier, J.; Rodrigo, A.G.; Cooper, A. Time-Dependent Rates of Molecular
Evolution. Mol. Ecol. 2011, 20, 3087-3101. [CrossRef] [PubMed]

Fourment, M.; Darling, A.E. Local and Relaxed Clocks: The Best of Both Worlds. Peer] 2018, 6, €5140. [CrossRef] [PubMed]
Lanfear, R. The Local-Clock Permutation Test: A Simple Test to Compare Rates of Molecular Evolution on Phylogenetic Trees.
Evolution 2011, 65, 606—611. [CrossRef] [PubMed]

Yoder, A.D.; Yang, Z. Estimation of Primate Speciation Dates Using Local Molecular Clocks. Mol. Biol. Evol. 2000, 17, 1081-1090.
[CrossRef] [PubMed]

Foster, C.S.P; Ho, S.Y.W. Strategies for Partitioning Clock Models in Phylogenomic Dating: Application to the Angiosperm
Evolutionary Timescale. Genome Biol. Evol. 2017, 9, 2752-2763. [CrossRef] [PubMed]

Barba-Montoya, J.; Sharma, S.; Kumar, S. Molecular Timetrees Using Relaxed Clocks and Uncertain Phylogenies. Front. Bioinform.
2023, 3, €1225807. [CrossRef] [PubMed]

Yang, Z. PAML 4: Phylogenetic Analysis by Maximum Likelihood. Mol. Biol. Evol. 2007, 24, 1586-1591. [CrossRef] [PubMed]
Minh, B.Q.; Schmidt, H.A.; Chernomor, O.; Schrempf, D.; Woodhams, M.D.; von Haeseler, A.; Lanfear, R. IQ-TREE 2: New Models
and Efficient Methods for Phylogenetic Inference in the Genomic Era. Mol. Biol. Evol. 2020, 37, 1530-1534. [CrossRef] [PubMed]
Kosakovsky Pond, S.L.; Poon, A.EY.; Velazquez, R.; Weaver, S.; Hepler, N.L.; Murrell, B.; Shank, S.D.; Magalis, B.R.; Bouvier, D.;
Nekrutenko, A.; et al. HyPhy 2.5—A Customizable Platform for Evolutionary Hypothesis Testing Using Phylogenies. Mol. Biol.
Evol. 2020, 37, 295-299. [CrossRef] [PubMed]

Guindon, S.; Lethiec, E; Duroux, P; Gascuel, O. PHYML Online—A Web Server for Fast Maximum Likelihood-Based Phylogenetic
Inference. Nucleic Acids Res. 2005, 33, W557-W559. [CrossRef] [PubMed]

dos Reis, M.; Thawornwattana, Y.; Angelis, K.; Telford, M.].; Donoghue, P.C.J.; Yang, Z. Uncertainty in the Timing of Origin of
Animals and the Limits of Precision in Molecular Timescales. Curr. Biol. 2015, 25, 2939-2950. [CrossRef] [PubMed]

Ho, S.Y.W.; Phillips, M.]. Accounting for Calibration Uncertainty in Phylogenetic Estimation of Evolutionary Divergence Times.
Syst. Biol. 2009, 58, 367-380. [CrossRef] [PubMed]

Rannala, B. Conceptual Issues in Bayesian Divergence Time Estimation. Philos. Trans. R. Soc. Lond. B Biol. Sci. 2016, 371, 20150134.
[CrossRef] [PubMed]

dos Reis, M.; Yang, Z. Bayesian Molecular Clock Dating Using Genome-Scale Datasets. In Evolutionary Genomics: Statistical and
Computational Methods; Anisimova, M., Ed.; Springer: New York, NY, USA, 2019; pp. 309-330. ISBN 978-1-4939-9074-0.
Huelsenbeck, J.P.; Ronquist, F. MRBAYES: Bayesian Inference of Phylogenetic Trees. Bioinformatics 2001, 17, 754-755.
[CrossRef] [PubMed]

Drummond, A.J.; Rambaut, A. BEAST: Bayesian Evolutionary Analysis by Sampling Trees. BMC Evol. Biol. 2007, 7, 214.
[CrossRef] [PubMed]

Richards, M.B.; Torroni, A.; Soares, P. Phylogeography. In The International Encyclopedia of Biological Anthropology; John Wi-
ley & Sons, Ltd.: Hoboken, NJ, USA, 2018; pp. 1-3. ISBN 978-1-118-58453-8.

Forster, P; Harding, R.; Torroni, A.; Bandelt, H.]. Origin and Evolution of Native American mtDNA Variation: A Reappraisal. Am.
J. Hum. Genet. 1996, 59, 935-945. [PubMed]

Macaulay, V.; Soares, P.; Richards, M.B. Rectifying Long-Standing Misconceptions about the p Statistic for Molecular Dating. PLoS
ONE 2019, 14, €0212311. [CrossRef] [PubMed]

Torroni, A.; Rengo, C.; Guida, V.; Cruciani, E; Sellitto, D.; Coppa, A.; Calderon, EL.; Simionati, B.; Valle, G.; Richards, M.; et al. Do the
Four Clades of the mtDNA Haplogroup L2 Evolve at Different Rates? Am. . Hum. Genet. 2001, 69, 1348-1356. [CrossRef] [PubMed]
Silva, M.; Alshamali, F; Silva, P.; Carrilho, C.; Mandlate, E; Jesus Trovoada, M.; Cerny, V.; Pereira, L.; Soares, P. 60,000 Years of
Interactions between Central and Eastern Africa Documented by Major African Mitochondrial Haplogroup L2. Sci. Rep. 2015, 5,
12526. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1093/sysbio/syad057
https://www.ncbi.nlm.nih.gov/pubmed/37695319
https://doi.org/10.1016/j.tig.2009.09.005
https://www.ncbi.nlm.nih.gov/pubmed/19836098
https://doi.org/10.1371/journal.pgen.1000209
https://www.ncbi.nlm.nih.gov/pubmed/18833304
https://doi.org/10.1093/molbev/msz094
https://www.ncbi.nlm.nih.gov/pubmed/31004175
https://doi.org/10.1038/nmicrobiol.2017.91
https://www.ncbi.nlm.nih.gov/pubmed/28604700
https://doi.org/10.1126/science.1163197
https://www.ncbi.nlm.nih.gov/pubmed/18832643
https://doi.org/10.1111/j.1365-294X.2011.05178.x
https://www.ncbi.nlm.nih.gov/pubmed/21740474
https://doi.org/10.7717/peerj.5140
https://www.ncbi.nlm.nih.gov/pubmed/30002973
https://doi.org/10.1111/j.1558-5646.2010.01160.x
https://www.ncbi.nlm.nih.gov/pubmed/21272000
https://doi.org/10.1093/oxfordjournals.molbev.a026389
https://www.ncbi.nlm.nih.gov/pubmed/10889221
https://doi.org/10.1093/gbe/evx198
https://www.ncbi.nlm.nih.gov/pubmed/29036288
https://doi.org/10.3389/fbinf.2023.1225807
https://www.ncbi.nlm.nih.gov/pubmed/37600967
https://doi.org/10.1093/molbev/msm088
https://www.ncbi.nlm.nih.gov/pubmed/17483113
https://doi.org/10.1093/molbev/msaa015
https://www.ncbi.nlm.nih.gov/pubmed/32011700
https://doi.org/10.1093/molbev/msz197
https://www.ncbi.nlm.nih.gov/pubmed/31504749
https://doi.org/10.1093/nar/gki352
https://www.ncbi.nlm.nih.gov/pubmed/15980534
https://doi.org/10.1016/j.cub.2015.09.066
https://www.ncbi.nlm.nih.gov/pubmed/26603774
https://doi.org/10.1093/sysbio/syp035
https://www.ncbi.nlm.nih.gov/pubmed/20525591
https://doi.org/10.1098/rstb.2015.0134
https://www.ncbi.nlm.nih.gov/pubmed/27325831
https://doi.org/10.1093/bioinformatics/17.8.754
https://www.ncbi.nlm.nih.gov/pubmed/11524383
https://doi.org/10.1186/1471-2148-7-214
https://www.ncbi.nlm.nih.gov/pubmed/17996036
https://www.ncbi.nlm.nih.gov/pubmed/8808611
https://doi.org/10.1371/journal.pone.0212311
https://www.ncbi.nlm.nih.gov/pubmed/30779770
https://doi.org/10.1086/324511
https://www.ncbi.nlm.nih.gov/pubmed/11595973
https://doi.org/10.1038/srep12526
https://www.ncbi.nlm.nih.gov/pubmed/26211407
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 31 of 37

89.

90.
91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.
114.

