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ABSTRACT

Dating of sequence divergence from different species, genes, and strains is now

commonplace in biological studies aimed at deciphering micro- and macro-evolutionary

temporal patterns. With sequencing becoming increasingly cheaper, molecular datasets are

expanding quickly in size. This expansion has necessitated the development of innovative

and efficient methods to make the inference of large timetrees feasible from genome-scale

datasets that routinely contain hundreds of species. In my dissertation research, I have

focused on developing such methods that improved the accuracy, precision, and speed

of calculations needed for divergence time inference. I have also conducted large-scale

data analyses to reveal fundamental patterns of molecular evolution. The following

five related projects were pursued in this dissertation. (1) Development of a machine

learning method (CorrTest) for detecting the best-fit model for describing the variation of

molecular evolution rates among branches and lineages for large phylogenies. Computer

simulations show that the machine learning method outperforms the currently available

state-of-the-art methods and is computationally efficient. (2) Development of an analytical

method and a new approach to utilize probability densities as calibrations to calculate

confidence intervals reliably for RelTime, a non-Bayesian method. Empirical analysis

shows that RelTime produces confidence intervals that are comparable to those generated

by Bayesian methods, and simulation analysis shows that RelTime confidence intervals

often contain the actual values. (3) Application of CorrTest on empirical datasets reveals

the extensive autocorrelation in molecular rate in nucleotide and amino acid sequence
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evolution in diverse taxonomic groups, suggesting that rate autocorrelation is a common

phenomenon throughout the tree of life. (4) Investigation of the impact of substitution

model complexity on the accuracy and precision of divergence time estimation. Analyses

of large-scale empirical data show that the selection of substitution model only has a

limited impact on time estimation, as the extremely simple models yield divergence

time estimates and credibility intervals remarkably similar to those obtained from very

complex models. (5) Inventory of non-Bayesian methods for dating species divergences,

including their statistical bases, their performance of estimating divergence times, and the

software packages in which they are implemented. A guide has provided for the use of

non-Bayesian dating methods to produce reliable divergence times.
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CHAPTER 1

INTRODUCTION

Time-calibrated phylogenies (timetrees) are essential for biological studies. They

provide a temporal dimension to the history of life and are required to illuminate

the role of geological events or environmental factors in shaping the evolution of

organisms1,2, the temporal pattern of species biodiversity speciation3,4, the history of

gene duplications5–7, the origins of pathogenic strains8–11, and the coevolution of hosts

and parasites12. Hundreds of studies have reported timetrees every year3,13, which

has provided fundamental insights on understanding the biological processes underlying

species and genome diversity3,4,14,15.

Until the development of the molecular clock in the early 1960s16,17, knowledge about

divergence times came entirely from the fossil record. The original molecular clock

hypothesis described the approximately constant rate of protein changes among diverse

species16, and later, this hypothesis was extended to nucleotide changes18. The concept

of the molecular clock links genetic evolution with species evolution and provides the

possibility to infer evolutionary timescales using molecular data.

Since then, molecular data have become crucial in establishing a timescale of

life1,19,20. The application of the molecular clock in the 1970s produced many fundamental

insights, including the finding that humans shared a most recent common ancestor with

chimpanzees only 5 million years ago (Mya), rather than 15-20 Mya based on the

1



classification of Homo sapiens as a sister group to African apes21,22. However, there were

limited molecular data available at that time, so studies often contained only a few species

and genes.

Due to the advances in sequencing technology, the number of sites in sequence

alignments and the number of species included in evolutionary datasets are both increasing

quickly23,24. In the 1990s, the inexpensive sequencing cost allowed researchers to

test biological hypotheses with much larger datasets19,25, including those for diatoms26,

metazoans27, vertebrates2,28, and major eukaryote lineages29. Meanwhile, with the

addition of more molecular data, it became very clear that the rate of evolution was

rarely constant. Fitch30 and others31–34 proposed many tests of molecular clock. Many

investigators used these tests in order to utilize genes with the highest degree of rate

constancy in their dating analysis (e.g., ref.2,28). However, this procedure eliminated data

from a large number of genes, so many new methods that relaxed the assumption of rate

constancy and utilized data from all genes were developed and applied in the last two

decades20,23.

Relaxed clock methods based on Bayesian statistics are commonly used for molecular

dating. They use different probabilistic distributions and mathematical models for

incorporating rate variation among branches25. The autocorrelated branch rate (ABR)

model was first implemented in Bayesian methods35, in which molecular rates were

autocorrelated such that closely related branches shared similar rates and distantly related

branches showed more different rates36,37. Later, the independent branch rate (IBR)

model was implemented, which assumes molecular rates evolve independently among

branches, such that rates on distant-related branches and close-related branches show

the same level of rate dissimilarity20,38. Although it is possible to incorporate different

models in Bayesian methods, making a reliable choice of branch rate model (ABR or

IBR) is not always straightforward39. Different specification of the rate model can result in

discordant estimates of divergence times and credibility intervals, which makes biological
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interpretation challenging12,40–46. In addition, Bayesian methods often require a long

computational time, making them infeasible for analyzing contemporary genome-scale

data containing hundreds of species47,48.

Apart from Bayesian methods, non-Bayesian dating methods that rely on classic

statistics also allow molecular rates to vary among branches and lineages47,49–51. These

non-Bayesian methods are computationally efficient, as their computational demands are

a fraction of those by Bayesian approaches, making them suitable for analyzing large

datasets52,53. The RelTime method is one of the efficient methods. It uses the algebraic

relative rate framework to relax the molecular clock and does not require the specification

of a branch rate model52. Both empirical and simulated data analyses have shown that

the RelTime method produces reliable estimates of divergence times and is very fast24,47.

In some cases, the RelTime method performs better than Bayesian methods47,52. For

example, if different clades in a phylogeny evolve with distinct evolutionary patterns,

there are multiple clade-specific branch rate models in the phylogeny. In such a case,

Bayesian methods produce incorrect divergence times because the single model of branch

rate variation is not meant to account for the heterogeneity associated with multiple

contrasting clade-specific rate variations. In contrast, RelTime is able to generate accurate

time estimates because RelTime does not require the specification of any branch rate

model. However, its widespread use has been hindered by the unreliable calculation of the

uncertainty of time estimates, which is required for reliable biological hypothesis testing.

In this dissertation work, I developed methods for selecting the best-fit branch rate

model for Bayesian methods and for calculating the uncertainty of time estimates reliably

for the RelTime method. I also conducted a large-scale empirical analysis to learn the

ubiquity of evolutionary rate autocorrelation in the tree of life and examine the impact of

substitution model complexity on the estimation of divergence times for large phylogenies.

A brief description of each of these projects is as follows.

In chapter 2, I present a new machine learning method, CorrTest, to detect the best-fit
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rate model (IBR or ABR) for large phylogenies. This is important because the accuracy

and precision of divergence times estimated from Bayesian methods highly rely on the

choice of branch rate model39,40. Unfortunately, the currently available methods (e.g.,

Bayes factor analysis) often lack sufficient power to detect the ABR model54. Four

phylogenetic features that show distinct patterns in ABR and IBR datasets were used

for building the machine learning model (CorrTest). CorrTest shows high accuracy

in computer simulation analysis and performs better than the available state-of-the-art

methods. Its use is expected to improve the accuracy and precision of Bayesian time

estimates. Its excellent performance will also encourage the development of powerful

machine learning methods to solve longstanding problems in evolutionary biology and

enable an assessment of the preponderance of autocorrelated rates in nature.

In chapter 3, I present a new analytical method to calculate confidence intervals

(CIs) of divergence time estimates for the RelTime method, along with an approach to

utilize multiple calibration uncertainty densities. CIs depict the statistical uncertainty

surrounding evolutionary divergence time estimates for the RelTime method. They

capture variance contributed by the finite number of sequences and sites used in the

alignment, deviations of evolutionary rates from a strict molecular clock in a phylogeny,

and uncertainty associated with clock calibrations23,55,56. However, RelTime was not able

to incorporate rate variation among lineages and interactions among clock calibrations

properly. With the development of these two methods, RelTime now performs well in both

simulated and empirical data analyses with a small and large number of sequences. These

developments, with modifications, may be used to improve the CI calculation for other

non-Bayesian methods, and encourage broader use of efficient non-Bayesian approaches

in molecular dating analyses and biological hypothesis testing.

Chapter 4 is concerned with the application of CorrTest on nucleotide and protein

datasets representing the taxonomic diversity across the tree of life. This analysis

is needed to illuminate the fundamental pattern of molecular rate variation, i.e., are
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evolutionary rates varying independently or autocorrelated among branches? New species

arise from pre-existing species and inherit similar genomes and environments57. This

predicts a greater similarity of the tempo of molecular evolution between direct ancestors

and descendants, resulting in the autocorrelation of evolutionary rates in the tree of

life37,57. Surprisingly, molecular sequence data have not confirmed this expectation, as

the IBR model is widely used in molecular dating analysis for diverges groups of species.

Application of CorrTest on empirical datasets of mammals, birds, insects, metazoans,

plants, fungi, parasitic protozoans, and prokaryotes reveal the pervasive autocorrelation

in molecular rates in nucleotide and amino acid sequence evolution, which contrasts with

those reported in many previous studies. Therefore, rate autocorrelation is a common

phenomenon throughout the tree of life. These findings resolve a major discordance

between molecular and non-molecular evolutionary patterns and will foster unbiased and

precise dating of the tree of life.

Chapter 5 is concerned with an investigation of the impact of substitution model

complexity on the accuracy and precision of divergence time estimates because the

selection of substitution models has been considered as a critical factor for reliable

time inferences39. As the size of molecular datasets for phylogenetic analysis becomes

increasingly large, containing sequences from many species and genes, the conventional

wisdom is to apply parameter-rich models of nucleotide and amino acid substitutions58,59

because such a model describes the real nucleotide and amino acid substitutions process

better than the simple models58,60. However, does the use of an extremely simple

substitution model have a significantly negative impact on estimating divergence times?

This question has not been investigated in phylogenomic studies, and the actual extent

of the superiority of highly complex models over simple models is yet to be quantified

for large datasets. Analyses of multiple empirical datasets show that the selection of

substitution model only has a limited impact on time estimation, as the extremely simple

models yield divergence time estimates and credibility intervals remarkably similar to
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those obtained from very complex models. The relative rate framework that is used in

the RelTime method reveals the fundamental reason underlying this pattern. Inductive

reasoning suggests that the complexity of currently available models is sufficient to infer

divergence times for large phylogenies because even the most complex substitution models

provide only an approximate description of actual evolutionary dynamics.

In chapter 6, I provide a summary of different non-Bayesian methods for dating

species divergences, including their statistical bases, their performance of estimating

divergence times, and the software packages in which they are implemented. It is

important because contemporary phylogenomics dating analyses face the challenge of

a substantial computational burden demanded by the traditional Bayesian methods20.

Although many faster Bayesian implementations have been developed61,62, they are still

much slower than the non-Bayesian methods. Therefore, non-Bayesian dating methods are

becoming increasingly useful for molecular dating analyses, especially for analyzing large

datasets with hundreds and thousands of sequences. A guide has provided for the use of

efficient non-Bayesian dating methods to produce reliable divergence times. Their broad

uses will offer opportunities for enhancing scientific rigor, reproducibility, and discourse

in biological research.
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CHAPTER 2

A MACHINE LEARNING METHOD FOR DETECTING RATE
MODELS

2.1 Introduction

Rates of molecular sequence evolution vary extensively among species20,23,25. The

causes and consequences of evolutionary rate variation among species are of fundamental

importance in molecular phylogenetics and systematics63–65. They inform about the

relationship among molecular, biological, and life-history traits, and are a prerequisite

for reliable estimation of divergence times among species and genes20,23.

Three decades ago, Gillespie57 proposed that molecular evolutionary rates within

a phylogeny would be autocorrelated due to similarities in genomes, biology, and

environments between ancestral species and their immediate progeny. This idea led to

statistical modelling of the variability of evolutionary rates among branches and formed

the basis of the earliest relaxed clock methods for estimating divergence times without

assuming a strict molecular clock19,20,23,37,50. However, the independent branch rate

(IBR) model has emerged as a strong alternative to the autocorrelated branch rate (ABR)

model. The IBR model posits that rates vary randomly throughout the tree, such that the

evolutionary rate similarity between an ancestor and its descendant is, on average, no more

than that between more distantly-related branches in a phylogeny20,38.
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The IBR model is now widely used in estimating divergence times from molecular

data for diverse groups of species, including mammals38, birds66–68, amphibians69,

plants70–75, and viruses8,38,76. If the IBR model best explains the variability of

evolutionary rates, then we must infer a decoupling of molecular and biological evolution.

