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SUMMARY

A large amount of multi-species functional genomic data from high-throughput assays are
becoming available to help understand the molecular mechanisms for phenotypic diversity across
species. However, continuous-trait probabilistic models, which are key to such comparative
analysis, remain under-explored. Here we develop a new model, called phylogenetic hidden
Markov Gaussian processes (Phylo-HMGP), to simultaneously infer heterogeneous evolutionary
states of functional genomic features in a genome-wide manner. Both simulation studies and real
data application demonstrate the effectiveness of Phylo-HMGP. Importantly, we applied Phylo-
HMGP to analyze a new cross-species DNA replication timing (RT) dataset from the same cell
type in five primate species (human, chimpanzee, orangutan, gibbon, and green monkey). We
demonstrate that our Phylo-HMGP model enables discovery of genomic regions with distinct
evolutionary patterns of RT. Our method provides a generic framework for comparative analysis of
multi-species continuous functional genomic signals to help reveal regions with conserved or
lineage-specific regulatory roles.
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INTRODUCTION

Multi-species functional genomic data from various high-throughput assays (e.g., ChlP-seq
of transcription factor proteins or histone marks) are highly informative for the comparative
analysis of gene regulation conservation and differences between human and other
mammalian species (Villar et al., 2015; Cotney et al., 2013; Brawand et al., 2011). The
signals from such data are continuous in nature. However, in most analyses, the continuous
signals are often discretized by selected thresholds or being transformed to discrete values
for distinctive feature patterns before subsequent cross-species comparisons, causing loss of
information from the original data. Continuous-trait models, which are key to the modeling
of functional genomic signals, are gaining increasing attention in genome-wide comparative
genomic studies (Naval-Sanchez et al., 2015; Rohlfs et al., 2013). However, computational
methods are under-explored to fully model continuous functional genomic data in the
context of multi-species comparisons. In particular, to the best of our knowledge, there are
no existing algorithms available to simultaneously infer heterogeneous continuous-trait
evolutionary models along the entire genome.

Several types of continuous-trait evolutionary models have been developed for individual
loci. One basic model (Felsenstein, 1985; Pagel, 1999; Freckleton, 2012) assumes that
continuous traits evolve by Brownian motion. This model has been extended to more
complicated Gaussian processes such as the Ornstein-Uhlenbeck (OU) process (Hansen,
1997; Butler and King, 2004; Hansen et al., 2008). However, the existing methods that use
continuous-trait evolutionary models in comparative genomics either apply a single
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evolutionary model to signals of selected regions, or test different evolutionary model
assumptions with prior knowledge at selected regions (Rohlfs et al., 2013; Brawand et al.,
2011; Naval-Sanchez et al., 2015; Drummond et al., 2012). In other words, the continuous-
trait evolutionary models have not been utilized in simultaneously estimating heterogeneous
phylogenetic trees across different loci along the entire genome based on functional genomic
data.

In this paper, we develop a new continuous-trait probabilistic model for more accurate state
estimation based on multivariate features from different species using functional genomic
signals. We call our model phylogenetic hidden Markov Gaussian processes (Phylo-HMGP).
Our new method incorporates the evolutionary affinity among multiple species into the
hidden Markov model (HMM) for exploiting both temporal dependencies across species in
the context of evolution and spatial dependencies along the genome in a continuous-trait
model. Note that our Phylo-HMGP is fundamentally different from the existing models that
are restricted to discrete state space of the studied traits (Siepel and Haussler, 2005; Hobolth
etal., 2007; Liu et al., 2014; Jensen and Pedersen, 2000; Lunter and Hein, 2004; Qu et al.,
2018). In particular, Phylo-HMMs define a stochastic process of discrete-trait character
changes (Siepel and Haussler, 2005), where different states estimated by Phylo-HMMs can
reflect different patterns of substitutions or background distributions. However, Phylo-
HMMs do not handle continuous signals. The models in (Jensen and Pedersen, 2000; Lunter
and Hein, 2004) share similar mechanisms and have the same limitations. In the recent
phylo-epigenetic model (Qu et al., 2018), the nature of the method is still based on
transitions between discrete levels of observed signals, with the need to discretize the traits.
In this work, our Phylo-HMGP explores a new integrated attempt to utilize continuous-trait
evolutionary models with spatial constraints to more effectively study the genome-wide
features across species. Our model is also flexible such that various continuous-trait
evolutionary models or assumptions can be incorporated according to the actual problems.
We believe that Phylo-HMGP provides a generic framework, which can be applied to
different types of functional genomic signals, to more precisely capture the evolutionary
history of regulatory regions across different species.