Rambaut, A.; Lam, T.T.; Max Carvalho, L.; Pybus, O.G. Exploring the Temporal Structure of Heterochronous Sequences Using
TempEst (Formerly Path-O-Gen). Virus Evol. 2016, 2, vew007. [CrossRef] [PubMed]

Tajima, F. Simple Methods for Testing the Molecular Evolutionary Clock Hypothesis. Genetics 1993, 135, 599-607. [CrossRef] [PubMed]
Hendry, T.A.; de Wet, J.R.; Dougan, K.E.; Dunlap, P.V. Genome Evolution in the Obligate but Environmentally Active Luminous
Symbionts of Flashlight Fish. Genome Biol. Evol. 2016, 8, 2203-2213. [CrossRef] [PubMed]

Felsenstein, J. Evolutionary Trees from DNA Sequences: A Maximum Likelihood Approach. J. Mol. Evol. 1981, 17, 368-376.
[CrossRef] [PubMed]

Pond, S.L.K.; Frost, S.D.W.; Muse, S.V. HyPhy: Hypothesis Testing Using Phylogenies. Bioinformatics 2005, 21, 676-679.
[CrossRef] [PubMed]

Behar, D.M.; van Oven, M.; Rosset, S.; Metspalu, M.; Loogvdli, E.-L.; Silva, N.M.; Kivisild, T.; Torroni, A.; Villems, R. A
“Copernican” Reassessment of the Human Mitochondrial DNA Tree from Its Root. Am. J. Hum. Genet. 2012, 90, 675-684.
[CrossRef] [PubMed]

Macaulay, V.; Hill, C.; Achilli, A.; Rengo, C.; Clarke, D.; Meehan, W.; Blackburn, J.; Semino, O.; Scozzari, R.; Cruciani, F; et al.
Single, Rapid Coastal Settlement of Asia Revealed by Analysis of Complete Mitochondrial Genomes. Science 2005, 308, 1034-1036.
[CrossRef] [PubMed]

Mellars, P.; Gori, K.C.; Carr, M.; Soares, P.A.; Richards, M.B. Genetic and Archaeological Perspectives on the Initial Modern
Human Colonization of Southern Asia. Proc. Natl. Acad. Sci. USA 2013, 110, 10699-10704. [CrossRef] [PubMed]

Howell, N.; Elson, J.L.; Turnbull, D.M.; Herrnstadt, C. African Haplogroup L mtDNA Sequences Show Violations of Clock-like
Evolution. Mol. Biol. Evol. 2004, 21, 1843-1854. [CrossRef] [PubMed]

Salemi, M.; Lamers, S.L.; Yu, S.; de Oliveira, T.; Fitch, WM.; McGrath, M.S. Phylodynamic Analysis of Human Immunodeficiency
Virus Type 1 in Distinct Brain Compartments Provides a Model for the Neuropathogenesis of AIDS. J. Virol. 2005, 79, 11343-11352.
[CrossRef] [PubMed]

Drummond, A.]J.; Suchard, M.A. Bayesian Random Local Clocks, or One Rate to Rule Them All. BMC Biol. 2010, 8, 114.
[CrossRef] [PubMed]

Bouckaert, R.; Vaughan, T.G.; Barido-Sottani, J.; Duchéne, S.; Fourment, M.; Gavryushkina, A.; Heled, J.; Jones, G.; Kiithnert, D;
Maio, N.D,; et al. BEAST 2.5: An Advanced Software Platform for Bayesian Evolutionary Analysis. PLoS Comput. Biol. 2019, 15,
€1006650. [CrossRef] [PubMed]

Farrell, S.; Lewandowsky, S. Bayesian Model Comparison Using Bayes Factors. In Computational Modeling of Cognition and Behavior;
Cambridge University Press: Cambridge, UK, 2018; pp. 273-308. ISBN 978-1-107-10999-5.

Li, WL.S.; Drummond, A.]. Model Averaging and Bayes Factor Calculation of Relaxed Molecular Clocks in Bayesian Phylogenetics.
Mol. Biol. Evol. 2012, 29, 751-761. [CrossRef] [PubMed]

Posada, D.; Buckley, T.R. Model Selection and Model Averaging in Phylogenetics: Advantages of Akaike Information Criterion
and Bayesian Approaches Over Likelihood Ratio Tests. Syst. Biol. 2004, 53, 793-808. [CrossRef] [PubMed]

Rannala, B.; Yang, Z. Molecular Clock Dating. In The Princeton Guide to Evolution; Princeton University Press: Princeton, NJ, USA,
2013; pp. 67-74.

Duchéne, S.; Duchéne, D.; Holmes, E.C.; Ho, S.Y.W. The Performance of the Date-Randomization Test in Phylogenetic Analyses of
Time-Structured Virus Data. Mol. Biol. Evol. 2015, 32, 1895-1906. [CrossRef] [PubMed]

Didelot, X.; Croucher, N.J.; Bentley, S.D.; Harris, S.R.; Wilson, D.J. Bayesian Inference of Ancestral Dates on Bacterial Phylogenetic
Trees. Nucleic Acids Res. 2018, 46, e134. [CrossRef] [PubMed]

Sagulenko, P; Puller, V.; Neher, R.A. TreeTime: Maximum-Likelihood Phylodynamic Analysis. Virus Evol. 2018, 4, vex042.
[CrossRef] [PubMed]

To, T.-H.; Jung, M.; Lycett, S.; Gascuel, O. Fast Dating Using Least-Squares Criteria and Algorithms. Syst. Biol. 2016, 65, 82-97.
[CrossRef] [PubMed]

Nguyen, L.-T.; Schmidt, H.A.; von Haeseler, A.; Minh, B.Q. IQ-TREE: A Fast and Effective Stochastic Algorithm for Estimating
Maximum-Likelihood Phylogenies. Mol. Biol. Evol. 2015, 32, 268-274. [CrossRef] [PubMed]

Duchéne, S.; Lemey, P.; Stadler, T.; Ho, S.Y.W.; Duchéne, D.A.; Dhanasekaran, V.; Baele, G. Bayesian Evaluation of Temporal Signal
in Measurably Evolving Populations. Mol. Biol. Evol. 2020, 37, 3363-3379. [CrossRef] [PubMed]

Jensen-Seaman, M.I.; Hooper-Boyd, K.A. Molecular Clocks: Determining the Age of the Human—Chimpanzee Divergence. In
Encyclopedia of Life Sciences; John Wiley & Sons, Ltd.: Hoboken, NJ, USA, 2013; ISBN 978-0-470-01590-2.

Stauffer, R.L.; Walker, A.; Ryder, O.A.; Lyons-Weiler, M.; Hedges, S.B. Human and Ape Molecular Clocks and Constraints on
Paleontological Hypotheses. J. Hered. 2001, 92, 469-474. [CrossRef] [PubMed]

Benton, M.].; Donoghue, P.C.]. Paleontological Evidence to Date the Tree of Life. Mol. Biol. Evol. 2006, 24, 26-53. [CrossRef] [PubMed]
Benton, M.; Donoghue, P; Vinther, J.; Asher, R.; Friedman, M.; Near, T. Constraints on the Timescale of Animal Evolutionary
History. Palaeontol. Electron. 2015, 18.1.1FC, 1-106. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1093/ve/vew007
https://www.ncbi.nlm.nih.gov/pubmed/27774300
https://doi.org/10.1093/genetics/135.2.599
https://www.ncbi.nlm.nih.gov/pubmed/8244016
https://doi.org/10.1093/gbe/evw161
https://www.ncbi.nlm.nih.gov/pubmed/27389687
https://doi.org/10.1007/BF01734359
https://www.ncbi.nlm.nih.gov/pubmed/7288891
https://doi.org/10.1093/bioinformatics/bti079
https://www.ncbi.nlm.nih.gov/pubmed/15509596
https://doi.org/10.1016/j.ajhg.2012.03.002
https://www.ncbi.nlm.nih.gov/pubmed/22482806
https://doi.org/10.1126/science.1109792
https://www.ncbi.nlm.nih.gov/pubmed/15890885
https://doi.org/10.1073/pnas.1306043110
https://www.ncbi.nlm.nih.gov/pubmed/23754394
https://doi.org/10.1093/molbev/msh184
https://www.ncbi.nlm.nih.gov/pubmed/15190127
https://doi.org/10.1128/JVI.79.17.11343-11352.2005
https://www.ncbi.nlm.nih.gov/pubmed/16103186
https://doi.org/10.1186/1741-7007-8-114
https://www.ncbi.nlm.nih.gov/pubmed/20807414
https://doi.org/10.1371/journal.pcbi.1006650
https://www.ncbi.nlm.nih.gov/pubmed/30958812
https://doi.org/10.1093/molbev/msr232
https://www.ncbi.nlm.nih.gov/pubmed/21940644
https://doi.org/10.1080/10635150490522304
https://www.ncbi.nlm.nih.gov/pubmed/15545256
https://doi.org/10.1093/molbev/msv056
https://www.ncbi.nlm.nih.gov/pubmed/25771196
https://doi.org/10.1093/nar/gky783
https://www.ncbi.nlm.nih.gov/pubmed/30184106
https://doi.org/10.1093/ve/vex042
https://www.ncbi.nlm.nih.gov/pubmed/29340210
https://doi.org/10.1093/sysbio/syv068
https://www.ncbi.nlm.nih.gov/pubmed/26424727
https://doi.org/10.1093/molbev/msu300
https://www.ncbi.nlm.nih.gov/pubmed/25371430
https://doi.org/10.1093/molbev/msaa163
https://www.ncbi.nlm.nih.gov/pubmed/32895707
https://doi.org/10.1093/jhered/92.6.469
https://www.ncbi.nlm.nih.gov/pubmed/11948213
https://doi.org/10.1093/molbev/msl150
https://www.ncbi.nlm.nih.gov/pubmed/17047029
https://doi.org/10.26879/424
https://www.ncbi.nlm.nih.gov/pubmed/42538343
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 32 of 37

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.
128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

Ksepka, D.T.; Parham, J.F;; Allman, ].E,; Benton, M.].; Carrano, M.T.; Cranston, K.A.; Donoghue, P.C.J.; Head, J.J.; Hermsen, E.J.; Irmis,
R.B.; et al. The Fossil Calibration Database-A New Resource for Divergence Dating. Syst. Biol. 2015, 64, 853-859. [CrossRef] [PubMed]
Ksepka, D.T.; Benton, M.].; Carrano, M.T.; Gandolfo, M.A.; Head, ]J.J.; Hermsen, E.J.; Joyce, W.G.; Lamm, K.S.; Patané, ].S.L.;
Phillips, M.].; et al. Synthesizing and Databasing Fossil Calibrations: Divergence Dating and Beyond. Biol. Lett. 2011, 7, 801-803.
[CrossRef] [PubMed]

Wikstrom, N.; Savolainen, V.; Chase, M.W. Evolution of the Angiosperms: Calibrating the Family Tree. Proc. Biol. Sci. 2001, 268,
2211-2220. [CrossRef] [PubMed]

Ho, S.Y.W.; Tong, K.J.; Foster, C.S.P; Ritchie, A.M.; Lo, N.; Crisp, M.D. Biogeographic Calibrations for the Molecular Clock. Biol.
Lett. 2015, 11, 20150194. [CrossRef] [PubMed]