This is because morphology, behavior, and other life-history traits are more similar

between closely-related species63,77,78 and are correlated with taxonomic or geographic

distance79,80. Alternatively, the widespread use of the IBR model in diverse species

groups8,38,66–72,74,76,81 may be due to the fact that the currently available statistical tests

lack sufficient power to reject the IBR model54. In fact, some studies report extensive

branch rate autocorrelation (e.g., ref.82), but others do not agree (e.g., ref.71).

Consequently, many researchers use both ABR and IBR models when applying

Bayesian methods to date divergences12,38,43–46,74,83–90. This practice can result in

widely differing time estimates under ABR and IBR models, which makes biological

interpretation challenging12,40–46. For example, as compared to the ABR model, the use

of IBR model has been reported to produce 66% older estimates of divergence times for

two major groups of grasses42, 30% older divergence estimate for the origin of a major

group of mammal (Erinaceidea)84, and 50% younger estimates for two clades of parasitic

protozoans in birds12. The choice of the branch rate model also strongly influences

posterior credibility intervals, because these intervals are often wider under the ABR

model40. Therefore, we need a powerful method to accurately test whether evolutionary

rates are autocorrelated in a phylogeny.

2.2 A new machine learning method

Machine learning (McL) is widely used to solve problems in many fields, including

ecology91,92 and population genetics93–95. We present a supervised McL framework96

used to build a predictive model that distinguishes between ABR and IBR models, a
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FIGURE 2.1: A flowchart showing an overview of the machine learning (McL) approach
applied to develop the predictive model (CorrTest). We generated (a) 1,000 training
datasets that were simulated using independent branch rate (IBR) models and (b) 1,000
training datasets that were simulated using autocorrelated branch rate (ABR) models.
The numerical state (c) for all IBR datasets was 0 and (d) for all ABR datasets was
1. For each dataset, we estimated a molecular phylogeny with branch lengths (e and
f) and computed �s, �ad, d1, and d2 (g and h) that served as features in the supervised
McL. (i) Supervised McL was used to develop a predictive relationship between the input
features and numerical states. (j) The predictive model produces a CorrScore for an input
phylogeny with branch lengths. The predictive model was (k) validated with 10-fold and
2-fold cross-validation tests and (l) tested using external simulated data.

major challenge in molecular phylogenetics and phylogenomics. In our McL approach, the

input is a molecular phylogeny with branch lengths, and the output is a classification that

corresponds to whether or not the evolutionary rates in the phylogeny are autocorrelated

among branches (ABR or IBR, respectively). An overview of our McL approach is

presented in Figure 2.1.

To build a predictive model, McL needs measurable properties (features) that can be
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derived from the input data (phylogeny with branch lengths). The selection of informative

and discriminating features (Figure 2.1g and h) is critical to the success of McL. We derive

relative lineage rates using a given molecular phylogeny with branch lengths (Figure 2.1e

and f) by using relative rate framework (RRF)52, and use these relative rates to generate

informative features. The use of RRF is necessary because we cannot derive branch rates

without knowing node times in the phylogeny. For example, we need to know node times

ti’s in figure 2.2 to convert branch lengths into branch rates, but these node times are what

investigators wish to estimate by using a Bayesian approach that requires the selection of

a branch rate model. In contrast, the estimation of relative lineage rates does not require

knowledge of divergence times. This is because an evolutionary lineage includes all the

branches in the descendant subtree (e.g., lineage a contains branches with lengths b1, b2,

and b5 in Figure 2.2) and the relative rate between sister lineages is simply the ratio of the

evolutionary depths of the two lineages52. In Figure 2.2, Ra and Rb are two lineage rates

whose relative value can be estimated by the ratio of lineage lengths La and Lb, where the

lineage length is a function of lengths of all branches in the subtree. Tamura et al.52 have

presented RRF to estimate these relative lineage rates analytically by using branch lengths

only. Furthermore, Tamura et al.’s52 method generates relative lineage rates such that all

the lineage rates in a phylogeny are relative to the rate of the ingroup root lineage (R0,

Figure 2.2). Use of RRF enabled us to develop a number of features for building a McL

predictive model.

We considered the correlation between ancestral and descendant lineage rates (�ad),

the correlation between the sister lineage rates (�s), and the decay in �ad when one or

two intervening branches are skipped (d1 and d2, respectively) as features (see detailed

calculation in Appendix A). �ad was considered as a feature because our analysis of

simulated data showed that �ad was much higher for phylogenetic trees in which molecular

sequences evolved under an ABR model (0.96) than an IBR model (0.54, Figure 2.3a).

Importantly, �ad is not expected to be zero under the IBR model because �ad is a correlation
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FIGURE 2.2: An evolutionary phylogeny with four tips showing branch lengths (b),
lineage lengths (L), lineage rates (R), and node times (t). La � b5 �

?
b1b2 and

Lb � b6�
?
b3b4. Relative lineage rates are computed from branch lengths using equations

[28] - [31] and [34] - [39] in ref.52. Node times and branch rates are not required for
estimating relative lineage rates.

between ancestral and descendant lineages, not independent branches. An ancestral

lineage includes all the lineages in the descendant subtree, so the evolutionary rate of

an ancestral lineage naturally depends on the evolutionary rates of its descendant lineages

in RRF52. Therefore, ancestral and descendant lineage rates will be correlated. While �ad

is greater than zero, it showed distinct patterns for ABR and IBR models and is, thus, a

good candidate feature for McL (Figure 2.3a).

As our second feature, we considered the correlation between the sister lineages (�s),

because �s was higher for the ABR model (0.89) than the IBR model (0.00, Figure 2.3b).

Two additional features considered were the decay in �ad when one or two intervening

branches are skipped (d1 and d2, respectively). We expect that �ad will decay more slowly

under ABR than IBR, which was confirmed in the simulated analysis (Figure 2.3c). The

selected set of candidate features (�s, �ad, d1, and d2) can be measured for any phylogeny

with branch lengths, e.g., derived from molecular data using the maximum likelihood

method. They are then used to train the McL classifier (Figure 2.1i and j). For this
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purpose, we need a large set of phylogenies in which branch rates are autocorrelated for

which the numerical state 1 is assigned as true positive case (Figure 2.1d) and phylogenies

in which the branch rates are independent for which the numerical state 0 is assigned as

true negative case (Figure 2.1c).

However, there is a paucity of empirical data for which ABR and IBR are firmly

established. We, therefore, trained our McL model on simulated datasets, a common

practice in McL applications when reliable real-world training datasets are few in

number94,95,97,98. We used computer simulations to generate 1,000 molecular datasets that

evolved with ABR models and 1,000 molecular datasets that evolved with IBR models

(Figure 2.1a and b). To ensure the general utility of our model for analyses of diverse

data, we simulated molecular sequences with varying numbers of species, degrees of rate

autocorrelation, diversity of evolutionary rates and substitution pattern parameters (see

Appendix A). Candidate features (�s, �ad, d1, and d2) were computed for all 2,000 training

datasets (Figure 2.1g and h), each of which was associated with a numerical output state

(0 and 1 for IBR and ABR, respectively; Figure 2.1c and d). These features were used to

build a predictive model by employing a logistic regression (Figure 2.1j). This predictive

model was then used to generate a correlation score (CorrScore) for any phylogeny with

branch lengths.

We also developed a conventional statistical test (CorrTest), based on CorrScore (0

- 1), to provide a P-value to decide whether the IBR model should be rejected. A

high CorrScore indicates a high probability that the branch rates are autocorrelated. At

a CorrScore greater than 0.5, Type I error (rejecting IBR when it was true) was less

than 5%. Type I error of 1% (P-value of 0.01) was achieved with a CorrScore greater

than 0.83 (Figure 2.3e). CorrTest is available at Github (https://github.com/

cathyqqtao/CorrTest) and in the MEGA X software99. The R code of CorrTest

can also be found in Appendix B.
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FIGURE 2.3: The relationship of (a) ancestral and direct descendant lineage rates and (b)
sister lineage rates when the simulated evolutionary rates were autocorrelated with each
other (red) or varied independently (blue). The correlation coefficients are shown. (c)
The decay of correlation between ancestral and descendant lineages when we skip one
intervening branch (d1) and when we skip two intervening branches (d2). Percent decay
values are shown. (d) Receiver Operator Characteristic (ROC) and Precision Recall (PR)
curves (inset) of CorrTest for detecting branch rate model by using only the feature of
ancestor-descendant lineage rates correlation (�ad, green), only the feature of sister lineage
rates correlation (�s, orange), and all four features (all, black). The area under the curve
is provided. (e) The relationship between the CorrScore produced by the McL model and
the P-value. Independent branch rate model can be rejected when the CorrScore is greater
than 0.83 at a significant level of P   0.01, or when the CorrScore is greater than 0.5 at P
  0.05.
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2.3 CorrTest evaluation

2.3.1 Cross-validation

We evaluated the sensitivity and specificity of our predictive model using receiver

operating characteristic (ROC) curves. They measured the sensitivity of our method to

detect rate autocorrelation when it was present (true positive rate, TPR) and when it was

not present (false positive rate, FPR) at different CorrScore thresholds. TPR = TP/(TP

+FN) and FRP = FP/(TN + FP), where TP, FN, FP, and TN stand for true positives, false

negatives, false positives, and true negatives, respectively. The ROC curve for McL using

all four features was the best, which led to the inclusion of all four features in the predictive

model (Figure 2.3d). The area under the ROC (AUROC) was 99%, with a 95% TPR

(i.e., ABR detection) achieved at the expense of only 5% FPR (Figure 2.3d, black line).

The area under the precision-recall (AUPR) curve was also extremely high (0.99; Figure

2.3d inset), where precision and recall were defined as TP/(TP+FP) and TP/(TP + FN)

(=TPR), respectively. It suggests that the predictive model detects the presence of rate

autocorrelation with very high accuracy (= (TP+TN)/(TP + FP + FN + TN)) and precision.

We also performed standard cross-validation tests (Figure 2.1k) using the simulated

data to evaluate the accuracy of the predictive models when only a subset of data is used for

training. In the 10-fold cross-validation, the predictive model was developed using 90% of

the simulated training datasets, and then its performance was tested on the remaining 10%

of the datasets. The AUROC was greater than 0.99 and the accuracy was high (¡94%).

Even in the 2-fold cross-validation, where only half of the datasets (500 ABR and 500

IBR datasets) were used for training the model, leaving the remaining half for testing, the

AUROC was greater than 0.99 and the classification accuracy was greater than 92%. This

suggests that the predictive model is robust to the size of the training set used.
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2.3.2 External simulation test

We tested the performance of CorrTest on a large collection of simulated datasets from

ref.47 where the correct rate model is known (Figure 2.1l). In these datasets, different

software and simulation schemes were used to generate sequences with a wide range of

empirically derived G+C contents (range 39 - 82%), transversion/transition ratios (range

1.9 - 6.0), and mean evolutionary rates (range 1.35 - 2.60 substitution per site per billion

years) under both ABR and IBR models. In IBR simulations, a uniform distribution was

used to sample branch rates from a uniform density in the interval rp1 � xqr{p1 � xqrs,

where r is the mean evolutionary rate and the x is the degree of rate variation (0.5 or 1.0 for

50% and 100% rate variation). For ABR simulations, Kishino et al.’s model36 with � = 1

was used to simulate sequences. In both scenarios, sequences were simulated on a master

phylogeny of 400 ingroup taxa using the Hasegawa-Kishino-Yano substitution model100

with 5 discrete gamma categories (HKY + �5). We analyzed 100 datasets simulated using

the ABR model and 100 datasets simulated using the IBR model (50% rate variation). We

also randomly sampled 50, 100, 200, and 300 sequences from the full set of 400 ingroup

sequences, and conducted CorrTest to examine its performance.