In this work, we generated a new cross-species DNA replication timing (RT) dataset from
the same cell type in five primate species (human, chimpanzee, orangutan, gibbon, and green
monkey). The RT program in eukaryotic cells duplicates the genome with a highly regulated
temporal pattern. Genome-wide RT maps have revealed replication profile domains that
correlate with chromatin structure (Gindin et al., 2014; Comoglio et al., 2015) and higher
order genome organization, such as Hi-C A/B compartments and topologically associating
domains (TADs) (Rhind and Gilbert, 2013; Ryba et al., 2010; Pope et al., 2014; Dileep et al.,
2015; Solovei et al., 2016). It is known that RT changes across half of the genome during
cell differentiation and disease (Ryba et al., 2011, 2012; Yue et al., 2014; Rivera-Mulia et
al., 2015; Dileep et al., 2015). In addition, studies have shown conservation of RT between
human and mouse (Yaffe et al., 2010; Ryba et al., 2010; Yue et al., 2014; Pope et al., 2014).
Microscopy also revealed that chromosome regions with early and late RT have specific
spatial localization preferences in the nucleus that are conserved in evolution (Solovei et al.,
2016). However, we have limited understanding of how the RT program has evolved in
mammals. To the best of our knowledge, there is no existing study to investigate the RT
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conservation and dynamics for more than two mammalian species beyond the human-mouse
comparison. Here we apply Phylo-HMGP to reveal genome-wide distributions of distinct
evolutionary patterns of RT in five primates. We found that constitutive early and
constitutive late RT regions, as defined from human ES cell differentiation (Ryba et al.,
2011; Dileep et al., 2015), exhibit a strong correlation with the predicted conserved early RT
and conserved late RT patterns. We also found distinct gene functions associated with
different RT evolution patterns. In addition, the predicted RT patterns across species show
correlations with other genomic and epigenomic features, including higher order genome
organization, cis-regulatory elements, chromatin marks, and transposable elements. Our
results from the comparative RT analysis in five primate species demonstrate the potential of
our Phylo-HMGP model to help reveal regions with conserved or lineage-specific regulatory
roles for the entire genome.

Overview of the phylogenetic hidden Markov Gaussian processes (Phylo-HMGP) model

Here we first provide an overview of the proposed model (Figure 1). The details of the
model are described in STAR METHODS. Our model aims to estimate different
evolutionary patterns from multi-species functional genomic signals. As illustrated in Figure
1C, the input contains the observed continuous-trait signals from orthologous genomic
regions from multiple species. The output is a genome-wide partition where neighboring
genomic segments have different predicted states of multi-species signals, reflecting
different evolution patterns of the signals being considered.

We define a Phylo-HMGP model as h = (S, y, A, r), where Sis the set of states, y is the
set of phylogenetic models, A is the state-transition probability matrix, and s represents the
initial state probabilities, respectively. Suppose there are M hidden states. We have S= {s,
o Sub v ={vy s vmh A={ah 1< j< M and = {my, -, mp}. Figure 1A shows
the state space where different states are associated with varied phylogenetic tree models.
Each phylogenetic tree model is parameterized with the Ornstein-Uhlenbeck (OU)
processes, an example of which is shown in Figure 1B. Note that in this paper, we focus on
the OU process and apply it to analyze cross-species RT data. We also discuss and compare
with Brownian motion process within the framework (see STAR METHODS), which is also
used as the Gaussian process for realizations of yto construct the emission probability
distributions, /=1, -, M. yydiffers under different evolutionary models. The framework is
flexible and other Gaussian processes can also be embedded into the framework by
alternative definitions of y.