Anderson, C.L.; Channing, A.; Zamuner, A.B. Life, Death and Fossilization on Gran Canaria—Implications for Macaronesian
Biogeography and Molecular Dating. J. Biogeogr. 2009, 36, 2189-2201. [CrossRef]

Vieira, PE.; Desiderato, A.; Holdich, D.M.; Soares, P.; Creer, S.; Carvalho, G.R.; Costa, F.O.; Queiroga, H. Deep Segregation in the
Open Ocean: Macaronesia as an Evolutionary Hotspot for Low Dispersal Marine Invertebrates. Mol. Ecol. 2019, 28, 1784-1800.
[CrossRef] [PubMed]

Giibitz, T; Thorpe, R.S.; Malhotra, A. The Dynamics of Genetic and Morphological Variation on Volcanic Islands. Proc. Biol. Sci.
2005, 272, 751-757. [CrossRef] [PubMed]

Stange, M.; Sanchez-Villagra, M.R.; Salzburger, W.; Matschiner, M. Bayesian Divergence-Time Estimation with Genome-Wide
Single-Nucleotide Polymorphism Data of Sea Catfishes (Ariidae) Supports Miocene Closure of the Panamanian Isthmus. Syst.
Biol. 2018, 67, 681-699. [CrossRef] [PubMed]

Herman, J.S.; McDevitt, A.D.; Kawalko, A.; Jaarola, M.; Wéjcik, ].M.; Searle, ].B. Land-Bridge Calibration of Molecular Clocks
and the Post-Glacial Colonization of Scandinavia by the Eurasian Field Vole Microtus agrestis. PLoS ONE 2014, 9, e103949.
[CrossRef] [PubMed]

Byrne, L.; Chapleau, F,; Aris-Brosou, S. How the Central American Seaway and an Ancient Northern Passage Affected Flatfish
Diversification. Mol. Biol. Evol. 2018, 35, 1982-1989. [CrossRef] [PubMed]

Roveri, M,; Lugli, S.; Manzi, V. The Desiccation and Catastrophic Refilling of the Mediterranean: 50 Years of Facts, Hypotheses,
and Myths Around the Messinian Salinity Crisis. Annu. Rev. Mar. Sci. 2025, 17, 485-509. [CrossRef] [PubMed]

Forest, F. Calibrating the Tree of Life: Fossils, Molecules and Evolutionary Timescales. Ann. Bot. 2009, 104, 789-794.
[CrossRef] [PubMed]

Perrigo, A.; Hoorn, C.; Antonelli, A. Why Mountains Matter for Biodiversity. J. Biogeogr. 2020, 47, 315-325. [CrossRef]

Zheng, H.-Y.; Guo, X.-L.; Price, M.; He, X.-].; Zhou, S.-D. Effects of Mountain Uplift and Climatic Oscillations on Phylogeography
and Species Divergence of Chamaesium (Apiaceae). Front. Plant Sci. 2021, 12, e673200. [CrossRef] [PubMed]

Rana, H.K,; Rana, S.K,; Luo, D.; Sun, H. Existence of Biogeographic Barriers for the Long-Term Neogene-Quaternary Divergence
and Differentiation of Koenigia Forrestii in the Himalaya—-Hengduan Mountains. Bot. |. Linn. Soc. 2023, 201, 230-253. [CrossRef]
Xing, Y.; Ree, R.H. Uplift-Driven Diversification in the Hengduan Mountains, a Temperate Biodiversity Hotspot. Proc. Natl. Acad.
Sci. USA 2017, 114, E3444-E3451. [CrossRef] [PubMed]

Cohen, A.S. Scientific Drilling and Biological Evolution in Ancient Lakes: Lessons Learned and Recommendations for the Future.
Hydrobiologia 2012, 682, 3-25. [CrossRef]

Oosting, T.; Martinez-Garcia, L.; Ferrari, G.; Verry, A.].F; Scarsbrook, L.; Rawlence, N.J.; Wellenreuther, M.; Star, B.; Ritchie, P.A.
Mitochondrial Genomes Reveal Mid-Pleistocene Population Divergence, and Post-Glacial Expansion, in Australasian Snapper
(Chrysophrys auratus). Heredity 2023, 130, 30-39. [CrossRef] [PubMed]

Marino, I.A.M.; Pujolar, ].M.; Zane, L. Reconciling Deep Calibration and Demographic History: Bayesian Inference of Post
Glacial Colonization Patterns in Carcinus Aestuarii (Nardo, 1847) and C. Maenas (Linnaeus, 1758). PLoS ONE 2011, 6, e28567.
[CrossRef] [PubMed]

Burridge, C.P.; Brown, W.E.; Wadley, J.; Nankervis, D.L.; Olivier, L.; Gardner, M.G.; Hull, C.; Barbour, R.; Austin, J.J. Did
Postglacial Sea-Level Changes Initiate the Evolutionary Divergence of a Tasmanian Endemic Raptor from Its Mainland Relative?
Proc. Biol. Sci. 2013, 280, 20132448. [CrossRef] [PubMed]

Hewitt, G.M. Post-Glacial Re-Colonization of European Biota. Biol. |. Linn. Soc. 1999, 68, 87-112. [CrossRef]

Soares, P; Trejaut, J.A.; Loo, J.-H.; Hill, C.; Mormina, M.; Lee, C.-L.; Chen, Y.-M.; Hudjashov, G.; Forster, P.; Macaulay, V.; et al.
Climate Change and Postglacial Human Dispersals in Southeast Asia. Mol. Biol. Evol. 2008, 25, 1209-1218. [CrossRef] [PubMed]
Torroni, A.; Bandelt, H.-J.; Macaulay, V.; Richards, M.; Cruciani, F; Rengo, C.; Martinez-Cabrera, V.; Villems, R.; Kivisild, T,
Metspalu, E.; et al. A Signal, from Human mtDNA, of Postglacial Recolonization in Europe. Am. J. Hum. Genet. 2001, 69, 844-852.
[CrossRef] [PubMed]

Harpending, H.C.; Batzer, M.A.; Gurven, M.; Jorde, L.B.; Rogers, A.R.; Sherry, S.T. Genetic Traces of Ancient Demography. Proc.
Natl. Acad. Sci. USA 1998, 95, 1961-1967. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1093/sysbio/syv025
https://www.ncbi.nlm.nih.gov/pubmed/25922515
https://doi.org/10.1098/rsbl.2011.0356
https://www.ncbi.nlm.nih.gov/pubmed/21525049
https://doi.org/10.1098/rspb.2001.1782
https://www.ncbi.nlm.nih.gov/pubmed/11674868
https://doi.org/10.1098/rsbl.2015.0194
https://www.ncbi.nlm.nih.gov/pubmed/26333662
https://doi.org/10.1111/j.1365-2699.2009.02222.x
https://doi.org/10.1111/mec.15052
https://www.ncbi.nlm.nih.gov/pubmed/30768810
https://doi.org/10.1098/rspb.2004.3018
https://www.ncbi.nlm.nih.gov/pubmed/15870037
https://doi.org/10.1093/sysbio/syy006
https://www.ncbi.nlm.nih.gov/pubmed/29385552
https://doi.org/10.1371/journal.pone.0103949
https://www.ncbi.nlm.nih.gov/pubmed/25111840
https://doi.org/10.1093/molbev/msy104
https://www.ncbi.nlm.nih.gov/pubmed/29788493
https://doi.org/10.1146/annurev-marine-021723-110155
https://www.ncbi.nlm.nih.gov/pubmed/39106583
https://doi.org/10.1093/aob/mcp192
https://www.ncbi.nlm.nih.gov/pubmed/19666901
https://doi.org/10.1111/jbi.13731
https://doi.org/10.3389/fpls.2021.673200
https://www.ncbi.nlm.nih.gov/pubmed/34108984
https://doi.org/10.1093/botlinnean/boac045
https://doi.org/10.1073/pnas.1616063114
https://www.ncbi.nlm.nih.gov/pubmed/28373546
https://doi.org/10.1007/s10750-010-0546-7
https://doi.org/10.1038/s41437-022-00579-1
https://www.ncbi.nlm.nih.gov/pubmed/36463371
https://doi.org/10.1371/journal.pone.0028567
https://www.ncbi.nlm.nih.gov/pubmed/22164307
https://doi.org/10.1098/rspb.2013.2448
https://www.ncbi.nlm.nih.gov/pubmed/24174114
https://doi.org/10.1006/bijl.1999.0332
https://doi.org/10.1093/molbev/msn068
https://www.ncbi.nlm.nih.gov/pubmed/18359946
https://doi.org/10.1086/323485
https://www.ncbi.nlm.nih.gov/pubmed/11517423
https://doi.org/10.1073/pnas.95.4.1961
https://www.ncbi.nlm.nih.gov/pubmed/9465125
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 33 of 37

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

159.

160.

161.