CorrTest accuracy was greater than 94% in detecting ABR and IBR correctly for

datasets that were simulated with low and high G+C contents (Figure 2.4a), small and

large transition/transversion ratios (Figure 2.4b), and different rates of evolution (Figure

2.4c). As expected, CorrTest performed best on datasets that contained more and longer

sequences (Figure 2.4d). We also tested CorrTest’s performance on 100 datasets simulated

under an IBR model with 100% rate variation. CorrTest worked perfectly (100% accuracy)

for these datasets (results not shown).

In the above analyses, we used the correct tree topology and nucleotide substitution

model (HKY + �5). We relaxed this requirement and evaluated CorrTest by inferring

the tree topology and branch lengths using the neighbor-joining method101 with an
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FIGURE 2.4: The performance of CorrTest in detecting autocorrelated and independent
branch rate models in the analysis of datasets that were simulated with different (a) G+C
contents, (b) transition/transversion ratios, and (c) average molecular evolutionary rates.
The evolutionary rates are in the units of 10-3 substitutions per site per million years. (d
– f) Patterns of CorrTest accuracy for data subsets containing 50, 100, 200, 300 and 400
ingroup sequences. The accuracy of CorrTest for different sequence lengths is shown when
(d) the correct topology was assumed and (e) the topology was inferred. (f) The accuracy
of CorrTest for datasets in which the inferred topology contained small and large number
of topological errors. Darker color indicates higher accuracy.

oversimplified Kimura two-parameter substitution model102. Therefore, the estimation

of the total number of substitutions between sequences was biased because inequality of

nucleotide frequencies and variation of evolutionary rate across sites were not considered.

Naturally, many inferred phylogenies contained topological errors, but we found the

accuracy of CorrTest to be high as long as the dataset contained ¡100 sequences of length

¡1,000 base pairs (Figure 2.4e). CorrTest also performed well even when 20% of tree

bi-partitions were incorrect in the inferred phylogeny (Figure 2.4f), which was calculated

by d
2pm�3q

where d was the Robinson-Foulds103 topological distance between inferred and

true topologies and m was the number of sequences. Therefore, CorrTest will be most

reliable for large datasets and is relatively robust to errors in phylogenetic inference.
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2.3.3 Global versus specific threshold for CorrTest

CorrTest has already shown high accuracy in the simulation analysis, especially for

analyzing datasets with a large number of sequences (Figure 2.4). However, we wanted to

test if higher accuracy could be achieved by building specific predictive models that were

trained separately using data with different ranges of the number of sequences (n): M100

(n⁄ 100), M200 (100  n⁄ 200), M300 (200  n⁄ 300), and M400 (n¡ 300). A specific

threshold for CorrScore that corresponded to certain P-value was determined for each

training subset and then tested using simulated data from ref.47 with the corresponding

number of sequences. For example, we used the threshold determined for the model

trained with small data (M100) on the test data that contained less than 100 sequences

and used the threshold determined for the model trained with large data (M400) on the

large test data (400 sequences). We found that the accuracy obtained by using the specific

thresholds determined for datasets with different numbers of sequences (M100 - M400)

(Figure 2.5) was similar to the accuracy obtained by using a global threshold (Figure

2.4d - f). This is because the McL algorithm automatically incorporated the impact of the

number of sequences when determining the relationship of four selected features (�ad, �s,

d1 and d2). This justifies the usage of the globally trained CorrTest in our analyses.

2.4 CorrTest versus Bayes factor analysis

We compared the performance of CorrTest with that of the Bayes factor approach, which

is often used for detecting the best-fit rate model. Because the Bayes factor method is

computationally demanding, we limited our comparison to 100 IBR and 100 ABR datasets

containing 100 sequences each, which were simulated based on a master phylogeny of 100

taxa randomly sampled from the bony-vertebrate clade in the Timetree of Life1. The

simulation strategy was the same as the strategy used in training data simulation (see

Appendix A), so datasets had different G+C contents, sequence lengths, mean evolutionary
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FIGURE 2.5: Patterns of CorrTest accuracy using the specific thresholds determined by
predictive models trained with different ranges of the number of sequences (n): M100 (n
⁄ 100), M200 (100   n ⁄ 200), M300 (200   n ⁄ 300), and M400 (n ¡ 300) for the
corresponding test datasets. Accuracies are shown for 50, 100, 200, 300, and 400 ingroup
sequences. The accuracy of CorrTest for different sequence lengths is shown when (a)
the correct topology was assumed and (b) the topology was inferred. (c) The accuracy of
CorrTest for datasets in which the inferred topology contained small and large number of
topological errors. Darker color indicates higher accuracy.

rates, and degrees of rate variations.

We computed the Bayes factor via stepping-stone sampling (BF-SS)104 with n = 20

and a = 5 using mcmc3r90. BF-SS estimates the marginal likelihoods using the idea from

importance sampling, a common practice in statistics, to construct a path between prior

and posterior distributions of a model104,105. We chose BF-SS because the harmonic mean

estimator has many statistical shortcomings82,104,106 and thermodynamic integration107 is

less efficient than BF-SS108. For each dataset, we computed the log-likelihoods (lnK)

under the IBR and ABR models. The Bayes factor posterior probability for ABR was

calculated as shown in ref.90. We used only one calibration point at the root (true age

with a narrow uniform distribution) in all the Bayesian analyses, as it is the minimum

number of calibrations required by MCMCTree109. For other priors, we used diffused

distributions of “rgene gamma = 1 1”, “sigma2 gamma=1 1” and “BDparas = 1 1 0”. In all

Bayesian analyses, two independent runs of 5,000,000 generations each were conducted,

and results were checked in Tracer110 for convergence. ESS values were higher than 200
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after removing 10% burn-in samples for each run.

BF-SS analysis detected autocorrelation (P   0.05) for 33% of the ABR datasets

(Figure 2.6a, red curve in the ABR zone). Marginal log-likelihoods under the ABR model

were very similar to or lower than those for the IBR model, which led to the failure to

detect autocorrelation for 67% of ABR datasets. Therefore, BF-SS was conservative in

rejecting the IBR model, as has been reported54. CorrTest correctly detected the ABR

model for 88% of the datasets (P   0.05; Fig. 5b, red curve in ABR zone). For IBR

datasets, BF-SS correctly detected the IBR model for 89% (Figure 2.6a, blue curve in

the IBR zone), whereas CorrTest correctly detected IBR model for 86% (Figure 2.6b,

blue curve in the IBR zone). Therefore, BF-SS performs well in correctly classifying

phylogenies that evolve under an IBR model, but not an ABR model. The power of

CorrTest to correctly inferring the ABR model is responsible for its higher overall accuracy

(87% vs. 61% for BF-SS). Such a difference in accuracy was observed at different levels

of statistical significance (Figure 2.6c) for datasets that evolved with high (�   0.1),

moderate (0.1 ⁄ �   0.2) and low (� ¥ 0.2) degree of rate autocorrelation (Figure 2.6d),

where � is the parameter controlling the degree of rate autocorrelation36. However, the

accuracy of CorrTest and BF-SS was similar in detecting IBR (Figure 2.6e). The accuracy

was slightly higher for CorrTest than BF-SS for phylogenies with high (standard deviation,

sd ¥ 0.3) and low (sd   0.2) degree of independent rate variation, but the reverse was true

for phylogenies with moderate (0.2 ⁄ sd   0.3) degree of independent rate variation.

These comparisons suggest that the McL method enables highly accurate detection of rate

autocorrelation in a given phylogeny and presents an alternative to Bayes factor analyses

for large datasets.

19



FIGURE 2.6: Comparisons of the performance of CorrTest and Bayes factor (BF-SS)
analyses. (a) Distributions of 2 times the differences of marginal log-likelihood (2lnK)
estimated under IBR and ABR models via stepping-stone sampling method for datasets
that were simulated under ABR (red) models and IBR (blue) models. ABR model is
preferred (P   0.05) when 2lnK is greater than 3.841 (ABR zone), and IBR model is
preferred when 2lnK is less than -3.841 (IBR zone). When 2lnK is between -3.841 and
3.841, the fit of the two rate models is not significantly different (gray shade). (b) The
distributions of CorrScores in analyses of ABR (red) and IBR (blue) datasets. Rates
are predicted to be autocorrelated if the CorrScore is greater than 0.5 (P   0.05, ABR
zone) and vary independently if the CorrScore is less than 0.5 (IBR zone). (c) The
rate of detecting ABR model correctly (true positive rate) at different levels of statistical
significance in BF-SS and CorrTest analyses. Posterior probabilities for ABR in BF-SS
analysis are derived using the 2lnK patterns in panel a. CorrTest performance is derived
using the CorrScore patterns in panel b. (d) The accuracy of identifying ABR model for
datasets simulated with low (� ¥ 0.2), moderate (0.1⁄ �   0.2), and high (�   0.1) levels
of rate autocorrelation. (e) The accuracy of identifying IBR model for datasets simulated
with low (standard deviation, sd   0.2), moderate (0.2 ⁄ sd   0.3), and high (sd ¥ 0.3)
levels of independent rate variation. 20



2.5 Conclusions

Our results demonstrate that a McL framework is useful to develop a method to detect

the presence of rate autocorrelation among branches in a phylogeny. This method

yields CorrScore estimates that enabled the development of a conventional statistical test

(CorrTest) to detect autocorrelation. The performance of CorrTest is robust to the number

and length of sequences included in the dataset, the specification of substitution model,

and a moderate degree of topological error, as supported by high accuracy achieved by

CorrTest in the analyses of simulated datasets. The application of CorrTest will foster the

unbiased and precise dating of the tree of life since the specification the correct model

in molecular clock analyses is essential to obtain reliable time estimates and confidence

intervals. We also expect that our development will encourage the development of more

powerful McL methods to solve longstanding problems in evolutionary biology.
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CHAPTER 3

CONFIDENCE INTERVALS FOR RELTIME ESTIMATES

3.1 Introduction

Reliable inference of the confidence intervals (CIs) around the estimates of divergence

times is essential for testing biological hypotheses23,111. Multiple sources contribute to

the uncertainty of molecular divergence time estimates23,55,56. One of them is the error

associated with branch length estimation in a phylogeny due to the limited number of

sites and substitutions in the sequence alignment23,112. The stochastic nature of the

substitution process (e.g., Poisson process) and the uncertainty involved in accounting

for the unobserved substitutions (multiple-hit correction) result in errors in branch length

estimates, which lead to imprecise time estimates23. However, these errors decrease with

an increase in the number of sampled sites and become negligible for large phylogenomic

datasets55,56,113.

The second source of error is the variation of evolutionary rates among branches and

lineages23,55. Because rates and times are confounded, the variation of rates will naturally

result in uncertainty of time estimates55,114. This confounding effect cannot be eliminated

by sampling more sites or genes in a dataset23,55, so it contributes more uncertainty to

time estimates than errors in branch length estimation for a large dataset. The uncertainty

associated with clock calibrations due to the equivocal nature of the fossil record presents
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a third source of error in divergence time estimation25,55,112. The exact placement of fossil

record in a phylogeny and the correct assignment of calibration constraints, especially

the maximum constraint, are often difficult to justify, resulting in high uncertainty in the

estimation of divergence time115.

In Bayesian analyses, the highest posterior density (HPD) intervals usually represent

the uncertainty of inferred divergence times38. Bayesian methods compute HPD intervals

directly from the density distribution of posterior times estimated using priors for branch

rate heterogeneity, substitution process and fossil calibrations25,115, so sources contributing

to the uncertainties of time estimates are automatically incorporated in the HPD intervals.

Currently, Bayesian HPD intervals are considered reliable estimates of uncertainties

surrounding divergence time estimates, although they are not always the same as the

95% CIs in the frequentist statistics116,117. Unfortunately, the enormous computational

burden imposed by Bayesian approaches has hindered their applications to analyze many

phylogenomic datasets (e.g., ref.118,119).

In contrast, non-Bayesian methods can analyze large-scale datasets quickly and

generate accurate time estimates47,52,53. Unfortunately, the broad utility of these methods

is still reduced by lack of reliable calculation of the uncertainty surrounding divergence

times, which are represented by CIs. Non-Bayesian approaches require the use of

analytical formulations or bootstrap approaches to estimate CIs49,120,121. However,

site-resampling bootstrap approaches do not capture the error caused by rate heterogeneity,

leading to false precisions of time estimates. Recognizing the need for incorporating

lineage rate variation into CIs, Tamura et al.121 formulated analytical equations for the

RelTime method, a non-Bayesian approach that relaxes the molecular clock. However,

this approach may overestimate the amount of variance and produce overly wide CIs (see

below), resulting in low power for statistical testing23.