Phylo-HMGP provides a generic framework to more effectively incorporate multi-species
functional genomic data into the HMM for analyzing both temporal dependencies across
species in the phylogeny and spatial dependencies along the entire genome in a continuous-
trait model. The source code of Phylo-HMGP can be accessed at: https://github.com/ma-
compbio/Phylo-HMGP.
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Simulation study demonstrates the robustness of Phylo-HMGP

To explore whether incorporating evolutionary temporal constraints into the HMM can
improve the accuracy of identifying different evolutionary patterns, we applied our method
to 12 synthetic datasets in two types of simulation studies. We assessed the performance
based on Adjusted Mutual Information (AMI), Normalized Mutual Information (NMI),
Adjusted Rand Index (ARI), Precision, Recall, and /~ score (Manning et al., 2008; Vinh et
al., 2010) by comparing the predicated states with the ground truth states (see STAR
METHODS). We used HMM to generate the samples in simulation study I (SS-1), while
simulation study Il (SS-I1) did not use HMM and was instead based on a Gaussian Mixture
Model (GMM). Both SS-1 and SS-I11 contained six synthetic datasets (sample size = 50,000
each), respectively. Detailed descriptions of the simulated datasets are in STAR METHODS.

We compared Phylo-HMGP-OU and Phylo-HMGP-BM with the Gaussian-HMM method,
the GMM method, and the K-means clustering method in both SS-I and SS-I11. For each
dataset, we ran each method 10 times. Each method was started from different initializations
and given the state number as 10. We reported the average performance of the 10 runs as the
final performance of the respective method. We applied the same regularization parameter to
Phylo-HMGP-OU on all of the 12 datasets, without tuning the parameter specifically on
each dataset. The results show that Phylo-HMGP-OU outperforms the other methods on
AMI, ARI, and F; score on all of the six datasets in SS-1 (Figure 2A and Table S1). In
particular, Phylo-HMGP-OU shows significant advantage in reaching higher ARI on average
in different datasets, as compared to the other methods. In SS-I1 (Figure 2B and Table S2),
the performance of Phylo-HMGP-OU decreases occasionally (SS-11-1 and 11-2) as compared
to its performance in SS-1. However, Phylo-HMGP-OU still outperforms the other methods
in five of the six datasets. Phylo-HMGP-BM reaches the highest performance on SS-I-1,
while Phylo-HMGP-OU maintains comparable performance to Phylo-HMGP-BM on this
dataset. These simulation results strongly suggest that Phylo-HMGP-OU can achieve robust
performance even when the data are simulated from a non-HMM model such as the
Gaussian mixture model. Note that in the rest of the Results section, we use “Phylo-HMGP”
to refer to “Phylo-HMGP-OU”.

Phylo-HMGP reveals genome-wide patterns of replication timing across primate species

Next, we applied the Phylo-HMGP method to study different evolutionary patterns of RT in
primate genomes. We generated genome-wide RT maps based on Repliseq (Marchal et al.,
2018) in lymphoblastoid cells from five primate species, including human, chimpanzee,
orangutan, gibbon, and green monkey. See STAR METHODS for the details on how we
processed the data. We then applied Phylo-HMGP to this multi-species RT dataset. We set
the state number as 30 based on estimation from K-means clustering (see STAR METHODS
and Figure S3). We identified both conserved and lineage-specific states with differences in
RT patterns across species. Here we classified the 30 states into five groups: conserved early
(denoted as E), conserved late (L), weakly conserved early (WE), weakly conserved late
(WL), and non-conserved (NC) (see STAR METHODS). In the E group, all five species
have early RT. In the WE group, four species have early RT. We assign states to the L group
and the WL group similarly. The remaining states are assigned to the NC group.
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The representative RT signal patterns of the 30 predicted states are shown in Figure 3A, with
examples of the states and groups shown in Figure 3B and Figure 3D. Distributions of RT
signals of the five species in each of the 30 states are shown in Figure S2, including other
lineage-specific patterns, conserved patterns, or divergent patterns. States 1-8 are conserved
early or conserved late states of RT, making up approximately 47.7% of the whole genome.
States 9-18 display different lineage-specific RT patterns. State 9 (Figure 3B) and 10
represent human-chimpanzee (hominini) specific patterns of early RT and late RT,
respectively. State 11 shows human-chimpanzee-orangutan (hominid) specific early RT.
States 12-18 reflect single-lineage specific patterns, where one species differs from all the
other species.