Pereira, L.; Richards, M.; Goios, A.; Alonso, A.; Albarran, C.; Garcia, O.; Behar, D.M.; Golge, M.; Hatina, J.; Al-Gazali, L.; et al.
High-Resolution mtDNA Evidence for the Late-Glacial Resettlement of Europe from an Iberian Refugium. Genome Res. 2005, 15,
19-24. [CrossRef] [PubMed]

Soares, P.; Achilli, A.; Semino, O.; Davies, W.; Macaulay, V.; Bandelt, H.-J.; Torroni, A.; Richards, M.B. The Archaeogenetics of
Europe. Curr. Biol. 2010, 20, R174-R183. [CrossRef] [PubMed]

Ho, S.Y.W.; Endicott, P. The Crucial Role of Calibration in Molecular Date Estimates for the Peopling of the Americas. Am. J. Hum.
Genet. 2008, 83, 142-146. [CrossRef] [PubMed]

Fu, Q.; Rudan, P;; Paébo, S.; Krause, ]. Complete Mitochondrial Genomes Reveal Neolithic Expansion into Europe. PLoS ONE
2012, 7, €32473. [CrossRef] [PubMed]

Rivollat, M.; Jeong, C.; Schiffels, S.; Kiigtikkalipgi, i; Pemonge, M.-H.; Rohrlach, A.B.; Alt, KW.; Binder, D.; Friederich, S.;
Ghesquieére, E.; et al. Ancient Genome-Wide DNA from France Highlights the Complexity of Interactions between Mesolithic
Hunter-Gatherers and Neolithic Farmers. Sci. Adv. 2020, 6, eaaz5344. [CrossRef] [PubMed]

Richards, M.; Macaulay, V.; Hickey, E.; Vega, E.; Sykes, B.; Guida, V.; Rengo, C.; Sellitto, D.; Cruciani, F; Kivisild, T.; et al. Tracing
European Founder Lineages in the Near Eastern mtDNA Pool. Am. . Hum. Genet. 2000, 67, 1251-1276. [CrossRef]

54, L.; Almeida, M.; Azonbakin, S.; Matos, E.; Franco-Duarte, R.; Gomez-Carballa, A.; Salas, A.; Laleye, A.; Rosa, A.; Brehm, A;
et al. Phylogeography of Sub-Saharan Mitochondrial Lineages Outside Africa Highlights the Roles of the Holocene Climate
Changes and the Atlantic Slave Trade. Int. J. Mol. Sci. 2022, 23, 9219. [CrossRef] [PubMed]

Clegg, S.M.; Degnan, S.M.; Kikkawa, J.; Moritz, C.; Estoup, A.; Owens, LPF. Genetic Consequences of Sequential Founder Events
by an Island-Colonizing Bird. Proc. Natl. Acad. Sci. USA 2002, 99, 8127-8132. [CrossRef] [PubMed]

Emerson, B.C.; Campedel, A.; Noguerales, V. Island Colonization and Extinction of an Insect Species Revealed by Mitochondrial
and Genome-Wide Nuclear Variation. Evol. J. Linn. Soc. 2025, 4, kzaf012. [CrossRef]

Soares, P.A.; Trejaut, J.A.; Rito, T.; Cavadas, B.; Hill, C.; Eng, KK.; Mormina, M.; Brandao, A.; Fraser, RM.; Wang, T.-Y,; et al.
Resolving the Ancestry of Austronesian-Speaking Populations. Hum. Genet. 2016, 135, 309-326. [CrossRef] [PubMed]

Almeida, M.; Gandini, F; Rito, T.; Foody, M.G.; Brandao, A.; Oliveira, M.; Olivieri, A.; Fichera, A.; Oteo-Garcia, G.; Zainuddin, Z.;
et al. Leveraging Known Pacific Colonisation Times to Test Models for the Ancestry of Southeast Asians. Sci. Rep. 2025, 15, 37044.
[CrossRef] [PubMed]

Brandao, A.; Eng, K.K,; Rito, T.; Cavadas, B.; Bulbeck, D.; Gandini, F; Pala, M.; Mormina, M.; Hudson, B.; White, J.; et al.
Quantifying the Legacy of the Chinese Neolithic on the Maternal Genetic Heritage of Taiwan and Island Southeast Asia. Hum.
Genet. 2016, 135, 363-376. [CrossRef] [PubMed]

Rieux, A.; Balloux, F. Inferences from Tip-Calibrated Phylogenies: A Review and a Practical Guide. Mol. Ecol. 2016, 25, 1911-1924.
[CrossRef] [PubMed]

Stadler, T.; Yang, Z. Dating Phylogenies with Sequentially Sampled Tips. Syst. Biol. 2013, 62, 674—688. [CrossRef] [PubMed]
Wang, L.Y.R.; Jokinen, C.C.; Laing, C.R.; Johnson, R.P;; Ziebell, K.; Gannon, V.P]. Assessing the Genomic Relatedness and
Evolutionary Rates of Persistent Verotoxigenic Escherichia Coli Serotypes within a Closed Beef Herd in Canada. Microb. Genom.
2020, 6, €000376. [CrossRef] [PubMed]

Jones, B.R.; Joy, ].B. Inferring Human Immunodeficiency Virus 1 Proviral Integration Dates with Bayesian Inference. Mol. Biol.
Evol. 2023, 40, msad156. [CrossRef] [PubMed]

Bletsa, M.; Suchard, M.A.; Ji, X.; Gryseels, S.; Vrancken, B.; Baele, G.; Worobey, M.; Lemey, P. Divergence Dating Using Mixed
Effects Clock Modelling: An Application to HIV-1. Virus Evol. 2019, 5, vez036. [CrossRef] [PubMed]

Pipes, L.; Wang, H.; Huelsenbeck, J.P.; Nielsen, R. Assessing Uncertainty in the Rooting of the SARS-CoV-2 Phylogeny. Mol. Biol.
Evol. 2021, 38, 1537-1543. [CrossRef] [PubMed]

Samson, S.; Lord, E.; Makarenkov, V. Assessing the Emergence Time of SARS-CoV-2 Zoonotic Spillover. PLoS ONE 2024, 19,
€0301195. [CrossRef] [PubMed]

Grif, T.; Bello, G.; Naveca, F.G.; Gomes, M.; Cardoso, V.L.O.; da Silva, A.E,; Dezordi, F.Z.; dos Santos, M.C.; Santos, K.C.d.O.;
Batista, E.L.R; et al. Phylogenetic-Based Inference Reveals Distinct Transmission Dynamics of SARS-CoV-2 Lineages Gamma and
P2 in Brazil. iScience 2022, 25, 104156. [CrossRef] [PubMed]

Didelot, X.; Parkhill, J. A Scalable Analytical Approach from Bacterial Genomes to Epidemiology. Philos. Trans. R. Soc. Lond. B
Biol. Sci. 2022, 377,20210246. [CrossRef] [PubMed]

Buiatte, A.B.G.; Souza, S.S.R.; Costa, L.R.M.; Peres, P.A.B.M.; de Melo, R.T.; Sommerfeld, S.; Fonseca, B.B.; Zac Soligno, N.I;
Ikhimiukor, O.0O.; Armendaris, PM.; et al. Five Centuries of Genome Evolution and Multi-Host Adaptation of Campylobacter
jejuni in Brazil. Microb. Genom. 2024, 10, 001274. [CrossRef] [PubMed]

Macleod, R.; Seersholm, F.V.; De Sanctis, B.; Lieverse, A.; Timpson, A.; Schulting, R.; Stenderup, J.T.; Gaunitz, C.; Vinner, L.;
Goriunova, O.I; et al. Lethal Plague Outbreaks in Lake Baikal Hunter-Gatherers 5,500 Years Ago. Nature 2026, 654, 697-705.
[CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1101/gr.3182305
https://www.ncbi.nlm.nih.gov/pubmed/15632086
https://doi.org/10.1016/j.cub.2009.11.054
https://www.ncbi.nlm.nih.gov/pubmed/20178764
https://doi.org/10.1016/j.ajhg.2008.06.014
https://www.ncbi.nlm.nih.gov/pubmed/18606310
https://doi.org/10.1371/journal.pone.0032473
https://www.ncbi.nlm.nih.gov/pubmed/22427842
https://doi.org/10.1126/sciadv.aaz5344
https://www.ncbi.nlm.nih.gov/pubmed/32523989
https://doi.org/10.1016/S0002-9297(07)62954-1
https://doi.org/10.3390/ijms23169219
https://www.ncbi.nlm.nih.gov/pubmed/36012483
https://doi.org/10.1073/pnas.102583399
https://www.ncbi.nlm.nih.gov/pubmed/12034870
https://doi.org/10.1093/evolinnean/kzaf012
https://doi.org/10.1007/s00439-015-1620-z
https://www.ncbi.nlm.nih.gov/pubmed/26781090
https://doi.org/10.1038/s41598-025-20856-3
https://www.ncbi.nlm.nih.gov/pubmed/41131077
https://doi.org/10.1007/s00439-016-1640-3
https://www.ncbi.nlm.nih.gov/pubmed/26875094
https://doi.org/10.1111/mec.13586
https://www.ncbi.nlm.nih.gov/pubmed/26880113
https://doi.org/10.1093/sysbio/syt030
https://www.ncbi.nlm.nih.gov/pubmed/23628961
https://doi.org/10.1099/mgen.0.000376
https://www.ncbi.nlm.nih.gov/pubmed/32496181
https://doi.org/10.1093/molbev/msad156
https://www.ncbi.nlm.nih.gov/pubmed/37421655
https://doi.org/10.1093/ve/vez036
https://www.ncbi.nlm.nih.gov/pubmed/31720009
https://doi.org/10.1093/molbev/msaa316
https://www.ncbi.nlm.nih.gov/pubmed/33295605
https://doi.org/10.1371/journal.pone.0301195
https://www.ncbi.nlm.nih.gov/pubmed/38574109
https://doi.org/10.1016/j.isci.2022.104156
https://www.ncbi.nlm.nih.gov/pubmed/35368908
https://doi.org/10.1098/rstb.2021.0246
https://www.ncbi.nlm.nih.gov/pubmed/35989600
https://doi.org/10.1099/mgen.0.001274
https://www.ncbi.nlm.nih.gov/pubmed/39028633
https://doi.org/10.1038/s41586-026-10540-5
https://www.ncbi.nlm.nih.gov/pubmed/42310115
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 34 of 37

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.
172.

173.