Bayesian and non-Bayesian methods also use different strategies to account for the

uncertainty of fossil record. Non-Bayesian methods are currently limited to the use
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of minimum boundaries only, maximum boundaries only, or minimum and maximum

boundary pairs as calibration constraints120,121, while Bayesian methods allow the usage

of probability densities as calibrations and automatically accommodate interactions among

them20,122. Mello et al.24 presented a simple procedure to derive minimum and maximum

boundaries from the density distributions, but this strategy does not consider interactions

among calibrations and may lead to overestimation of the variance of divergence times

(see below).

Here, we present an analytical approach to estimate CIs for divergence times estimated

using the RelTime method. The new analytical approach accounts for the variance

associated with the branch lengths estimation as well as the variance due to rate

heterogeneity in CI calculation. We also present a simple approach to derive minimum

and maximum boundaries from multiple calibration densities such that the calibration

interactions are accommodated. Both approaches have been implemented in the MEGA

X software for use in graphical and command-line interfaces99,123. The 95% CIs produced

by RelTime in empirical analyses are compared with the 95% HPD intervals produced by

Bayesian methods to examine the performance of the new approaches. The approaches

presented here may be used, with modifications, to improve variance calculation of time

estimates for other non-Bayesian methods, e.g., penalized likelihood methods51.

3.2 New analytical method to estimate confidence intervals

Considering a tree with three ingroup sequences (Figure 3.1), relative time (t) for each

node and relative rate (r) for each lineage are functions of branch lengths (b) in RelTime,

e.g., r1, r2, r3, r4, t4, and t5 are given by the following equations when the geometric

means are used (similar equations can be derived when the arithmetic mean is used)52:
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FIGURE 3.1: An evolutionary tree of three tips showing node times (ti’s), branch lengths
(bj’s), branch rates (rj’s), and a lineage length (l4).
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The variance of the estimated time (ti) for node i, denoted by vpti), can be estimated

by the delta method, assuming that there is no covariance among branch lengths (bj’s):

vptiq �
N
‚

j�1

r
Bftipb1; :::; bNq

Bbj
s
2vpbjq; (3.7)

where N is the total number of branches, ftipb1; : : : ; bNq stands for the analytical function
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of bj’s to compute ti (e.g., equation 3.5 and 3.6 for t4 and t5, respectively), and vpbjq

stands for the variance of branch length for branch j. Therefore,vpbjq is required for

computing vptiq.

As mentioned before, the uncertainty of time is related to the number of sampling sites

and the degree of rate heterogeneity. We consider the total variance of branch lengths,

vpbjq, which is required to compute vptiq, as a summation of the variance due to site

sampling, vSpbjq, and the variance due to rate heterogeneity, vRpbjq:

vpbjq � vSpbjq � vRpbjq: (3.8)

The value of vSpbjq can be estimated by using analytical formulations or a

site-resampling approach. For example, an approximate estimate of this variance can be

obtained by the curvature method when the maximum likelihood method is used121,124.

However, it is more complex to estimate vRpbjq, so we do it indirectly. We first

compute the variance of observed evolutionary rates for all the lineages, VobspRq:

VobspRq �
1

N

N
‚

j�1

prj � �rq2; (3.9)

where R is a random variable representing all relative rates, rj is the relative rate for each

branch j, and �r is the average of rj’s. It is important to note that the relative rate for

branch j is estimated as the relative rate for lineage j 52. For example, RelTime computes

the relative rate for lineage l4 as the geometric mean of r1 and r2, which is assigned to be

the rate for b4 in Figure 3.1.

The variance of observed rates includes not only the variance introduced by rate

heterogeneity, RV pRq, but also the sampling variance associated with the branch length

estimation, SV pRq, because the observed relative rate rj is calculated from branch lengths

(bj’s) (e.g., equations 3.1 - 3.4). So,

VobspRq � RV pRq � SV pRq: (3.10)
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The value of SV pRq is obtained by summing the sampling variance of relative rate rj

for each branch j, denoted by svprjq:

SV pRq �
N
‚

j�1

svprjq: (3.11)

svprjq can be estimated by the delta method, assuming that there is no covariance among

bj’s:

svprjq �
N
‚

j�1

r
Bfrj

pb1; :::; bNq

Bbj
s
2vSpbjq; (3.12)

where frj
pb1; : : : ; bNq stands for the analytical function of bj’s to compute rj (e.g.,

equations 3.1, 3.2, 3.3, and 3.4 for r1, r2, r3, and r4, respectively).

Using equations 3.9 - 3.12, we compute the variance introduced by rate heterogeneity:

RV pRq �
1

N

N
‚

j�1

prj � �rq2 �
N
‚

j�1

N
‚

j�1

r
Bfrj

pb1; :::; bNq

Bbj
s
2vspbjq: (3.13)

Then, we can compute the rate heterogeneity variance for each branch j as being

proportional to its branch length:

vRpbjq �
b2
j

°N
j�1 b

2
j

RV pRq: (3.14)

Using equations 3.8, 3.13, and 3.14, we can compute the total variance of branch

length for branch j, denoted by vpbjq. Then vpbjq can be used to compute the variance of

time, vptiq, by applying equation 3.7. For example, the variance of t4 and t5 are given by

the following equations:

vpt4q �
b2b3p

?
b1b2 � 2b4q

2

16b1p
?
b1b2 � b4q

3
vpb1q �

b1b3p
?
b1b2 � 2b4q

2

16b2p
?
b1b2 � b4q

3
vpb2q

�
b1b2

4b3p
?
b1b2 � b4q

vpb3q �
b1b2b3

4p
?
b1b2 � b4q

3
vpb4q;

(3.15)
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vpt5q �
b2b3

16b1p
?
b1b2 � b4q

vpb1q �
b1b3

16b2p
?
b1b2 � b4q

vpb2q

�

?
b1b2 � b4

4b3

vpb3q �
b3

4p
?
b1b2 � b4q

vpb4q:

(3.16)

For larger numbers of taxa, such analytical formulations become complicated to derive,

especially for deeper nodes. Thus, we compute the variance of divergence times for deeper

nodes from tips to the root recursively. For example, using equations 3.15 and 3.16, we

can derive

vpt5q �
p
?
b1b2 � b4q

2

p
?
b1b2 � 2b4q

2
rvpt4q �

b4

b3

vpb3q �
b3b4

p
?
b1b2 � b4q

2
vpb4qs: (3.17)

Therefore, the calculation of vpt5q requires only vpt4q, vpb3q and vpb4q, which are the

variance for t4 and branches b3 and b4, respectively. The variance of branches that do not

directly connect to node 5, i.e., vpb1q and vpb2q in this case (Figure 3.1) is not needed, if the

value of vpt4q is computed beforehand. Thus, for any node in a phylogeny, we can calculate

the variance of divergence time recursively from tips to the root by using the variance

of times for direct descent and ancestral nodes and the variance of directly connected

branches. This procedure extraordinarily simplifies the computation of the variance of

inferred time for each internal node in a tree with a large number of taxa.

It is important to note that times in the equations listed above are relative times, not

absolute times because no calibrations are involved in the above equations. When one or

multiple calibrations (minimum boundaries only, maximum boundaries only, or minimum

and maximum boundary pairs) are given, RelTime will compute a global time factor (f )

by altering relative times such that all calibration constraints are satisfied. When a range

of f values can satisfy all calibration constraints, RelTime selects the midpoint of the

range to be the best estimate of f . When one or more of the absolute times computed
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using the f value falls outside the calibration constraints, then RelTime adjusts relative

times and f such that the deviations of absolute times from the calibration constraints are

minimized. This process requires local alteration of relative rates and re-optimization of all

other node times in the tree recursively121. For example, if the minimum age constraint of

a node is violated, i.e., the age estimated using f is younger than the minimum constraint,

RelTime decreases its estimate of the evolutionary rate proportionally in that lineage to

adjust the age of this node to be older, such that the divergence time becomes the same as

the minimum age constraint. The resulting slowdown is transmitted to all the descendant

nodes, and it affects the ancestral rates as well.

Similarly, if the maximum age constraint of a node is violated, i.e., the age

estimated using f is older than the maximum constraint, RelTime increases the estimated

evolutionary rate proportionally in that lineage such that the divergence time matches the

maximum age constraint. Effects of this rate change will be transmitted to the descendant

and ancestral nodes automatically. Consequently, RelTime will ensure that the absolute

times for calibrated nodes are consistent with the user-desired calibration constraints.

In the final step, CIs are computed analytically using the final set of relative rates and

the equations given above, such that the uncertainty associated with clock calibrations can

be incorporated into the CI calculation in RelTime. If the lower or upper bounds of CIs

fall outside the user-specified calibration constraints, then CIs are truncated based on the

imposed calibration constraints. Therefore, RelTime uses ”hard” minimum and maximum

bounds in CI calculation, as in BEAST125–127.

3.3 New approach to use calibration densities

As stated above, calibration uncertainty is another critical source of estimation error in

the inference of divergence times. Bayesian methods use various probability densities to

accommodate the calibration uncertainty. However, the current non-Bayesian methods do
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not allow direct use of probability densities and do not provide provisions to incorporate

interactions among calibration constraints. Therefore, we developed a new procedure for

use in the RelTime method to derive calibration boundaries from probability densities that

accounts for their interactions.

For each calibrated node with an associated probability density, we randomly sample

two dates from the given probability density. We use these two sampled dates as the

minimum and maximum (min-max) constraints for that node and derive such a min-max

constraint for every node for which a probability density is specified. Then, we use all

of these min-max boundaries to conduct RelTime analysis. We retain the RelTime time

estimates only for the calibrated nodes, and then repeat the process of random sampling

and dating for 10,000 times. A large number of iterations of this process ensure that

calibration dates with tiny probabilities (0.01%) can be sampled.

The iterative procedure above produces a distribution of 10,000 inferred dates for each

calibrated node. In the final step, we derive the minimum bound at 2.5% and the maximum

bound at 97.5% of the distribution of inferred dates for each calibrated node. We refer to

bounds derived during this process to be ”effective bounds”. These effective bounds can

be used together with the analytical approach described above to infer the divergence times

and CIs in RelTime. It is important to note that effective bounds are used as calibration

constraints, not densities. The actual shapes of the distribution of 10,000 inferred dates

may vary slightly if one is to repeat 10,000 resamplings multiple times, but 2.5% and

97.5% boundaries of the distribution are expected to be stable, producing stable estimates

of divergence times and CIs.

Our procedure is analogous to that in Bayesian methods, as both types of methods

require resampling of calibration constraints from user-specified densities, inference

of divergence times using each set of sampled calibrations, and summarization of

distributions of time estimates obtained from using all sets of sampled calibrations.

Therefore, the use of effective bounds allows RelTime to accommodate the interactions
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among calibration densities. However, it does not mean that RelTime and Bayesian

methods are the same. Bayesian methods conduct calibration resampling and time

inference steps simultaneously during the MCMC integration, whereas these steps are

implemented sequentially in the RelTime method as proposed here.

We compared the effective bounds to calibration bounds derived using Mello et al.24’s

procedure (referenced as “Mello bounds” in the following) (Figure 3.2), in which the

minimum bound was directly placed at 2.5% of the density age, and the maximum bound

was placed at 97.5% of the density age. Effective bounds were similar to the Mello bounds

when the user-specified calibration density was reliable and informative, which meant that

the true age of a node fell in the calibration density with a high probability. For example,

effective bounds and Mello bounds almost overlapped for Homo sapiens – Callithrix

jacchus split in which an exponential distribution was used as the calibration (Figure 3.2b)

(see Materials and Methods). When the user-specified density was uninformative, e.g., a

diffused uniform distribution, Mello bounds were often diffused and matched the original

density (Figure 3.2c). In contrast, our new procedure generated narrower effective bounds

due to the accommodation of the interactions among different calibration densities and

constraints. These interactions reshaped the original, wider distribution and made it tighter

(Figure 3.2c). Consequently, the use of effective bounds is likely to produce narrower CIs.