Phylo-HMGP estimated the transition probabilities between the 30 predicted states (Figure
S4). We noticed that overall the transition probabilities are higher within the E group and L
group. Phylo-HMGP also simultaneously estimated the model parameters of selection
strength, Brownian motion intensity, and optimal values of the phylogenetic model
associated with each state (Figure S5 and Figure S6). We found that the estimated
parameters correspond very well to the lineage-specific RT patterns. For example, for state 9
and 10, the human-chimpanzee specific states, the estimated strongest selection strength
happened on the branch leading to human and chimpanzee, and strong Brownian motion
intensity is also estimated for human and chimpanzee. We observed similar correlations for
other states. We also compared Phylo-HMGP with the other methods on an evaluation
dataset constructed from the RT data and found that Phylo-HMGP outperforms other
methods (see STAR METHODS and Figure S7).

RT evolution patterns correlate with A/B compartments and histone marks

Analysis based on Hi-C data has shown that the genome can be divided into two
compartments called A/B compartments (Lieberman-Aiden et al., 2009), with at least five
subcompartments, namely Al, A2, B1, B2 and B3, which have different genomic and
epigenomic properties (Rao et al., 2014). Al and A2 subcompartments both show early RT,
with the difference that replications in A2 regions finish later than Al. B2 and B3
subcompartments show late RT, while replications in B1 happen in the middle of S-phase
(Rao et al., 2014). We used the subcompartment definitions in the human lymphoblastoid
cell line GM12878 from (Rao et al., 2014) and calculated the enrichment of the five
subcompartments in the 30 predicted RT states. We observed that different predicted RT
evolution patterns show distinct enrichments of the subcompartments. For example, the
predicted RT states in the E group (state 1-4) show the strongest correlation with Al or A2,
while the predicted RT states in the L group are enriched with B2 and B3. The majority of
the states in the NC group are most enriched with A2 or B1. States in the WE group and WL
group are enriched with A2/B1, and B2/B3, respectively.

We next compared the enrichments of different histone marks and CTCF binding site within
each RT state. Figure 3A panel 3 shows the enrichment distributions of histone marks and
CTCF binding site across the five predicted RT groups. These distributions are consistent
with the epigenomic feature patterns of the subcompartments that are enriched in the
corresponding states. We found that RT states in the E group show strong positive

Cell Syst. Author manuscript; available in PMC 2019 August 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yang et al.

Page 7

correlation with active histone marks (e.g., H3K27ac, H3K36me3, and H3K4me1l) and the
CTCF binding sites. On the contrary, RT states in the L/WL groups show distinct depletion
of these histone marks and the CTCF binding sites. The majority of predicted states in the

NC group instead exhibit variations in the enrichments of different types of histone marks.

Among the NC states, state 9 is identified as a human-chimpanzee specific early RT state
(Figure 3B). It displays a unique pattern of histone mark enrichment, showing the strongest
correlation with H2A.Z (p-values<le-07) as compared to other predicted states. Recent
studies have reported that H2A.Z is progressively enriched towards early RT loci (Du et al.,
2018). Another state with interesting features is state 4, a conserved early state. The RT is
significantly early in human in state 4, similar to other states in the E group. All of the other
states in the E group (state 1-3) are strongly correlated with A1 subcompartment. State 4,
however, is enriched with A2 subcompartment and is more positively correlated with
H3K9me3, which generally has stronger enrichment in A2 than A1 (Rao et al., 2014).
Therefore, state 4 represents a distinct state in the E group. These results demonstrate that
Phylo-HMGP has the sensitivity to distinguish within similar evolutionary patterns of RT.

Different RT evolution patterns reflect different functions

Previous studies have shown that different genomic regions have different levels of cell type
specificity for RT, including constitutively early, constitutively late, and more dynamic
across different cell types (Ryba et al., 2011; Dileep et al., 2015). We compared the states
from Phylo-HMGP with the constitutive and developmental RT patterns discovered during
ES cell differentiation (Dileep et al., 2015), including constitutively early (CE),
constitutively late (CL), developmentally regulated (D), and undetermined. We found that
overall the constitutively early or constitutively late RT regions in the human genome have
high consistency with the strongly conserved RT evolution patterns (Figure 3C). The
findings are consistent with previous observations in human-mouse RT comparison (Ryba et
al., 2011).