174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

Renner, S.S.; Grimm, G.W.,; Kapli, P,; Denk, T. Species Relationships and Divergence Times in Beeches: New Insights from the
Inclusion of 53 Young and Old Fossils in a Birth-Death Clock Model. Philos. Trans. R. Soc. Lond. B Biol. Sci. 2016, 371, 20150135.
[CrossRef] [PubMed]

Nagel, A.A.; Flouri, T.; Yang, Z.; Rannala, B. Bayesian Inference Under the Multispecies Coalescent with Ancient DNA Sequences.
Syst. Biol. 2024, 73, 964-978. [CrossRef] [PubMed]

Tong, K.]J.; Duchéne, D.A.; Duchéne, S.; Geoghegan, J.L.; Ho, S.Y.W. A Comparison of Methods for Estimating Substitution Rates
from Ancient DNA Sequence Data. BMC Evol. Biol. 2018, 18, 70. [CrossRef] [PubMed]

Bapst, D.W.; Wright, A.M.; Matzke, N.J.; Lloyd, G.T. Topology, Divergence Dates, and Macroevolutionary Inferences Vary between
Different Tip-Dating Approaches Applied to Fossil Theropods (Dinosauria). Biol. Lett. 2016, 12, 20160237. [CrossRef] [PubMed]
Rieux, A.; Eriksson, A.; Li, M.; Sobkowiak, B.; Weinert, L.A.; Warmuth, V.; Ruiz-Linares, A.; Manica, A.; Balloux, F. Improved
Calibration of the Human Mitochondrial Clock Using Ancient Genomes. Mol. Biol. Evol. 2014, 31, 2780-2792. [CrossRef] [PubMed]
Fu, Q.; Mittnik, A.; Johnson, P.L.F,; Bos, K.; Lari, M.; Bollongino, R.; Sun, C.; Giemsch, L.; Schmitz, R.; Burger, ].; et al. A Revised
Timescale for Human Evolution Based on Ancient Mitochondrial Genomes. Curr. Biol. 2013, 23, 553-559. [CrossRef] [PubMed]
Posth, C.; Renaud, G.; Mittnik, A.; Drucker, D.G.; Rougier, H.; Cupillard, C.; Valentin, F.; Thevenet, C.; Furtwiangler, A.; WifSing,
C.; et al. Pleistocene Mitochondrial Genomes Suggest a Single Major Dispersal of Non-Africans and a Late Glacial Population
Turnover in Europe. Curr. Biol. 2016, 26, 827-833. [CrossRef] [PubMed]

Didelot, X.; Siveroni, I.; Volz, EM. Additive Uncorrelated Relaxed Clock Models for the Dating of Genomic Epidemiology
Phylogenies. Mol. Biol. Evol. 2021, 38, 307-317. [CrossRef] [PubMed]

Fernandes, P,; Pinho, B.; Miguéis, B.; Almeida, ].B.; Rito, T.; Soares, P. Analysis of Selective Pressure on Ancient Human Mitochondrial
Genomes Reveals the Presence of Widespread Sequencing Artefacts. Int. J. Mol. Sci. 2025, 26, 7739. [CrossRef] [PubMed]

Stadler, T. Sampling-through-Time in Birth-Death Trees. J. Theor. Biol. 2010, 267, 396-404. [CrossRef] [PubMed]

Heath, T.A.; Huelsenbeck, J.P.; Stadler, T. The Fossilized Birth-Death Process for Coherent Calibration of Divergence-Time
Estimates. Proc. Natl. Acad. Sci. USA 2014, 111, E2957-E2966. [CrossRef] [PubMed]

Gavryushkina, A.; Welch, D.; Stadler, T.; Drummond, A.J. Bayesian Inference of Sampled Ancestor Trees for Epidemiology and
Fossil Calibration. PLoS Comput. Biol. 2014, 10, €1003919. [CrossRef] [PubMed]

Ronquist, E; Klopfstein, S.; Vilhelmsen, L.; Schulmeister, S.; Murray, D.L.; Rasnitsyn, A.P. A Total-Evidence Approach to Dating
with Fossils, Applied to the Early Radiation of the Hymenoptera. Syst. Biol. 2012, 61, 973-999. [CrossRef] [PubMed]

Zhang, C.; Stadler, T.; Klopfstein, S.; Heath, T.A.; Ronquist, F. Total-Evidence Dating under the Fossilized Birth-Death Process.
Syst. Biol. 2016, 65, 228-249. [CrossRef] [PubMed]

Gavryushkina, A.; Heath, T.A.; Ksepka, D.T.; Stadler, T.; Welch, D.; Drummond, A.J. Bayesian Total-Evidence Dating Reveals the
Recent Crown Radiation of Penguins. Syst. Biol. 2017, 66, 57-73. [CrossRef] [PubMed]

Zhang, C.; Ronquist, F.; Stadler, T. Skyline Fossilized Birth-Death Model Is Robust to Violations of Sampling Assumptions in
Total-Evidence Dating. Syst. Biol. 2023, 72, 1316-1336. [CrossRef] [PubMed]

Hohna, S.; Landis, M.J.; Heath, T.A.; Boussau, B.; Lartillot, N.; Moore, B.R.; Huelsenbeck, J.P.; Ronquist, F. RevBayes: Bayesian
Phylogenetic Inference Using Graphical Models and an Interactive Model-Specification Language. Syst. Biol. 2016, 65, 726-736.
[CrossRef] [PubMed]

Gusmaio, L.; Sanchez-Diz, P; Calafell, E.; Martin, P; Alonso, C.A.; Alvarez-Fernandez, F; Alves, C.; Borjas-Fajardo, L.; Bozzo, W.R ;
Bravo, M.L.; et al. Mutation Rates at Y Chromosome Specific Microsatellites. Hum. Mutat. 2005, 26, 520-528. [CrossRef] [PubMed]
Ma, X; Li, R;; Xie, J.; Li, T.; Liu, Z.; Chen, X.; Zhong, Z.; Li, ].; Li, Q.; Sun, H. A Comprehensive Evaluation of Mutation Rates and
Male Differentiation Using an 80-Y-STR Panel. Forensic Sci. Int. Genet. 2026, 83, 103439. [CrossRef] [PubMed]

Ralf, A.; Montiel Gonzélez, D.; Zandstra, D.; van Wersch, B.; Kousouri, N.; de Knijff, P.; Adnan, A.; Claerhout, S.; Ghanbari,
M.; Larmuseau, M.H.D.; et al. Large-Scale Pedigree Analysis Highlights Rapidly Mutating Y-Chromosomal Short Tandem
Repeats for Differentiating Patrilineal Relatives and Predicting Their Degrees of Consanguinity. Hum. Genet. 2023, 142,
145-160. [CrossRef] [PubMed]

Zhivotovsky, L.A.; Underhill, P.A.; Cinnioglu, C.; Kayser, M.; Morar, B.; Kivisild, T.; Scozzari, R.; Cruciani, F.; Destro-Bisol,
G.; Spedini, G.; et al. The Effective Mutation Rate at Y Chromosome Short Tandem Repeats, with Application to Human
Population-Divergence Time. Am. |. Hum. Genet. 2004, 74, 50-61. [CrossRef] [PubMed]

Howell, N.; Smejkal, C.B.; Mackey, D.A.; Chinnery, PF,; Turnbull, D.M.; Herrnstadt, C. The Pedigree Rate of Sequence Divergence
in the Human Mitochondrial Genome: There Is a Difference Between Phylogenetic and Pedigree Rates. Am. |. Hum. Genet. 2003,
72,659-670. [CrossRef] [PubMed]

Roach, ].C,; Glusman, G.; Smit, A.EA.; Huff, C.D.; Hubley, R.; Shannon, PT.; Rowen, L.; Pant, K.P; Goodman, N.; Bamshad, M.; et al.
Analysis of Genetic Inheritance in a Family Quartet by Whole-Genome Sequencing. Science 2010, 328, 636-639. [CrossRef] [PubMed]
Porubsky, D.; Dashnow, H.; Sasani, T.A.; Logsdon, G.A.; Hallast, P.; Noyes, M.D.; Kronenberg, Z.N.; Mokveld, T.; Koundinya,
N.; Nolan, C.; et al. Human de Novo Mutation Rates from a Four-Generation Pedigree Reference. Nature 2025, 643, 427-436.
[CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.1098/rstb.2015.0135
https://www.ncbi.nlm.nih.gov/pubmed/27325832
https://doi.org/10.1093/sysbio/syae047
https://www.ncbi.nlm.nih.gov/pubmed/39078610
https://doi.org/10.1186/s12862-018-1192-3
https://www.ncbi.nlm.nih.gov/pubmed/29769015
https://doi.org/10.1098/rsbl.2016.0237
https://www.ncbi.nlm.nih.gov/pubmed/27405380
https://doi.org/10.1093/molbev/msu222
https://www.ncbi.nlm.nih.gov/pubmed/25100861
https://doi.org/10.1016/j.cub.2013.02.044
https://www.ncbi.nlm.nih.gov/pubmed/23523248
https://doi.org/10.1016/j.cub.2016.01.037
https://www.ncbi.nlm.nih.gov/pubmed/26853362
https://doi.org/10.1093/molbev/msaa193
https://www.ncbi.nlm.nih.gov/pubmed/32722797
https://doi.org/10.3390/ijms26167739
https://www.ncbi.nlm.nih.gov/pubmed/40869060
https://doi.org/10.1016/j.jtbi.2010.09.010
https://www.ncbi.nlm.nih.gov/pubmed/20851708
https://doi.org/10.1073/pnas.1319091111
https://www.ncbi.nlm.nih.gov/pubmed/25009181
https://doi.org/10.1371/journal.pcbi.1003919
https://www.ncbi.nlm.nih.gov/pubmed/25474353
https://doi.org/10.1093/sysbio/sys058
https://www.ncbi.nlm.nih.gov/pubmed/22723471
https://doi.org/10.1093/sysbio/syv080
https://www.ncbi.nlm.nih.gov/pubmed/26493827
https://doi.org/10.1093/sysbio/syw060
https://www.ncbi.nlm.nih.gov/pubmed/28173531
https://doi.org/10.1093/sysbio/syad054
https://www.ncbi.nlm.nih.gov/pubmed/37605524
https://doi.org/10.1093/sysbio/syw021
https://www.ncbi.nlm.nih.gov/pubmed/27235697
https://doi.org/10.1002/humu.20254
https://www.ncbi.nlm.nih.gov/pubmed/16220553
https://doi.org/10.1016/j.fsigen.2026.103439
https://www.ncbi.nlm.nih.gov/pubmed/41633138
https://doi.org/10.1007/s00439-022-02493-2
https://www.ncbi.nlm.nih.gov/pubmed/36190543
https://doi.org/10.1086/380911
https://www.ncbi.nlm.nih.gov/pubmed/14691732
https://doi.org/10.1086/368264
https://www.ncbi.nlm.nih.gov/pubmed/12571803
https://doi.org/10.1126/science.1186802
https://www.ncbi.nlm.nih.gov/pubmed/20220176
https://doi.org/10.1038/s41586-025-08922-2
https://www.ncbi.nlm.nih.gov/pubmed/40269156
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 35 of 37

186.