In our analysis, when the user-specified calibration was unreliable, i.e., the true age

of the node fell in its calibration density with a low probability, our effective bounds

turned out to be better than Mello bounds. For example, when the true time of H.

sapiens–C. jacchus split was located in the user-specified exponential density with  

2.5% probability, Mello bounds did not include the true time (Figure 3.2d), resulting in

incorrect time estimates. In contrast, our method did not ignore the low probability regions

since it sampled 10,000 times from the user-specified density to ensure that dates with low

probabilities were considered. Thus, effective bounds are likely to contain the true time

(Figure 3.2d), and the use of effective bounds in RelTime may improve the accuracy and
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FIGURE 3.2: (a) A primate phylogeny with a user-specified uniform calibration density
(gray shade) and an exponential calibration density (green shade). Red dots are the nodes
shown in panels b-e. Effective bounds derived using our method (solid blue line) and
bounds derived using Mello et al.’s24 procedure (solid orange line) are compared when
user-specified calibrations are reliable (b and c) and when user-specified calibration of
Homo sapiens – Callithrix jacchus split is unreliable (d and e). The dashed red line
represents the ”true simulated age”.
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precision of time estimates.

3.4 Materials and Methods

3.4.1 Comparisons between Mello bounds and effective bounds

To illustrate the difference between user-specified calibration density, Mello bounds and

effective bounds, we used the BEAST-generated primate timetree published in ref.125 as

the true tree (Figure 3.2a) and simulated an alignment of 9361 sites under HKY100 +

� model in SeqGen128 with parameters derived from the original empirical molecular

data. Branch-specific rates were sampled from an uncorrelated lognormal distribution

with a mean rate of 0.0069 substitutions per site per million years ago (Ma) and a standard

deviation of 0.4 (log-scale). The simulated alignment was used to derive effective bounds.

We tested the performance of using effective bounds and Mello bounds under two

calibration scenarios: reliable and unreliable scenarios. The reliable scenario represents

the case where true ages of all the nodes are located in their calibration densities with

high probabilities. The unreliable scenario refers to situations in which true ages of some

nodes are found in calibration densities with low probabilities, whereas the true ages for

some other nodes are found in calibration densities with high probabilities. An informative

exponential density was used at H. sapiens–C. jacchus split (true age = 44.8Ma) and an

uninformative uniform density were used at H. sapiens–Otolemur gamettii split (true age

= 68Ma) under both scenarios. In the reliable calibration scenario, we assumed that a

minimum age of 40Ma at H. sapiens–C. jacchus split and maximum age of 130Ma at

H. sapiens–O. gamettii split were known. Therefore, we used an exponential density

(mean = 4Ma and offset = 40Ma) and a uniform density (min = 40Ma, max = 130Ma)

at H. sapiens–C. jacchus split and at H. sapiens–O. gamettii split, respectively. The true

ages of both nodes located in their densities with high probabilities. Under the unreliable

calibration scenario, we assumed that a minimum age of 30Ma at H. sapiens–C. jacchus
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split and maximum age of 130Ma at H. sapiens–O. gamettii split were known. Therefore,

we used an exponential density (mean = 3Ma and offset = 30Ma) and a uniform density

(min = 30Ma, max = 130Ma) at H. sapiens–C. jacchus split and at H. sapiens–O. gamettii

split, respectively. This resulted in the true age of H. sapiens–C. jacchus split located in

its density with a low probability (  2.5%), while the true age of H. sapiens–O. gamettii

split located in its density with a high probability.

3.4.2 Empirical analysis

We obtained empirical datasets that employed different calibration strategies from five

published studies125,129–132 to examine the performance of RelTime (Table 3.1). Molecular

data were obtained from supplementary files of original studies. Calibration densities and

Bayesian timetrees (including HPD intervals) were provided by authors or derived from

the original studies, except for the spider dataset, which was obtained from ref.24. In

RelTime analyses, we used the same alignments, substitution models, tree topologies,

and calibration densities for internal nodes as the original studies to ensure comparability

with Bayesian results. RelTime analyses were conducted in MEGA X99. For the bird

dataset, the published Bayesian timetree was summarized from 10 timetrees inferred using

10 random subsets of the full dataset, because BEAST was computationally infeasible to

analyze the full dataset. Since the original study has shown that 10 subsets provided similar

results, we only conducted RelTime analysis using one subset. We compared RelTime

time estimates and CIs with Bayesian time estimates and HPD intervals. We did not test

whether the slope between RelTime and Bayesian time estimates was one because P-value

will always reject the hypothesis of the slope of one when the data sample size is large,

which makes its use less meaningful133,134. To compare the performance of our methods

and the previous CI calculation methods24,121 for RelTime, we re-analyzed all empirical

datasets using Mello bounds in MEGA 7123,135 . All empirical datasets are available at

https://github.com/cathyqqtao/RelTime-confidence-interval.
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Table 3.1: Detailed information about the empirical data analyzed in RelTime.
Group Data

typea
Sequence
countb

Sequence
length

Substitution
model Calibrationc Softwared Reference

Primate (A) N 9 9,361 HKY + � 8 uniform BEAST &
MCMCTree Barba-Montoya et al. (2018) 125

Primate (B) N 9 9,361 HKY + �
4 uniform +
4 skewed

BEAST &
MCMCTree Barba-Montoya et al. (2018) 125

Spider A 40 52,447 WAG + � 8 uniform MCMCTree Bond et al. (2014) 129; Mello et
al. (2017) 24

Inscet A 143 220,091 LG + � 38 uniform MCMCTree Tong et al. (2015) 130

Bird N 220 16,780 HKY + � 13 uniform BAEST Oliveros et al. (2019) 131

Sun orchid N 57 773 GTR + � 1 normal BEAST Nauheimer et al. (2018) 132

aN = nucleotides; A = amino acids. bSequence count excludes the outgroup taxa. cA Cauchy
density distribution and an exponential density distribution are used as the skewed density in
MCMCTree and BEAST, respectively. dSoftware used in the original study for estimating
divergence times. Both BEAST and BEAST 2 are considered as BEAST here.

3.4.3 Simulation analysis

To examine the coverage probability of RelTime CIs and Bayesian HPD intervals, we

need datasets where the true times are known. Thus, we used the datasets in ref.47, in

which sequence alignments were generated using independent (IBR) and autocorrelated

(ABR) branch rate models. In IBR cases, branch rates were sampled from a uniform

distribution in the interval [0.5r, 1.5r], where r was the evolutionary rate derived from

empirical genes. In ABR cases, branch rates were simulated using Kishino et al.36’s

model (lognormal distribution) with the initial rate of r and autocorrelation parameter

� = 0.1 (time unit = 100Myr). GC contents, transition/transversion ratios, and sequence

lengths were all derived from empirical genes and varied among datasets. Both ABR and

IBR scenarios contained 100 simulated datasets, and each dataset contained 400 ingroup

sequences. Because the Bayesian method required a long runtime for analyzing a dataset

with 400 sequences, we subsampled 50, 100, and 200 sequences from the original full

datasets and conducted RelTime and Bayesian analyses for these subsets.

To examine the performance of RelTime on simulated datasets, we used the minimum

number of calibrations, in order to avoid the possibility that the use of many informative

calibrations mediated the similarity of performance of RelTime and Bayesian methods.
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In the Bayesian analysis, we used MCMCTree and a single calibration at the root with a

diffused uniform density (true age � 50 Myr). The use of diffused density could reduce

the impact of calibration on constraining the width of HPD intervals. We used 100 Myr

as the time unit and “rgene gamma = 2 10” and “sigma2 gamma = 2 20” as priors, so

the prior values of mean rate, independent rate variation, and autocorrelation parameter

were similar to the true values. The use of lognormal distribution as the rate model in

Bayesian analyses was appropriate because the lognormal distribution fit the distribution

of evolutionary rates for IBR and ABR datasets, although IBR datasets were simulated

using a uniform distribution. We used “BDparas = 2 2 0.1” as the tree prior because

it generated a uniform node age prior and it was commonly used in practice136. Two

independent runs of 100,000 generations each were conducted, and results were checked

for good ESS values (¡200) and convergence. In the RelTime analysis, we did not use any

calibrations, so there was no calibration effect on constraining the width of CIs. However,

because no calibration was used, RelTime provided relative times instead of absolution

times. To make the fair comparison between RelTime and Bayesian results, we normalized

the RelTime times (and CIs), Bayesian times (and HPD intervals) and true times to their

ingroup root age, which was analogous to the case where the age of the ingroup crown

node was fixed. We computed the coverage probability using these normalized times. The

coverage probability of each node was the proportion of 100 datasets where the CI (or

HPD interval) of this node contained the true time. The overall coverage probability was

the mean value of the coverage probabilities of all the ingroup nodes.

3.5 Results and Discussion

3.5.1 RelTime produces confidence intervals comparable to Bayesian HPD intervals in
empirical analysis

We applied our methods to five empirical datasets containing nucleotide or protein

sequence alignments from primates, spiders, insects, birds, and sun orchids (Table 3.1).
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We �rst present results from the primate dataset125, which contains a relatively small

alignment of 9,361 base pairs from nine primate species and one outgroup (Figure

3.2a and Figure 3.3a). In this phylogeny, every internal node has been assigned a

calibration density. The original study used two calibration strategies in MCMCTree109

and BEAST126 and compared the time estimates. We examined if the RelTime method

produced estimates comparable to those obtained from Bayesian methods when all

analyses employed the same alignment, phylogeny, substitution model, and calibration

uncertainty densities (e.g., uniform distributions).

For analyses of primate datasets where uniform densities were used as calibrations,

we observed a high concordance between RelTime and Bayesian time estimates. The

linear regression slopes were 0.97 and 1.03 when Bayesian analyses were conducted

in MCMCTree and BEAST, respectively (Figure 3.4a and b). This is a rather small

difference. Although the width of RelTime CIs was slightly smaller than the width of

Bayesian HPD intervals, RelTime CIs overlapped Bayesian HPD intervals for all the

nodes (Figure 3.5a and b). For primate datasets where a mixture of uniform and skewed

densities were used as calibrations, RelTime estimates were again similar to Bayesian

estimates, with a linear regression slope of 0.96 with MCMCTree (Figure 3.4c) and 1.00

with BEAST estimates (Figure 3.4d). RelTime CIs overlapped with MCMCTree and

BEAST HPD intervals for all the nodes (Figure 3.5c and d).

We then analyzed spider and insect datasets to examine the performance of our

methods for larger datasets (¡ 40 species and¡ 50,000 sites). These datasets consisted

of protein sequences and presented more extensive rate variation among branches and

lineages as compared to the primate dataset (Figure 3.3b and c). Fewer calibrations were

used in these datasets with eight calibrated nodes in the spider dataset and 38 calibrated

nodes in the insect dataset. This means that 20% - 26% nodes of the phylogeny were

assigned calibration values. We again observed strong concordance between RelTime

and Bayesian time estimates, with a linear slope of 0.98 and 0.98 for the spider and
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FIGURE 3.3: The maximum likelihood phylogenies of empirical datasets. The dataset
name refers to table 3.1
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FIGURE 3.4: Comparisons of RelTime and Bayesian estimates of divergence times and
the associated uncertainties. Gray bar represents the Bayesian 95% HPD intervals
(x-axis) and RelTime 95% CIs (y-axis). Black dashed line represents 1:1 ratio. Each
graph contains the slope and coef�cient of determination (R2) values of the linear
regression through the origin. Calibrated nodes are shown in green. The dataset name
inside each panel refers to table 3.1.

insect dataset, respectively (Figure 3.4e and f). The high similarity between RelTime

and Bayesian node times remained even after we excluded nodes on which user-speci�ed

calibrations were assigned (slope was 0.97 and 0.98 for the spider and insect dataset,

respectively). Although CIs produced by RelTime were slightly wider than HPD intervals

produced by the Bayesian method, they were comparable with more than 97% of the nodes

in spider and insect datasets showing overlapping CIs and HPD intervals (Figure 3.5e and

f). When CIs and HPD intervals did not overlap, they were less than 5 million years (Myr)

apart. Therefore, RelTime CIs can be considered similar to Bayesian HPD intervals for

these two datasets.