Among the CE regions that are also covered in the cross-species RT comparisons by Phylo-
HMGP, 99.45% of the regions are assigned to the states of conserved early or weakly
conserved early (p-value<2.2e-16). Also, 86.94% of the CL regions in human are within
states of conserved late or weakly conserved late (p-value<2.2e-16). In contrast, the D
regions show more diverse patterns across the five RT groups predicted by Phylo-HMGP.
This also suggests that the RT regions in lymphoblastoid cells with similar RT profile across
different cell types are highly likely to be conserved in primates. However, a significant
fraction of conserved RT regions in primates also shows cell-type specific RT patterns in
human. We performed Gene Ontology (GO) analysis for the conserved RT early regions
with respect to the constitutive/non-constitutive RT patterns using DAVID (Huang et al.,
2007), and found clear differences in gene functions (Table S3). We further performed GO
analysis for the lineage-specific RT states (see Figure 4A and Table S4). We found that
genes associated with different states have different functions and biological processes. For
example, the hominini-specific early RT state (state 9) is enriched with genes having sensory
functions. These analyses suggest that regions with different RT evolution patterns may
contain genes with distinct functions.
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Boundaries of RT evolution patterns correlate with TAD boundaries

Earlier studies discovered that TADs defined from Hi-C data have high correspondence with
replication domains (Pope et al., 2014; Dileep et al., 2015). We next asked whether the states
found by Phylo-HMGP correlate with the boundaries of TADs. We used the TADs called by
two methods, Directionality Index (DI) (Dixon et al., 2012) and Arrowhead (Rao et al.,
2014). We named the TADs as DI TADs and Arrowhead TADs, the median lengths of which
are 440kb and 185kb, respectively. For each boundary of a TAD, we calculated the distance
between the TAD boundary and the nearest state boundary from Phylo-HMGP. We then
calculated the percentages of boundary distances that fall into four distance intervals
respectively, and estimated the empirical distributions of boundary distances in the different
intervals by shuffling the TADs (see STAR METHODS).

We found that the boundary distances between the DI TADs and the predicted RT states are
significantly more enriched in the interval [0,12kb] than expected (Figure 4B, empirical p-
value<le-03). The percentage drops in the intervals that correspond to increased boundary
distances. The percentage is significantly lower than expected in the fourth interval that
covers the largest distances (empirical p-value<le-03). The comparison based on Arrowhead
TADs show similar results. This analysis demonstrates the correlation between the
boundaries of RT evolution states and the TAD boundaries.

RT evolution patterns have enrichment of different transposable elements

It is known that RT correlates with certain transposable element (TE) families, e.g., the early
RT regions are typically enriched with SINE elements (Rhind and Gilbert, 2013). We next
looked at the connection between RT evolution patterns and the involvement of TEs based
on RepeatMasker annotation. We obtained the RepeatMasker annotations for each of the five
primate species from the UCSC Genome Browser (Casper et al., 2017). For the TE families
shared among the five primate species, we calculated the fold change of their enrichment in
the orthologous regions of each species in each state (Figure 4C). We found that there exist
distinct patterns of TE enrichment across different RT states and RT groups. Alu elements
are strongly involved in conserved early RT states and depleted in conserved late RT states
across the five species, with a clear changing correlation with RT across the five RT groups.
On the contrary, L1 and LTR elements ERVL and ERV1 correlate negatively with early RT
but positively with late RT. TEs in the LTR class and DNA class generally have more
diversity in their distributions over states in the WE, WL, and NC groups. We also found that
the repetitive sequence elements srpRNA, scRNA, and snRNA (based on RepeatMasker
annotations) have a strong positive correlation with conserved early RT and negative
correlation with conserved late RT (p-value<le-04), having a similar enrichment pattern to
Alu in the E, WL, and L groups. Although some of these correlations (such as those with
SrpRNA, scRNA, and snRNA) have not been reported before and further investigations are
needed, this nevertheless demonstrates the potential of our method to provide new insights
into the impact of sequence evolution on DNA replication timing.