187.

188.

189.

190.

191.

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.
203.

204.

205.

206.

207.

208.

209.

Liu, G.; NISC Comparative Sequencing Program; Zhao, S.; Bailey, J.A.; Sahinalp, S.C.; Alkan, C.; Tuzun, E.; Green, E.D.; Eichler,
E.E. Analysis of Primate Genomic Variation Reveals a Repeat-Driven Expansion of the Human Genome. Genome Res. 2003, 13,
358-368. [CrossRef] [PubMed]

Moorjani, P; Amorim, C.E.G.; Arndt, P.F; Przeworski, M. Variation in the Molecular Clock of Primates. Proc. Natl. Acad. Sci. USA
2016, 113, 10607-10612. [CrossRef] [PubMed]

Xue, Y.; Wang, Q.; Long, Q.; Ng, B.L.; Swerdlow, H.; Burton, J.; Skuce, C.; Taylor, R.; Abdellah, Z.; Zhao, Y.; et al. Human Y
Chromosome Base-Substitution Mutation Rate Measured by Direct Sequencing in a Deep-Rooting Pedigree. Curr. Biol. 2009, 19,
1453-1457. [CrossRef] [PubMed]

Coki¢, V.P; Kecmanovié, M.; Zgonjanin Bosi¢, D.; Jakovski, Z.; Veljkovi¢, A.; Kati¢, S.; Keckarevi¢ Markovié, M.; Keckarevi¢, D. A
Comprehensive Mutation Study in Wide Deep-Rooted R1b Serbian Pedigree: Mutation Rates and Male Relative Differentiation
Capacity of 36 Y-STR Markers. Forensic Sci. Int. Genet. 2019, 41, 137-144. [CrossRef] [PubMed]

Zhang, S.-].; Ma, ].; Riera, M.; Besenbacher, S.; Niskanen, ].E.; Salokorpi, N.; Hundi, S.; Hyténen, M.K.; Zhou, T.; Li, G.-M.; et al.
Determinants of de Novo Mutations in Extended Pedigrees of 43 Dog Breeds. Genome Biol. 2025, 26, 305. [CrossRef] [PubMed]
Koch, E.M.; Schweizer, R.M.; Schweizer, T.M.; Stahler, D.R.; Smith, D.W.; Wayne, R.K.; Novembre, ]. De Novo Mutation Rate
Estimation in Wolves of Known Pedigree. Mol. Biol. Evol. 2019, 36, 2536-2547. [CrossRef] [PubMed]

Bergeron, L.A.; Besenbacher, S.; Turner, T.; Versoza, C.J.; Wang, R.]J.; Price, A.L.; Armstrong, E.; Riera, M.; Carlson, J.; Chen,
H.-Y,; et al. The Mutationathon Highlights the Importance of Reaching Standardization in Estimates of Pedigree-Based Germline
Mutation Rates. Elife 2022, 11, €73577. [CrossRef] [PubMed]

Alexander, M.; Ho, S.Y.W.; Molak, M.; Barnett, R.; Carlborg, O.; Dorshorst, B.; Honaker, C.; Besnier, E.; Wahlberg, P.; Dobney, K.;
et al. Mitogenomic Analysis of a 50-Generation Chicken Pedigree Reveals a Rapid Rate of Mitochondrial Evolution and Evidence
for Paternal mtDNA Inheritance. Biol. Lett. 2015, 11, 20150561. [CrossRef] [PubMed]

Wang, R].; Al-Saffar, S.I.; Rogers, J.; Hahn, M.W. Human Generation Times across the Past 250,000 Years. Sci. Adv. 2023, 9,
eabm7047. [CrossRef] [PubMed]

Uchimura, A.; Higuchi, M.; Minakuchi, Y.; Ohno, M.; Toyoda, A.; Fujiyama, A.; Miura, I.; Wakana, S.; Nishino, J.; Yagi, T. Germline
Mutation Rates and the Long-Term Phenotypic Effects of Mutation Accumulation in Wild-Type Laboratory Mice and Mutator
Mice. Genome Res. 2015, 25, 1125-1134. [CrossRef] [PubMed]

Rosche, W.A; Foster, P.L. Determining Mutation Rates in Bacterial Populations. Methods 2000, 20, 4-17. [CrossRef] [PubMed]
Krasovec, R.; Richards, H.; Gomez, G.; Gifford, D.R.; Mazoyer, A.; Knight, C.G. Measuring Microbial Mutation Rates with the
Fluctuation Assay. J. Vis. Exp. 2019, 153, e60406. [CrossRef] [PubMed]

Sanjuan, R.; Nebot, M.R.; Chirico, N.; Mansky, L.M.; Belshaw, R. Viral Mutation Rates. J. Virol. 2010, 84, 9733-9748.
[CrossRef] [PubMed]

Fu, Y.X. Estimating Mutation Rate and Generation Time from Longitudinal Samples of DNA Sequences. Mol. Biol. Evol. 2001, 18,
620-626. [CrossRef] [PubMed]

Rito, T.; Richards, M.B.; Pala, M.; Correia-Neves, M.; Soares, P.A. Phylogeography of 27,000 SARS-CoV-2 Genomes: Europe as the
Major Source of the COVID-19 Pandemic. Microorganisms 2020, 8, 1678. [CrossRef] [PubMed]

Rito, T.; Fernandes, P.; Duarte, R.; Soares, P. Evaluating Data Sharing of SARS-CoV-2 Genomes for Molecular Epidemiology across
the COVID-19 Pandemic. Viruses 2023, 15, 560. [CrossRef] [PubMed]

Schenk, J.J. Consequences of Secondary Calibrations on Divergence Time Estimates. PLoS ONE 2016, 11, €0148228. [CrossRef] [PubMed]
Powell, C.L.E.; Waskin, S.; Battistuzzi, F.U. Quantifying the Error of Secondary vs. Distant Primary Calibrations in a Simulated
Environment. Front. Genet. 2020, 11, 252. [CrossRef] [PubMed]

Avise, ].C.; Bowen, B.W.; Ayala, EJ. In the Light of Evolution X: Comparative Phylogeography. Proc. Natl. Acad. Sci. USA 2016,
113, 7957-7961. [CrossRef] [PubMed]

Edwards, S.V.; Robin, V.V,; Ferrand, N.; Moritz, C. The Evolution of Comparative Phylogeography: Putting the Geography (and
More) into Comparative Population Genomics. Genome Biol. Evol. 2022, 14, evab176. [CrossRef] [PubMed]

Taberlet, P.; Fumagalli, L.; Wust-Saucy, A.G.; Cosson, ]J.F. Comparative Phylogeography and Postglacial Colonization Routes in
Europe. Mol. Ecol. 1998, 7, 453-464. [CrossRef] [PubMed]

Saarma, U.; Ho, S.Y.W,; Pybus, O.G.; Kaljuste, M.; Tumanov, LL.; Kojola, I.; Vorobiev, A.A.; Markov, N.I; Saveljev, A.P.; Valdmann,
H.; et al. Mitogenetic Structure of Brown Bears (Ursus arctos L.) in Northeastern Europe and a New Time Frame for the Formation
of European Brown Bear Lineages. Mol. Ecol. 2007, 16, 401-413. [CrossRef] [PubMed]

Knowlton, N.; Weigt, L.A. New Dates and New Rates for Divergence across the Isthmus of Panama. Proc. Biol. Sci. 1998, 265,
2257. [CrossRef]

Cunningham, C.W,; Collins, T.M. Developing Model Systems for Molecular Biogeography: Vicariance and Interchange in Marine
Invertebrates. In Molecular Ecology and Evolution: Approaches and Applications; Schierwater, B., Streit, B., Wagner, G.P,, DeSalle, R.,
Eds.; Birkhéduser: Basel, Switzerland, 1994; pp. 405-433. ISBN 978-3-0348-7527-1.