Although it is becoming more common to apply many internal calibrations to empirical

studies, researchers may only have a limited number of calibrations because reliable fossil
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FIGURE 3.5: Comparisons of RelTime 95% CIs (dark red), MCMCTree 95% HPD
intervals (gray), and BEAST 95% HPD intervals (blue). Dots are point estimates of
divergence times. The dataset name inside each panel refers to table 3.1.
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record for most taxonomic groups is limited. So, we analyzed another two nucleotide

sequence alignments in which only a few calibrations have been used. One of them is a

bird phylogeny (Figure 3.3d) containing 220 ingroup taxa with only 13 calibrations (i.e.,

6% nodes are calibrated). Again, RelTime produced time estimates similar to Bayesian

estimates, showing a linear slope of 1.03 with slightly weaker linear relationship than seen

for other datasets above (Figure 3.4g). CIs produced by RelTime overlapped with HPD

intervals provided by the Bayesian method for all the nodes except for two (Figure 3.5g).

For these two nodes, CIs and HPD intervals were less than 2 Myr apart. In the analysis

of the sun orchid dataset (Figure 3.3e), in which 57 sequences were included, and only a

single internal calibration was used, time estimates obtained from RelTime and Bayesian

methods showed a good linear relationship as well (Figure 3.4h). Although RelTime

generated slightly older time estimates than those from the Bayesian method, CIs and

HPD intervals overlapped for all the nodes (Figure 3.5h).

These results suggest that the application of our analytical method for computing CI

combined with the approach to derive effective bounds is likely to produce estimates of

times and CIs compatible with Bayesian estimates for datasets with a small and large

number of calibrations when the same alignment, phylogeny, and calibration densities

are used. We found that, compared to the previous implementations in RelTime for

estimating CIs24,121, our new methods effectively improved the CI inference, because

the width of CIs was reduced by 33% - 64% in the analysis of empirical data. This

reduction was seen for both the calibrated and uncalibrated nodes. We attribute this

improvement to the fact that the new analytical method accounts for the rate heterogeneity

better and the effective bounds re�ect calibration interactions and reshape the original

diffused calibration densities to generate narrower CIs. Consequently, the precision of

divergence time estimates is improved. However, it is essential to note that the use

of incorrect calibration constraints or densities can signi�cantly impact the precision of

time estimates112. Therefore, one needs to examine the reliability of calibrations before
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conducting dating analyses137–139.

3.5.2 RelTime con�dence intervals show high coverage probabilities in simulation
analysis

We conducted RelTime and Bayesian (MCMCTree) analyses on a large set of simulation

datasets, containing small and large numbers of sequences, to compare the overall

coverage probabilities, i.e., the proportion of RelTime CIs and Bayesian HPD intervals

that included the true divergence times. In these analyses, we used no ingroup calibrations

to avoid confounding the effect of calibrations on the coverage probabilities of estimated

CIs and HPD intervals (seeMethods and Materials).

RelTime performed well in the analysis of datasets in which branch rates evolved under

an independent branch rate (IBR) model, showing high coverage probabilities (¥ 95%)

in both small and large simulated datasets (Figure 3.6a). The Bayesian analyses also

performed well for IBR datasets, showing high overall coverage probability for datasets

containing 50 sequences (97%) but slightly lower overall coverage probability for datasets

containing 100 sequences (84%) (Figure 3.6a). Interestingly, the coverage probability of

HPD intervals declined further for IBR datasets with 200 sequences (60%). We found

that the true divergence times were located close to the boundaries of HPD intervals. In

these cases, the average percent time difference between a true age and the nearest bound

of respective HPD interval was 10%. RelTime showed an overall coverage probability of

94% for datasets containing 50 sequences and evolving with autocorrelated rates (ABR)

in a phylogeny , while the Bayesian method showed a slightly lower coverage probability

(78%; Figure 3.6b). Bayesian coverage probabilities declined for datasets containing

100 and 200 sequences (52% and 35%, respectively), and average percent time difference

between the true ages and their nearest HPD interval boundaries was large (20% - 45%).

In contrast, RelTime maintained its high coverage probability for large datasets (¥ 95%).

We found that the posterior distributions of many nodes for ABR datasets were not
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FIGURE 3.6: The overall coverage probabilities of RelTime CIs and Bayesian methods
HPD intervals produced by analyzing datasets with different numbers of sequences
simulated under an (a) independent branch rate, IBR, model and (b) autocorrelated
branch rate, ABR, model.

normal-like and skewed, which means that the interpretation of HPD intervals is not

really the same as the CIs, which has been noted earlier116,117. It is also known that

the tree prior assumed in Bayesian analyses can have an impact on the estimation of

divergence times and HPD intervals115,140,141. This impact is more prominent when there

is limited number of calibrations because the tree prior provides node age priors for nodes

without calibrations125, which may explain the observed low coverage probabilities. We

expect that the Bayesian method will perform better if more informative calibrations are

applied because the tree prior becomes less critical and informative calibrations reduce the

uncertainty of time estimates. More extensive analysis of this problem is beyond the scope

of this article, but we plan to pursue it in the future.

3.6 Conclusions

Our new analytical method to estimate CIs, as well as the approach for deriving effective

bounds, will now allow the use of more biological information, such as the rate variation

among lineages and the probability density of calibrations, in 95% CIs inference. RelTime

is computationally ef�cient, requiring only a fraction of the time and resources demanded
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by Bayesian approaches47,52. Results from the analysis of empirical nucleotide and protein

sequence alignments containing small and large numbers of sequences and calibrations

suggest that RelTime will serve as a reliable approach for dating the tree of life and

conducting biological hypothesis testing, especially for large-scale molecular data. We

also anticipate that our new analytical method and new approach for utilizing calibration

densities, with modi�cations, can be applied to generate CIs for other non-Bayesian dating

methods, e.g., penalized likelihood methods51.
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CHAPTER 4

PERVASIVE RATE CORRELATION IN THE TREE OF LIFE

4.1 Introduction

An enduring question in evolutionary biology has been whether molecular rates of

change are correlated between species. Rates are considered to be correlated in a

phylogeny because similar genomic mechanisms, environments, biological features are

shared between the direct ancestors and descendants57. In fact, morphology, behavior,

and other life-history traits have con�rmed the hypothesis, as they are more similar

between closely-related species63,77,78 and are correlated with taxonomic or geographic

distance79,80.

Surprisingly, molecular sequence data have not con�rmed this expectation in the

practical analysis, as the independent branch rate (IBR) model are found to better describe

the pattern of molecular rate evolution for diverse groups of species, including mammals38,

birds66–68, amphibians69, plants70–75,81, and viruses8,38,76. An analysis of 177 studies

published timetrees in 2015-2017 has also shown that the majority of studies (84%) used

the IBR model, while only 4% of studies used the autocorrelated branch rate (ABR) model

(Figure 4.1). The widespread use of the IBR model may largely due to the low statistical

power of the commonly-used Bayesian factor method54.

Recently, we have developed a new machine learning method to reliably detect
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FIGURE 4.1: Summary of rate models used in 177 studies published timetrees in
2015-2017. ABR represents the autocorrelated branch rate model, IBR represents
independent the branch rate model, and others include random local clocks and the strict
clock.

the autocorrelation of evolutionary rates in a large phylogeny142. This method yields

CorrScore estimates that enabled the development of a conventional statistical test

(CorrTest) to detect autocorrelation. For example, a CorrScore¥ 0.5 can be used to reject

the null hypothesis of rate independence at the signi�cance level of 0.05. CorrTest has

been tested using a large collection of simulated datasets and found to perform well. It

showed high accuracy in detecting rate autocorrelation and was robust to the choice of

substitution models, length of sequences, and topological errors. The high accuracy and

fast computational speed of CorrTest enable us to apply it to molecular datasets from

diverse groups across the tree of life to examine the fundamental patterns of evolutionary

change. If the results reject the rate autocorrelation, we must infer a decoupling of

molecular and biological evolution. However, if the ABR model is found to explain the

molecular evolution better, we will be able to quantify the preponderance of autocorrelated

rates across the tree of life.
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4.2 Materials and Methods

4.2.1 Acquisition of empirical datasets

We extracted 17 large datasets (¡ 80 sequences) from 11 published studies of eukaryotes

and two published studies of prokaryotes that cover the major groups in the tree of

life (Table 4.1). This included nuclear, mitochondrial and plastid DNA, and protein

sequences from mammals, birds, insects, metazoans, plants, fungi, parasitic protozoans,

and prokaryotes. These data were selected for relative completeness (missing data  50%),

because a large amount of missing data (¡ 50%) can result in unreliable estimates of branch

lengths and other phylogenetic errors143–147and potentially bias CorrTest results. When

a phylogeny with branch lengths was available from the original study, we conducted

CorrTest analysis using the published branch length directly using the customized R

code (see Appendix B). Otherwise, maximum likelihood estimates of branch lengths

were �rst obtained in MEGA 7 command-line version123,135using the published topology,

sequence alignments, and the substitution model speci�ed in the original article, and were

then used to conduct CorrTest analysis. To examine the impact of the speci�cation of

a time-reversible substitution model on CorrTest results, we estimated branch lengths

under an unrestricted substitution model148 for all the nucleotide datasets in PAML109

and conducted CorrTest.

4.2.2 Inference of the degree of molecular rate autocorrelation

One may use a Bayesian approach to estimate the degree of rate autocorrelation because

CorrTest is not a direct measure of the degree of rate autocorrelation (effect size) in a

phylogeny. For example, in Kishino et al.'s autocorrelated rate model36, a single parameter

(� ) captures the degree of autocorrelation among branches in a phylogenetic tree. We used

MCMCTree109 on 100 simulated datasets that were simulated using the autocorrelated

rate model with a wide range of� values. These datasets were also used for examining the
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Table 4.1: Patterns of rate autocorrelation inferred using CorrTest.
Group Data type

Seq.
counta

Seq.
lengthb

Substitution
model

Rate
modelc

CorrScoreP-value 1/� d Reference

Mammals (A)
Nuclear 4-fold
degenerate sites

138 1,671 GTR +�
ABR

& IBR
0.98   0.001 3.21

Meredith et
al. (2011)84

Mammals (B) Nuclear 3rd codon
positions

138 11,010 GTR +�
ABR

& IBR
0.99   0.001 4.42e

Meredith et
al. (2011)84

Mammals (C) Nuclear proteins 138 11,010 JTT +�
ABR

& IBR
0.99   0.001 3.11

Meredith et
al. (2011)84

Mammals (D)
Mitochondrial
DNA

271 7,370 HKY +� ABR 0.98   0.001 3.77f dos Reis et al.
(2012)85

Birds (A) Nuclear DNA 198 101,781 GTR +� IBR 1.00   0.001 2.07g
Prum et al.
(2015)67

Birds (B) Nuclear 3rd codon
positions

222 1,364 GTR +� IBR 1.00   0.001 2.11
Claramunt
and Cracraft
(2015)68

Birds (C)
Nuclear 1st

and 2nd codon
positions

222 2,728 GTR +� IBR 1.00   0.001 2.53
Claramunt
and Cracraft
(2015)68

Insects Nuclear proteins 143 220,091 LG +� IBR 1.00   0.001 8.68h Misof et al.
(2014)149

Metazoans
Mitochondrial &
nuclear proteins

113 2,049 LG +� ABR 0.65   0.05 40.00
Erwin et al.
(2011)83

Plants (A) Plastid 3rd codon
positions

335 19,449 GTR +� NA 1.00   0.001 2.28
Ruhfel et al.
(2014)150

Plants (B) Plastid proteins 335 19,449 JTT +� NA 1.00   0.001 2.46
Ruhfel et al.
(2014)150

Plants (C)
Nuclear 1st

and 2nd codon
positions

99 290,718 GTR +� NA 1.00   0.001 5.50
Wickett et al.
(2014)151

Plants (D)
Chloroplast and
nuclear DNA

124 5,992 GTR +� IBR 1.00   0.001 2.64
Beaulieu et al.
(2015)152

Fungi Nuclear proteins 85 609,772 LG +� NA 0.97   0.001 2.41
Shen et al.
(2016)153

Parasitic
protozoans

Mitochondrial
DNA

91 6,863 HKY +�
ABR

& IBR
0.87   0.01 2.41

Pacheco et al.
(2018)12

Prokaryotes (A) Nuclear proteins 197 6,884 JTT +� ABR 0.79   0.05 2.54
Battistuzzi
and Hedges
(2009)154

Prokaryotes (B) Nuclear proteins 126 3,145 JTT +� NA 0.83   0.05 1.23
Calteau et al.
(2014)155

aSeq. count is the number of sequences exclude outgroup sequences.bSeq. length represents
the length of sequences.cThe branch rate model used in the original study. ABR: autocorrelated
branch rate model; IBR: independent branch rate model; NA: no rate model information available.
d1/� is the inverse of the autocorrelation parameter that is estimated by MCMCTree using the ABR
model in the time unit of 100My.e-h1/� were 2.13 and 2.09 for each subtree in 'Mammals (B)';
3.73, 1.04, and 2.47 for each subtree in 'Mammals (D)'; 1.60 and 2.07 for each subtree in 'Birds
(A)'; 17.24 and 9.62 for each subtree in 'Insects'.
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performance of CorrTest and Bayes factor analysis in Chapter 2. We have con�rmed that

the estimated� from MCMCTree was linearly related to the true value (Figure 4.2).