Lineage-specific early RT regions harbor unique TFBS

We then asked whether there are specific transcription factor binding sites (TFBS) that are
enriched in regions with specific types of RT evolution patterns. We used FIMO (Grant et
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al., 2011) to perform motif scanning in the orthologous open chromatin regions of each
species (STAR METHODS), using 635 position weight matrices (PWMs) of TF binding
motifs from the JASPAR 2016 core vertebrate motif database (Mathelier et al., 2016). We
then computed the motif frequency for each of the PWMs for each species, using the
threshold of p-value<le-04, and normalized the frequency by the open chromatin region
size. We used two types of tests jointly to identify TF binding motifs that may be enriched in
predicted lineage-specific RT states. First, within each lineage-specific RT state, we
performed binomial tests to find the motifs that are more enriched in the particular lineage
than expected (p-value<0.05). Second, we examined if the species-specific enrichment of a
motif in a state is also significantly different from the genome-wide background distribution
(STAR METHODS).

We identified sets of motifs that show lineage-specific enrichment for the lineage-specific
early RT states (Figure 4D). Note that we checked whether the TFs in the lineage-specific
RT states that involve human are expressed and found that the majority of them are
expressed (STAR METHODS). Also, we found that the identified lineage-specific enriched
TF binding motifs vary in different states. However, there are still a number of TF binding
motifs (or motifs with similar PWMs) shared between different states. For example, FOXC1
is significantly enriched in human and chimpanzee in the hominini-specific state (state 9),
and also enriched in green monkey in the green monkey-specific state (state 18).
Interestingly, many of corresponding TFs associated with species-specific early RT are from
the FOX family (e.g., FOXC1, FOX03, and FOXD1), the ELF family (e.g., ELF1 and
ELF3), and the ETV family (e.g., ETV3 and ETV®6). TFs of the FOX family are known
regulators in B cells (Laurenti et al., 2013) (lymphoblastoid cells are B cells) and FOXO3
was previously found to be crucial for regulating cell cycle progression through its binding
partnership with DNA replication factor Cdtl (Zhang et al., 2012). Many of the other
identified TFs are also regulators in B cells, such as EBF1, IRF8, RUNX2, and POU5F1
(Laurenti et al., 2013). Although these findings need further studies to evaluate their
functional significance in lineage-specific biology, our analysis points to the direction that
connects lineage-specific changes in c/s-regulatory elements with lineage-specific changes
in RT.

DISCUSSION

In this paper, we developed Phylo-HMGP, which is a new continuous-trait probabilistic
model for more accurate genome-wide state estimation based on features from different
species using functional genomic signals. The proposed Phylo-HMGP explores a new
integrated framework to utilize the continuous-trait evolutionary model with spatial
constraints to more effectively study the heterogeneous evolutionary feature patterns
encoded in the genome-wide functional genomic datasets across multiple species. Both
simulation studies and real data application demonstrate the advantage of Phylo-HMGP as
compared to other methods. Importantly, we generated a new cross-species RT dataset from
the same cell type in five primate species (human, chimpanzee, orangutan, gibbon, and green
monkey) to study RT evolution patterns in primates for the first time using Phylo-HMGP.
Our results from the comparative RT analysis demonstrate the potential of the model to help
reveal regions with conserved or lineage-specific regulatory roles for the entire genome.
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There are a number of areas that our model can be further improved. For Phylo-HMGP, the
number of model parameters increases linearly with the number of species. There can be
many local minima in parameter estimation for large scale evolutionary trees. Therefore,
both more effective parameter constraints in accordance with the tree structure and more
effective optimization methods need to be developed. Also, hierarchical state estimation
methods can be developed to group similar predicted patterns for state prediction refinement.
In addition, the current Phylo-HMGP assumes that all the phylogenetic tree models have the
same tree topolopy. But in certain application domains this may not be accurate. Therefore,
it would be useful to improve the model by incorporating inference of alternative tree
topologies (Friedman et al., 2002). Furthermore, we need to improve the interpretation of the
estimated model parameters of the evolutionary models associated with the predicted states,
to gain deeper understanding of the evolutionary mechanisms underlying the different
functional genomic feature patterns.