https://doi.org/10.3390/biology15151329


https://doi.org/10.1101/gr.923303
https://www.ncbi.nlm.nih.gov/pubmed/12618366
https://doi.org/10.1073/pnas.1600374113
https://www.ncbi.nlm.nih.gov/pubmed/27601674
https://doi.org/10.1016/j.cub.2009.07.032
https://www.ncbi.nlm.nih.gov/pubmed/19716302
https://doi.org/10.1016/j.fsigen.2019.04.007
https://www.ncbi.nlm.nih.gov/pubmed/31082622
https://doi.org/10.1186/s13059-025-03804-2
https://www.ncbi.nlm.nih.gov/pubmed/40999484
https://doi.org/10.1093/molbev/msz159
https://www.ncbi.nlm.nih.gov/pubmed/31297530
https://doi.org/10.7554/eLife.73577
https://www.ncbi.nlm.nih.gov/pubmed/35018888
https://doi.org/10.1098/rsbl.2015.0561
https://www.ncbi.nlm.nih.gov/pubmed/26510672
https://doi.org/10.1126/sciadv.abm7047
https://www.ncbi.nlm.nih.gov/pubmed/36608127
https://doi.org/10.1101/gr.186148.114
https://www.ncbi.nlm.nih.gov/pubmed/26129709
https://doi.org/10.1006/meth.1999.0901
https://www.ncbi.nlm.nih.gov/pubmed/10610800
https://doi.org/10.3791/60406
https://www.ncbi.nlm.nih.gov/pubmed/31840662
https://doi.org/10.1128/jvi.00694-10
https://www.ncbi.nlm.nih.gov/pubmed/20660197
https://doi.org/10.1093/oxfordjournals.molbev.a003842
https://www.ncbi.nlm.nih.gov/pubmed/11264414
https://doi.org/10.3390/microorganisms8111678
https://www.ncbi.nlm.nih.gov/pubmed/33137892
https://doi.org/10.3390/v15020560
https://www.ncbi.nlm.nih.gov/pubmed/36851774
https://doi.org/10.1371/journal.pone.0148228
https://www.ncbi.nlm.nih.gov/pubmed/26824760
https://doi.org/10.3389/fgene.2020.00252
https://www.ncbi.nlm.nih.gov/pubmed/32265987
https://doi.org/10.1073/pnas.1604338113
https://www.ncbi.nlm.nih.gov/pubmed/27432955
https://doi.org/10.1093/gbe/evab176
https://www.ncbi.nlm.nih.gov/pubmed/34347070
https://doi.org/10.1046/j.1365-294x.1998.00289.x
https://www.ncbi.nlm.nih.gov/pubmed/9628000
https://doi.org/10.1111/j.1365-294X.2006.03130.x
https://www.ncbi.nlm.nih.gov/pubmed/17217353
https://doi.org/10.1098/rspb.1998.0568
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 36 of 37

210.

211.

212.

213.

214.

215.

216.

217.

218.

219.

220.

221.

222.

223.

224.

225.

226.

227.

228.

229.

230.

231.

232.

233.

Collins, T.M,; Frazer, K.; Palmer, A.R.; Vermeij, G.J.; Brown, WM. Evolutionary History of Northern Hemisphere Nucella (Gastropoda,
Muricidae): Molecular, Morphological, Ecological, and Paleontological Evidence. Evolution 1996, 50, 2287-2304. [CrossRef]

Lessios, H.A. The Great American Schism: Divergence of Marine Organisms After the Rise of the Central American Isthmus.
Annu. Rev. Ecol. Evol. Syst. 2008, 39, 63-91. [CrossRef]

Hurt, C.; Anker, A.; Knowlton, N. A Multilocus Test of Simultaneous Divergence across the Isthmus of Panama Using Snapping
Shrimp in the Genus Alpheus. Evolution 2009, 63, 514-530. [CrossRef] [PubMed]

Thacker, C.E. Patterns of Divergence in Fish Species Separated by the Isthmus of Panama. BMC Evol. Biol. 2017, 17, 111.
[CrossRef] [PubMed]

Soares, P; Rito, T.; Pereira, L.; Richards, M. A Genetic Perspective on African Prehistory. In Vertebrate Paleobiology and Paleoanthro-
pology; Springer: Berlin/Heidelberg, Germany, 2016; pp. 383-405. ISBN 978-94-017-7519-9.

Rito, T.; Vieira, D.; Silva, M.; Conde-Sousa, E.; Pereira, L.; Mellars, P.; Richards, M.; Soares, P. A Dispersal of Homo Sapiens from
Southern to Eastern Africa Immediately Preceded the Out-of-Africa Migration. Sci. Rep. 2019, 9, 4728. [CrossRef] [PubMed]
Gandini, F; Almeida, M.; Foody, G.; Nagle, N.; Bergstrom, A.; Olivieri, A.; Rodrigues, S.; Fichera, A.; Oteo-Garcia, G.; Torroni, A.; et al.
Genomic Evidence Supports the “Long Chronology” for the Peopling of Sahul. Sci. Adv. 2025, 11, eady9493. [CrossRef] [PubMed]
Westaway, K.E.; Louys, J.; Awe, R.D.; Morwood, M.]; Price, G.J.; Zhao, J.-X.; Aubert, M.; Joannes-Boyau, R.; Smith, T.M.; Skinner,
M.M.,; et al. An Early Modern Human Presence in Sumatra 73,000-63,000 Years Ago. Nature 2017, 548, 322-325. [CrossRef] [PubMed]
Freidline, S.E.; Westaway, K.E.; Joannes-Boyau, R.; Duringer, P.; Ponche, J.-L.; Morley, M.W.; Hernandez, V.C.; McAllister-
Hayward, M.S.; McColl, H.; Zanolli, C.; et al. Early Presence of Homo Sapiens in Southeast Asia by 86-68 Kyr at Tam Pa Ling,
Northern Laos. Nat. Commun. 2023, 14, 3193. [CrossRef] [PubMed]

Clarkson, C.; Jacobs, Z.; Marwick, B.; Fullagar, R.; Wallis, L.; Smith, M.; Roberts, R.G.; Hayes, E.; Lowe, K.; Carah, X.; et al. Human
Occupation of Northern Australia by 65,000 Years Ago. Nature 2017, 547, 306-310. [CrossRef] [PubMed]

Iasi, L.N.M.; Chintalapati, M.; Skov, L.; Mesa, A.B.; Hajdinjak, M.; Peter, B.M.; Moorjani, P. Neanderthal Ancestry through Time:
Insights from Genomes of Ancient and Present-Day Humans. Science 2024, 386, eadq3010. [CrossRef] [PubMed]

Stimer, A.P.; Rougier, H.; Villalba-Mouco, V.; Huang, Y.; Iasi, LN.M.; Essel, E.; Bossoms Mesa, A.; Furtwaengler, A.; Peyrégne, S.;
de Filippo, C.; et al. Earliest Modern Human Genomes Constrain Timing of Neanderthal Admixture. Nature 2025, 638, 711-717.
[CrossRef] [PubMed]

Soares, P; Rito, T.; Trejaut, J.; Mormina, M.; Hill, C.; Tinkler-Hundal, E.; Braid, M.; Clarke, D.J.; Loo, ]J.-H.; Thomson, N.; et al.
Ancient Voyaging and Polynesian Origins. Am. . Hum. Genet. 2011, 88, 239-247. [CrossRef] [PubMed]

Denham, T.; Ramsey, C.B.; Specht, J. Dating the Appearance of Lapita Pottery in the Bismarck Archipelago and Its Dispersal to
Remote Oceania. Archaeol. Ocean. 2012, 47, 39—46. [CrossRef]

Rito, T.; Richards, M.B.; Fernandes, V.; Alshamali, F.; Cerny, V.; Pereira, L.; Soares, P. The First Modern Human Dispersals across
Africa. PLoS ONE 2013, 8, e80031. [CrossRef] [PubMed]

Pereira, J.B.; Costa, M.D.; Vieira, D.; Pala, M.; Bamford, L.; Harich, N.; Cherni, L.; Alshamali, F.; Hatina, J.; Rychkov, S.;
et al. Reconciling Evidence from Ancient and Contemporary Genomes: A Major Source for the European Neolithic within
Mediterranean Europe. Proc. R. Soc. B 2017, 284, 20161976. [CrossRef] [PubMed]

Semino, O.; Passarino, G.; Oefner, PJ.; Lin, A.A.; Arbuzova, S.; Beckman, L.E.; De Benedictis, G.; Francalacci, P.; Kouvatsi, A.;
Limborska, S.; et al. The Genetic Legacy of Paleolithic Homo Sapiens Sapiens in Extant Europeans: A Y Chromosome Perspective.
Science 2000, 290, 1155-1159. [CrossRef] [PubMed]

Balaresque, P; Bowden, G.R.; Adams, S.M.; Leung, H.-Y.; King, T.E.; Rosser, Z.H.; Goodwin, J.; Moisan, J.-P,; Richard, C.; Millward,
A.; et al. A Predominantly Neolithic Origin for European Paternal Lineages. PLoS Biol. 2010, 8, e1000285. [CrossRef] [PubMed]
Batini, C.; Hallast, P.; Zadik, D.; Delser, PM.; Benazzo, A.; Ghirotto, S.; Arroyo-Pardo, E.; Cavalleri, G.L.; de Knijff, P.; Dupuy,
B.M.; et al. Large-Scale Recent Expansion of European Patrilineages Shown by Population Resequencing. Nat. Commun. 2015, 6,
7152. [CrossRef] [PubMed]

Haak, W.; Lazaridis, I.; Patterson, N.; Rohland, N.; Mallick, S.; Llamas, B.; Brandt, G.; Nordenfelt, S.; Harney, E.; Stewardson,
K.; et al. Massive Migration from the Steppe Was a Source for Indo-European Languages in Europe. Nature 2015, 522, 207-211.
[CrossRef] [PubMed]

Allentoft, M.E,; Sikora, M.; Sjogren, K.-G.; Rasmussen, S.; Rasmussen, M.; Stenderup, J.; Damgaard, P.B.; Schroeder, H.; Ahlstrém,
T.; Vinner, L.; et al. Population Genomics of Bronze Age Eurasia. Nature 2015, 522, 167-172. [CrossRef] [PubMed]

Olalde, I.; Mallick, S.; Patterson, N.; Rohland, N.; Villalba-Mouco, V.; Silva, M.; Dulias, K.; Edwards, C.J.; Gandini, F,; Pala, M.;
et al. The Genomic History of the Iberian Peninsula over the Past 8000 Years. Science 2019, 363, 1230-1234. [CrossRef] [PubMed]
Molak, M.; Lorenzen, E.D.; Shapiro, B.; Ho, S.Y.W. Phylogenetic Estimation of Timescales Using Ancient DNA: The Effects of
Temporal Sampling Scheme and Uncertainty in Sample Ages. Mol. Biol. Evol. 2013, 30, 253-262. [CrossRef] [PubMed]