To obtain� for empirical datasets, we used MCMCTree with the same input priors as

in the original study, but omitting calibration priors to avoid the in�uence of calibration

uncertainty densities on the estimation of� . We did, however, provide a root calibration

because MCMCTree required it. For this purpose, we speci�ed the root calibration as

the one used in the original article or as the median age of the root node in the TimeTree

database156,157� 50My (a uniform distribution with 2.5% relaxation on the minimum and

maximum bounds). Bayesian analyses required long computational times, so we used

the original alignments in MCMCTree to infer� if alignments were shorter than 20,000

sites. If the alignments were longer than 20,000 sites, we randomly selected 20,000 sites

from the original alignments. However, one dataset150 contained more than 300 ingroup

species, such that even alignments of 20,000 sites required prohibitive amounts of memory.

In this case, we randomly selected 2,000 sites from the original alignments to use in

MCMCTree for � inference (similar results were obtained with a different site subset).

Two independent runs of 5,000,000 generations each were conducted, and results were

checked in Tracer110 for convergence. ESS values were higher than 200 after removing

10% burn-in samples for each run.

4.3 Results and Discussion

4.3.1 Autocorrelation of molecular rates is common

CorrTest rejected the IBR model for all datasets (P   0.05, Table 4.1). In these analyses,

a time-reversible process was assumed for substitutions of nucleotides and amino acids

in the original studies (Table 4.1). However, the violation of this assumption may

produce biased results in phylogenetic analysis158. We, therefore, applied an unrestricted

substitution model148 for analyzing all the nucleotide datasets and found that CorrTest
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FIGURE 4.2: The relationship between the inferred autocorrelation parameter (� ) from
MCMCTree and the true value for datasets simulated under autocorrelated branch rate
models with the true� ranging from 0.01 to 0.3. The gray line represents the best-�t
regression line.

rejected the IBR model in every case (P   0.05). This robustness stems from the fact

that the branch lengths estimated under the time-reversible and the unrestricted model are

highly correlated for these data (R2 ¡ 0.99). This could also be the reason why CorrTest

produced reliable results even when an oversimpli�ed model102 was used for analyzing

computer-simulated data142.

These results suggest that the autocorrelation of rates among lineages is very common

in molecular phylogenies. This pattern contrasts starkly with those reported in many

previous studies38,66–75,81,89. In fact, all but three datasets83,154,155 received very high

CorrScores, resulting in extremely signi�cantP-values (P   0.01). The IBR model was

also rejected for the three datasets (P   0.05), but their CorrScores were not as high,

likely because of limited or biased sampling of the evolutionary diversity. For example,

the metazoan dataset83 contains sequences primarily from highly divergent species that

share common ancestors hundreds of millions of years ago. In this case, tip branches in

the phylogeny are long, and their evolutionary rates are in�uenced by many un-sampled

lineages. Such sampling effects weaken the rate autocorrelation signal. We veri�ed this
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FIGURE 4.3: The distribution of CorrScore for datasets with different taxon sampling
densities. The CorrScore decreases when the density of taxon sampling is lower, as there
is much less information to discriminate between ABR and IBR models. Red dashed
lines mark two statistical signi�cance levels of 5% and 1%. Results are summarized from
100 simulated datasets47 for each taxon sampling category.

behavior via an analysis of simulated data47 and found that CorrScores decreased when

the density of taxon sampling was lower (Figure 4.3). Overall, CorrTest detected rate

autocorrelation in all the empirical datasets.

4.3.2 Magnitude of molecular rate autocorrelation

We used a single autocorrelation parameter (� ) from Kishino et al.'s model36 to represent

the degree of autocorrelation among branches in a phylogenetic tree. Because a low value

of � indicates high autocorrelation, we use the inverse of� to represent the degree of

rate autocorrelation. Based on the results from the analysis of empirical datasets (Table

4.1), we suggest that 1/� greater than 3 be considered high autocorrelation, 1/� between

1 and 3 be considered moderate autocorrelation, and 1/� below 1 be considered weak

autocorrelation. Based on this ad hoc criterion, we may conclude that rate autocorrelation

is moderate to high for empirical datasets examined for species across the tree of life.

Other interesting patterns emerge from this analysis. First, rate autocorrelation is
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highly signi�cant for mutational rates (= substitution rates at neutral positions), which

are expected to be similar in sister species because they inherit cellular machinery from a

common ancestor (Table 4.1). The substitution rates at the third codon positions and the

four-fold degenerate sites are considered to be a good proxy of synonymous substitution

rates, because they are largely neutral and are the best re�ection of mutation rates159. For

example, 'Mammals (A)' and 'Mammals (B)' datasets, which consisted of the four-fold

degenerate sites and the third codon positions, received high CorrScores of 0.99 and 0.98,

respectively (P   0.001). Second, our model detected a strong signal of autocorrelation

among amino acid substitution rates, which are dictated by natural selection (Table 4.1).

For example, 'Mammals (C)' dataset received a high CorrScore of 0.99 in the proteins

encoded in the same genes in the datasets of third codon positions ('Mammals (B)')

and four-fold degenerate sites ('Mammals (A)'). Bayesian analyses also showed that the

degree of rate autocorrelation was similar: inverse of� was 3.21 in four-fold degenerate

sites and 3.11 in amino acid sequences for mammalian datasets. Third, mutational and

substitution rates in nuclear genomes and substitution rates in mitochondrial genomes are

highly autocorrelated (P   0.05, Table 4.1). These results establish that molecular and

non-molecular evolutionary patterns are concordant because morphological characteristics

are correlated with taxonomic or geographic distance63,77–80.

4.3.3 Patterns of rate autocorrelation may vary among subtrees

A single branch rate model may not be adequate for explaining the rate variation in

a large phylogeny because different groups of species and genes in a large phylogeny

may have evolved with different levels of autocorrelation52,152,160. In this sense, results

produced by CorrTest (and by Bayes factor) analyses primarily detect the presence of rate

autocorrelation, but they do not tell us if the rate autocorrelation exists in every clade of

a phylogeny or if the degree of autocorrelation is the same in all the clades. One may

apply CorrTest to individual clades (subtrees) to evaluate these patterns. For example,
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we divided a few large empirical phylogenies of mammals, birds, and insects67,84,85,149

into subtrees with at least 50 sequences and applied CorrTest on subtrees to detect the

existence of clade-speci�c rate autocorrelation. These analyses showed a wide range of

1/� values, which was consistent with the large range of the autocorrelation parameter

values observed for different datasets we analyzed (1.2  1/�   40, Table 4.1). That

is, the degree of autocorrelation likely varies among different types of genes, different

types of substitutions, and in different taxonomic groups. In the future, it will be

useful to identify such patterns at micro- and macro-evolutionary scales and to elucidate

mechanistic underpinnings of the observed differences.

4.4 Conclusions

The application of CorrTest to a large number of datasets addressed an enduring question

in evolutionary biology: are the molecular rates of change between species correlated or

independent? We �nd that the rate autocorrelation is the rule, rather than the exception.

So, it will be best to employ an autocorrelated branch rate model in molecular dating

analyses in studies of biodiversity, phylogeography, development, and genome evolution.

However, when in doubt, one may conduct CorrTest, which is particularly effective for

analyzing large datasets. In addition to molecular data, CorrTest may be used for testing

autocorrelation of rates in non-molecular data, e.g., morphological characteristics, because

the features required for CorrTest can be calculated for any phylogeny with branch lengths.

We also expect CorrTest to be useful in analyzing many other large datasets, revealing both

the extent of autocorrelated evolutionary rates in the tree of life and the exceptions to this

rule. Discovery of genes, gene families, and species groups in which branch rates are

evolving without signi�cant autocorrelation will be precursors to elucidating mechanistic

underpinnings of new biological phenomena.

53



CHAPTER 5

IMPACT OF SUBSTITUTION MODEL COMPLEXITY ON TIME
ESTIMATES

5.1 Introduction

Sophisticated models of nucleotide and amino acid substitution are of fundamental

importance in molecular phylogenetic analyses58,136,161. Many complex substitution

models have been developed, and their complexity continues to increase for use

in phylogenomic studies58,59. Indeed, complex models can better describe the real

nucleotide and amino acid substitution processes than a simple model, as complex

models incorporate the presence of transition/ transversion rate difference, biased base

composition, differences in evolutionary rates among sites, as well as differences in

substitution rate patterns among genomic regions and sequence partitions58,60. Because

the difference between the estimated and actual numbers of substitutions grows quickly

and non-linearly over time136,161, researchers often select the most complex model that is

computationally feasible to improve the accuracy of divergence time estimates58–60,162.

Does the complexity of the substitution model signi�cantly contribute to the reliability

of species divergence time estimates from analyzing large datasets containing many

species and genes? The answer to this question is of high practical signi�cance. If it

is af�rmative, time estimates may be vulnerable to both incorrect model speci�cation
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and the overall limitations of current substitution models. While new substitution

models have been proposed to relax the assumptions of stationarity, reversibility, and

homogeneity of base substitution patterns, incorporate complex structural constraints,

and consider epistatic �tness landscapes58,158,163,164, they are still a simpli�cation of the

actual evolutionary process due to many differences in regional mutation patterns and

spatial and temporal selective pressures58,59. If the inadequacy of substitution models is

a limiting factor for current analyses, the development of more complex and biologically

accurate substitution models will be essential to improve the accuracy of divergence time

estimation.

On the other hand, if time estimates are generally similar for simple and complex

substitution models, then currently available models will be deemed suf�cient for

molecular dating. No studies have directly examined the impact of model complexity

on time estimation in phylogenomic investigations, but there have been reports that

simple substitution models may perform as well as complex substitution models in some

types of phylogenetic inferences, including topological inferences59,165–168. However, it is

intuitively assumed that the underestimation of sequence divergences caused by the use of

simple models will result in distorted time estimates. Here, we used diverse large datasets

to test the conventional wisdom that the use of simple models will result in poor estimates

of divergence times.

To detect potential bene�ts offered by the use of complex models, we compared

Bayesian estimates of divergence times when using extremely simple models with those

obtained when using complex models that contained many biological attributes and

parameters (Table 5.1). In our reanalysis, we used the same calibration strategies and

tree topologies as those used in the source published reports, except that the simplest

substitution model was employed for comparative purposes. The simplest models are

Jukes-Cantor (JC) model169 for nucleotide substitutions and the Poisson model for amino

acid substitutions161. They both assume that all substitution types are equally likely
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Table 5.1: Detailed information about the empirical data re-analyzed using simple
substitution models.

Group
Data
typea

Seq.
countb

Seq.
lengthc

Tree
depthd

Ratee Modelf
Part.
countg

Calib.
counth � lnL i Reference

Mammals (A) M 274 7,370 185 2.28 HKY +� 1 36 96320.5 dos Reis et al. (2012)85

Mammals (B) A 162 11,010 187 1.53 JTT +� 26 64 110854.0Meredith et al. (2011)84

Birds N 48 722,202 102 0.21 HKY +� NA 18 3794.2 Jarivs et al. (2014)89

Fishes N 118 85,363 140 0.51 HKY +� 4 13 13048.1 Alfaro et al. (2018)170

Metazoans A 54 38,577 757 0.41 LG +� + F 1 33 68405.1 dos Reis et al. (2015)44

Spiders A 43 55,447 561 0.54 WAG +� 1 8 37088.5 Bond et al. (2014)129

Plants N 103 856,439 798 0.87 GTR +� 1 37 14757.9 Morris et al. (2018)171

Eukaryotes &
Prokaryotes

A 102 9,874 4511 0.29 LG +� 29 11 183666.0Betts et al. (2018)172

aN = nuclear DNA; M = mitochondrial DNA; A = amino acid.bSeq. count is the number of
sequences included in the original study.cSeq. length is the number of sites in the alignment
used in the original study. We randomly selected 10,000 sites in our analyses if sequences are
longer than 10,000 sites. For `Plants' dataset, we used an alignment of 2,217 sites.dTree depth
is the root age obtained from the original published study. Times are in millions of years.eThe
evolutionary rate is calculated by dividing the sum of the ML branch lengths obtained using the
original complex model over the sum of published times elapsed. The unit is substitutions per
site per billion years.fThe substitution model used for the majority of partitions in the original
study for estimating divergence times.gPart. count represents the number of partitions used in the
original dating analysis.hCalib. count represents the number of calibrations used in the original
dating analysis.iDifference between the log-likelihoods of the original complex model and the
simple model. A positive value means that the complex model provides a better �t to the data.

at a given site, an assumption that is almost always violated in reality. To ensure the

most highly powered contrast, we applied these simplest models without partitioning

the sequence alignment by genes, genomic features (e.g., codon positions), or sets of

positions with similar substitution patterns (seeMaterials and Methods). For comparison,

the complex models used were exactly those selected as the best-�t models in the source

phylogenomic studies (Table 5.1).

5.2 Materials and Methods

5.2.1 Empirical data acquisition

We selected eight large-scale empirical datasets distributed across the tree of life. Species

groups, data types, sequence lengths, sequence counts, calibration counts, the number

of partitions, and the original substitution models used in the majority of partitions are
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summarized in Table 5.1. These studies used complex substitution models (e.g., GTR

+ � ) along with one or multiple partitions, and none of the studies selected the JC or

Poisson models as the best model for any partitions. All empirical data were analyzed

initially in MCMCTree109 to estimate the divergence times, except the `Spiders' data129

that was orginally analyzed in RelTime and then reanalyzed in MCMCTree in ref.24. In all

analyses, we used the published typologies. We obtained the published divergence times

and credibility intervals (CrIs) from the original studies, except for `Mammals A' and

`Eukaryotes & Prokaryotes' datasets. Because the original studies of these two datasets

did not provide credibility intervals (CrIs) of Bayesian time estimates, we reproduced

timetrees for these two datasets with the same settings as in the original studies using

MCMCTree (v4.9h).

Because long sequences can require much longer computational times, mainly in

maximum likelihood (ML) branch length calculations, we used the original alignments

when they were shorter than 10,000 sites (see Table 1). Otherwise, we randomly selected

10,000 sites from the original alignments (10K datasets) for all phylogenetic analyses.

The exception was the `Plants' data, for which the original study171 showed that similar

time estimates were obtained by using the full alignment (856,439 sites) and a trimmed

subsample with high site coverage (2,217 sites). We, therefore, used the 2,217 sites

data for the `Plants' dataset. The subsampled alignments were used in all following

analyses of simple and complex models. All empirical datasets are available athttps:

//github.com/cathyqqtao/timing-and-model-complexity .

5.2.2 Testing the relationship of Bayesian divergence times

We estimated divergence times in MCMCTree (v4.9h) using simple models with

topologies and calibrations from the original studies. All MCMCTree analyses were

conducted using the approximate likelihood calculation. We used the substitution models

used in the original studies as the complex models (Table 5.1). JC and Poisson models
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without the assumption of rate variation across sites under the gamma distribution were

used as the simple model for nucleotide and amino acid sequences, respectively. For

the `Plants' data, we also estimated divergence times using Kimura 2-parameter (K2)102,

Hasegawa-Kishino-Yano (HKY)100 and Tamura-Nei (TN)173 models with and without

a gamma parameter for accounting for rate variation across sites, and the GTR model

without a gamma parameter. We used a single partition in all simple and complex model

analyses, although multiple partitions might be used in the original studies. However,

we used 29 partitions for the `Eukaryotes & Prokaryotes' data analysis since the original

research172 showed a strong in�uence of partitioning on time estimation. We used the

same rate models, prior settings (e.g., tree prior and overall rate prior), and calibration

constraints and densities as published in the original studies for all analyses. Two

independent runs were conducted to ensure the convergence and ESS values were higher

than 200 after removing 10% burn-in samples for each run.

We �rst examined whether the use of a single partition and subsampled alignments

would signi�cantly impact the time estimates in the complex model analysis. Therefore,

we compared the published times obtained using the full datasets and multiple partitions

with times estimated using the subsampled alignments and a single partition. Concordant

time estimates were found in all empirical datasets (slopes range from 0.97 to 1.06).

Thus, we considered the effect of data subsampling and partitioning to be small for the

empirical datasets analyzed. Our observations are consistent with studies showing that site

subsampling has a limited impact on the accuracy and precision of time estimates55,113.

Therefore, we used the divergence times, and CrIs obtained by using the subsampled

alignments, the original complex substitution model, and a single partition as the

inferences from complex models when a reanalysis was needed. We then compared them

with the results obtained using the subsampled alignments, simple models, and a single

partition to eliminate any site-subsampling bias. Although we only used MCMCTree for

inferring Bayesian divergence times, we expect results to be similar when using other
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Bayesian dating software, e.g., BEAST 2126, because previous studies have shown that

different Bayesian dating software packages often generate similar time estimates when

the same priors and calibration constraints are used174,175.

5.2.3 Testing the in�uence of calibrations on the relationship of Bayesian times

We re-estimated divergence times in MCMCTree (v4.9h) using both simple and complex

models without any internal calibrations to examine whether the use of many calibrations

constrained the �nal time estimates and concealed bias caused by the use of simple models.

In this case, only the age of root was constrained. A single partition and the subsampled

alignments were used in the analysis. All other priors, including the root calibration, were

the same as those used in the original studies. We also investigated whether the use of root

calibration caused a linear relationship between time estimates under simple and complex

models. We did Bayesian analysis for each dataset using a single internal calibration that

was randomly selected from all the internal calibrations used in the original study and only

the maximum constraint (tmax ) for the root. The use of only a maximum constraint for the

root results in a diffused uniform density [0,tmax ].

5.2.4 Testing the need for multiple-hits correction in pairwise distance estimation

We tested whether the concordance of times between simple and complex models arose

because only a limited amount of multiple-hits correction was needed, which was often

true for datasets that contained recently-diverged or slow-evolving taxa161. We estimated

pairwise sequences distances using simple and complex models in MEGA X99. We used

TN and Jones-Taylor-Thornton176 models with a gamma parameter (+� ) as the complex

model for nucleotide and amino acid datasets, respectively.

5.2.5 Testing the relationship of non-Bayesian divergence times

We estimated divergence times using the RelTime method47,52 in MEGA X. A single

partition and non calibrations were used in these analyses. Because RelTime computes
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relative times rather than absolute times, we normalized time estimates generated by

RelTime to the age of the ingroup crown node for direct comparisons. Outgroups were

removed in the time comparisons because RelTime did not produce time estimates for

sequences in the outgroup.

5.2.6 Testing the relationship of branch lengths and node-to-tip distances

For each dataset, we estimated ML branch lengths using both simple and complex models

and the published topology in MEGA X. A single partition was used in all ML analyses.

We compared the branch lengths estimated using simple and complex models to obtain the

relationship. We then calculated the node-to-tip distances using the resulting ML tree. For

each node, the node-to-tip distance is the sum of the lengths of all paths from this node to

all descendent tips divided by the total number of descendant tips.

For each dataset, we compared branch lengths and branch times estimated using simple

complex models for short, intermediate, and long branches. Branch length categories

were assigned by comparing individual branch length to the mean branch length across

a given tree. Long branches were those with lengths longer than one standard deviation

from the mean value of all branches. Short branches were those with lengths shorter

than the mean value. The remaining branches were classi�ed as intermediate branches.

We also compared node-to-tip distances from simple and complex models for shallow,

intermediate, and deep sequences based on the timetree inferred using the complex model

and no internal calibrations. The shallow region was the period spanning from 0 Myr

to 30% of the root age. The deep region for all datasets, except for the `Eukaryotes &

Prokaryotes' data, is the period spanning from 70% of the root age to the root age. For

the `Eukaryotes & Prokaryotes' data, the deep region was the period spanning from 50%

of the root age to the root age because all internal nodes were younger than 70% of the

root age. The remaining timespan belonged to the intermediate region for all datasets. We

computed the slopes of node-to-tip distances and of divergence times for nodes that were
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located in shallow, intermediate, and deep divergences regions.

5.2.7 Testing the linearity of relationships among substitution model complexity, number
of ingroup sequences, and the dispersion of branch lengths

We �rst randomly sampled ten ingroup sequences from the full `Plant' dataset (99 ingroup

+ 4 outgroup sequences). We then used “expanded sampling” to generate datasets with 20,

30, 40, 50, 60, 70, 80, 90 ingroup sequences, so that the larger datasets always contained

the sequences in the smaller datasets. For example, we kept ten sampled sequences and

sampled another ten sequences to generate a dataset with 20 ingroup sequences. We

repeated this procedure 20 times, so we had 20 replicates for each number of ingroup

sequences. We estimated branch lengths for each replicate using JC, K2, HKY, TN, GTR,

and the model used in the original study, GTR +� . We compared the branch lengths

estimated using the simpler models with those estimated using the GTR +� and computed

the coef�cient of determination of linear regression through the origin (R2). Therefore, for

each subsampled category, we had 20R2 of branch lengths compared between analyses

using the GTR +� and a corresponding simpler model.

5.2.8 Testing the relationship of branch lengths and times estimated using the simple
model and models that are non-time-reversible and non-stationary

To examine whether the linear relationships of divergence times and branch lengths

between simple and complex models were unique phenomenons for models in the GTR

class, we compared the ML branch lengths estimated using the JC model and models

that were non-time-reversible or non-stationary for all nucleotide datasets. We obtained

the branch lengths under non-time-reversible model148 (model = 10) and non-stationary

model (nhomo = 3) with a single partition in baseml (v4.9h)109. Because the direct

usage of non-time-reversible and on-stationary models was not allowed in MCMCTree

for estimating divergence times, we obtained time estimates using the RelTime method

with the ML trees produced by baseml and without calibrations. We then normalized the

61



relative times produced by RelTime to the mean values to obtain the relationship.

5.3 Results and Discussion

5.3.1 A plant dataset analysis

We �rst present results from a reanalysis of a large sequence alignment containing 103

plant species171 (`Plants', Table 5.1). Pairwise sequence distances ranged from 0.01 – 3.18

nucleotide substitutions per site (Figure 5.1a). The GTR model with rate variability among

sites (+� ) was used in the original analyses171. The difference in the likelihood values

for simple and complex models was very large (� lnL = 14757.9) and highly signi�cant

(P < 10-16). Conventionally, the JC model would be a poor choice for molecular dating

analysis. Indeed, use of the JC model led to an underestimation of pairwise evolutionary

distances by as much as 73%, and there was severe substitution saturation resulting in a

classic curvilinear trend (Figure 5.1a, the gray area).

Surprisingly, Bayesian estimates of divergence times obtained using the JC model

were very similar to those obtained using the GTR +� model when the same sequence

alignment, topology, and calibrations were used (Figure 5.1b), which was also true for

models of intermediate complexity (Figure 5.1c). The linear regression slope between

times estimated under the JC and GTR +� models was 0.97 with low dispersion (R2 =

0.99). A few node times deviated from a 1:1 linear trend (e.g., arrows in Figure 5.1b),

but they fell within the 95% CrIs obtained using the GTR +� model (Figure 5.1g). CrIs

from the JC and GTR +� models overlapped for every node (Figure 5.1g), suggesting

that estimates of divergence times and CrIs from the simplest model will be as useful as

those obtained via complex substitution models in downstream biological analyses and

hypothesis testing.

We hypothesized that the inclusion of 37 calibrations, and their associated probability

densities, in the `Plants' dataset constrained the node time estimates and eliminated the
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