Hipsley, C.A.; Miiller, ]. Beyond Fossil Calibrations: Realities of Molecular Clock Practices in Evolutionary Biology. Front. Genet.
2014, 5, 138. [CrossRef] [PubMed]

https://doi.org/10.3390/biology15151329


https://doi.org/10.2307/2410698
https://doi.org/10.1146/annurev.ecolsys.38.091206.095815
https://doi.org/10.1111/j.1558-5646.2008.00566.x
https://www.ncbi.nlm.nih.gov/pubmed/19154357
https://doi.org/10.1186/s12862-017-0957-4
https://www.ncbi.nlm.nih.gov/pubmed/28486928
https://doi.org/10.1038/s41598-019-41176-3
https://www.ncbi.nlm.nih.gov/pubmed/30894612
https://doi.org/10.1126/sciadv.ady9493
https://www.ncbi.nlm.nih.gov/pubmed/41313774
https://doi.org/10.1038/nature23452
https://www.ncbi.nlm.nih.gov/pubmed/28792933
https://doi.org/10.1038/s41467-023-38715-y
https://www.ncbi.nlm.nih.gov/pubmed/37311788
https://doi.org/10.1038/nature22968
https://www.ncbi.nlm.nih.gov/pubmed/28726833
https://doi.org/10.1126/science.adq3010
https://www.ncbi.nlm.nih.gov/pubmed/39666853
https://doi.org/10.1038/s41586-024-08420-x
https://www.ncbi.nlm.nih.gov/pubmed/39667410
https://doi.org/10.1016/j.ajhg.2011.01.009
https://www.ncbi.nlm.nih.gov/pubmed/21295281
https://doi.org/10.1002/j.1834-4453.2012.tb00113.x
https://doi.org/10.1371/journal.pone.0080031
https://www.ncbi.nlm.nih.gov/pubmed/24236171
https://doi.org/10.1098/rspb.2016.1976
https://www.ncbi.nlm.nih.gov/pubmed/28330913
https://doi.org/10.1126/science.290.5494.1155
https://www.ncbi.nlm.nih.gov/pubmed/11073453
https://doi.org/10.1371/journal.pbio.1000285
https://www.ncbi.nlm.nih.gov/pubmed/20087410
https://doi.org/10.1038/ncomms8152
https://www.ncbi.nlm.nih.gov/pubmed/25988751
https://doi.org/10.1038/nature14317
https://www.ncbi.nlm.nih.gov/pubmed/25731166
https://doi.org/10.1038/nature14507
https://www.ncbi.nlm.nih.gov/pubmed/26062507
https://doi.org/10.1126/science.aav4040
https://www.ncbi.nlm.nih.gov/pubmed/30872528
https://doi.org/10.1093/molbev/mss232
https://www.ncbi.nlm.nih.gov/pubmed/23024187
https://doi.org/10.3389/fgene.2014.00138
https://www.ncbi.nlm.nih.gov/pubmed/24904638
https://doi.org/10.3390/biology15151329

Biology 2026, 15, 1329 37 of 37

234.

235.

236.

237.

238.

239.

240.

241.

242.

243.

244.

245.

Llamas, B.; Fehren-Schmitz, L.; Valverde, G.; Soubrier, J.; Mallick, S.; Rohland, N.; Nordenfelt, S.; Valdiosera, C.; Richards, S.M.;
Rohrlach, A ; et al. Ancient Mitochondrial DNA Provides High-Resolution Time Scale of the Peopling of the Americas. Sci. Adv.
2016, 2, €1501385. [CrossRef] [PubMed]

Smith, O.; Clapham, A.; Rose, P; Liu, Y.; Wang, J.; Allaby, R.G. A Complete Ancient RNA Genome: Identification, Reconstruction
and Evolutionary History of Archaeological Barley Stripe Mosaic Virus. Sci. Rep. 2014, 4, 4003. [CrossRef] [PubMed]

Comas, I; Coscolla, M.; Luo, T.; Borrell, S.; Holt, K.E.; Kato-Maeda, M.; Parkhill, J.; Malla, B.; Berg, S.; Thwaites, G.; et al.
Out-of-Africa Migration and Neolithic Coexpansion of Mycobacterium Tuberculosis with Modern Humans. Nat. Genet. 2013, 45,
1176-1182. [CrossRef] [PubMed]

Bos, K.I.; Harkins, K.M.; Herbig, A.; Coscolla, M.; Weber, N.; Comas, I; Forrest, S.A.; Bryant, ].M.; Harris, S.R.; Schuenemann, VJ.;
et al. Pre-Columbian Mycobacterial Genomes Reveal Seals as a Source of New World Human Tuberculosis. Nature 2014, 514,
494-497. [CrossRef] [PubMed]

Sabin, S.; Herbig, A.; Vagene, A.].; Ahlstrom, T.; Bozovic, G.; Arcini, C.; Kiithnert, D.; Bos, K.I. A Seventeenth-Century Mycobac-
terium Tuberculosis Genome Supports a Neolithic Emergence of the Mycobacterium Tuberculosis Complex. Genome Biol. 2020,
21, 201. [CrossRef] [PubMed]

Wirth, T.; Hildebrand, F.; Allix-Béguec, C.; Wolbeling, E.; Kubica, T.; Kremer, K.; van Soolingen, D.; Riisch-Gerdes, S.; Locht, C.;
Brisse, S.; et al. Origin, Spread and Demography of the Mycobacterium Tuberculosis Complex. PLoS Pathog. 2008, 4, e1000160.
[CrossRef] [PubMed]

Inlamea, O.E; Soares, P.; Ikuta, C.Y.; Heinemann, M.B.; Ach4, S.J.; Machado, A.; Ferreira Neto, ].S.; Correia-Neves, M.; Rito, T.
Evolutionary Analysis of Mycobacterium Bovis Genotypes across Africa Suggests Co-Evolution with Livestock and Humans.
PLoS Negl. Trop. Dis. 2020, 14, €0008081. [CrossRef] [PubMed]

Zimpel, C.K,; Patané, ].S.L.; Guedes, A.C.P.,; de Souza, R.F,; Silva-Pereira, T.T.; Camargo, N.C.S.; de Souza Filho, A.F,; Ikuta, C.Y,;
Neto, J.S.F,; Setubal, ].C.; et al. Global Distribution and Evolution of Mycobacterium Bovis Lineages. Front. Microbiol. 2020, 11,
843. [CrossRef] [PubMed]

Rito, T.; Inlamea, O.; Oliveira, O.; Duarte, R.; Soares, P.; Correia-Neves, M. Evolution and Molecular Characteristics of Mycobac-
terium Tuberculosis and Mycobacterium Bovis. In Tuberculosis: Integrated Studies for a Complex Disease; Rezaei, N., Ed.; Springer
International Publishing: Cham, Switzerland, 2023; pp. 847-865. ISBN 978-3-031-15955-8.

Burgstaller-Muehlbacher, S.; Crotty, S.M.; Schmidt, H.A.; Reden, F; Drucks, T.; von Haeseler, A. ModelRevelator: Fast Phylogenetic
Model Estimation via Deep Learning. Mol. Phylogenet. Evol. 2023, 188, 107905. [CrossRef] [PubMed]

Kulikov, N.; Derakhshandeh, F.; Mayer, C. Machine Learning Can Be as Good as Maximum Likelihood When Reconstructing
Phylogenetic Trees and Determining the Best Evolutionary Model on Four Taxon Alignments. Mol. Phylogenet. Evol. 2024, 200,
108181. [CrossRef] [PubMed]

Mo, Y.K.; Hahn, M.W.; Smith, M.L. Applications of Machine Learning in Phylogenetics. Mol. Phylogenet. Evol. 2024, 196, 108066.
[CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /biology15151329


https://doi.org/10.1126/sciadv.1501385
https://www.ncbi.nlm.nih.gov/pubmed/27051878
https://doi.org/10.1038/srep04003
https://www.ncbi.nlm.nih.gov/pubmed/24499968
https://doi.org/10.1038/ng.2744
https://www.ncbi.nlm.nih.gov/pubmed/23995134
https://doi.org/10.1038/nature13591
https://www.ncbi.nlm.nih.gov/pubmed/25141181
https://doi.org/10.1186/s13059-020-02112-1
https://www.ncbi.nlm.nih.gov/pubmed/32778135
https://doi.org/10.1371/journal.ppat.1000160
https://www.ncbi.nlm.nih.gov/pubmed/18802459
https://doi.org/10.1371/journal.pntd.0008081
https://www.ncbi.nlm.nih.gov/pubmed/32119671
https://doi.org/10.3389/fmicb.2020.00843
https://www.ncbi.nlm.nih.gov/pubmed/32477295
https://doi.org/10.1016/j.ympev.2023.107905
https://www.ncbi.nlm.nih.gov/pubmed/37595933
https://doi.org/10.1016/j.ympev.2024.108181
https://www.ncbi.nlm.nih.gov/pubmed/39209046
https://doi.org/10.1016/j.ympev.2024.108066
https://www.ncbi.nlm.nih.gov/pubmed/38565358
https://doi.org/10.3390/biology15151329

	Introduction 
	Factors Influencing the Molecular Clock 
	Molecular/Genomic Factors 
	Life-Traits, Taxon-Specific Factors 
	Environmental and Demographic Factors 
	Statistical and Methodological Factors 

	Variations on Molecular Clocks 
	Analytical Tools for Estimating a Molecular Clock and Statistical Evaluation 
	Tree-Building Approaches and Branch Length Estimates 
	Statistical Methods to Evaluate the Reliability of a Molecular Clock 

	Calibration of the Molecular Clock 
	Node Calibration 
	Founder Calibration 
	Tip Dating 
	Fossilized Birth–Death and Total-Evidence Dating 
	Direct Measurement of Mutation Rate 
	Indirect Dating 

	Historical Evaluation of Molecular Clock Results 
	Phylogeographic Concordance 
	Human Phylogeography 
	aDNA as Direct Evidence of Age Underestimation 
	Humans and Mycobacteria 

	Conclusions 
	References