Genetic variation can contribute to differences in RT (Koren et al., 2014; Mukhopadhyay et
al., 2014; Rivera-Mulia et al., 2018). Our current study has the limitation that it does not
specifically consider the impact of intra-species variation on RT evolutionary patterns we
identified. We did, however, compare the RT variant loci (among different individuals)
identified in human lymphoblastoid cells (Koren et al., 2014) with the cross-species RT
evolution states we found. We observed that the RT variations among individuals are
distributed sparsely on the genome, with a small percentage of the whole genome and of
each predicted RT evolution state. This suggests that the impact of the intra-species variation
on RT patterns across different species we found is likely to be very minor. However, it
would be an important methodological improvement to model both the inter-species
differences and intra-species variations when population level functional genomic data are
available for different species.

We believe that Phylo-HMGP provides a generic framework to more precisely capture the
evolutionary history of functional genomic signals across different species. In addition to the
cross-species RT comparisons, we also applied Phylo-HMGP to predict the evolution of c¢/s-
regulatory modules and demonstrated the advantage and the generic utility of our new
method (see STAR METHODS, Figure S8, and Figure S9). From the application to the RT
data, we found that different RT evolution patterns predicted by Phylo-HMGP correlate with
RT patterns across different cell types and various other genomic and epigenomic features,
including higher-order genome organization features, cis-regulatory elements, transposons,
and gene functions. Such insights from comparative functional genomic analysis may in turn
help interpret the impact of sequence evolution on genome organization and function. One
important future direction would be to develop more integrated models to holistically
consider sequence features (from mutations and small insertions/deletions to large-scale
genome rearrangements) and functional genomic signals across multiple species.
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

Anti-BrdU antibody

BD biosciences

Cat#555627; RRID: AB 395993

species

Anti-mouse 1gG Sigma-Aldrich Cat#M7023; RRID: AB 260634
Deposited Data
Repli-seq data of five primate This paper GEO: GSE111733

Experimental Models: Cell Lines

Human: lymphoblastoid GM12878

Coriell Cell Repositories

Cat#GM12878; RRID: CVCL 7526

White Cheeked Gibbon):
lymphoblastoid cell line

Pan troglodytes (Common E. Eichler and M. PTR
Chimpanzee): lymphoblastoid cell | Ventura (Johnson et al.,

line 2006)

Pongo pygmaeus (Bornean E. Eichler and M. PPY
Orangutan): lymphoblastoid cell Ventura (Johnson et al.,

line 2006)

Nomascus leucogenys (Northern L. Carbone NLE

Cercopithecus aethiops (Green
Monkey): lymphoblastoid cell line

Coriell Cell Repositories

Cat#PR01205; RRID: CVCL 2Y01

Software and Algorithms

Phylo-HMGP This paper https://github.com/ma-compbio/Phylo-HMGP
FastQC web portal http://www.bioinformatics.babraham.ac.uk/projects/fastqc
FASTX-Toolkit web portal http://hannonlab.cshl.edu/fastxtoolkit

Bowtie2 Langmead and Salzberg, | http://bowtie-bio.sourceforge.net/bowtie2/index.shtml
2012

liftOver Hinrichs et al., 2006 https://genome.ucsc.edu/cgi-bin/hgLiftOver

HMMSeg Day et al., 2007 https://noble.gs.washington.edu/proj/hmmseg

Other

Repli-seq protocol

Marchal et al., 2018

N/A

Heat-inactivated FBS

Seradigm

Premium Grade HI FBS 1500-500H Lot #: 035B15

CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and algorithms should be directed to and will
be fulfilled by the Lead Contact Jian Ma (jianma@cs.cmu.edu).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

The five primate species included in this study are Homo Sapiens (Human), Pan troglodytes
(Common Chimpanzee), Pongo pygmaeus (Bornean Orangutan), Nomascus leucogenys
(Northern White Cheeked Gibbon), and Cercopithecus aethiops (Green Monkey). We used

GM12878 cell line from human. The GM12878 cell line is a lymphoblastoid cell line

established from EBV (Epstein-Barr Virus)-transformed B-lymphocytes from a female
donor. The GM12878 cell line was obtained from the Coriell Cell Repositories of Coriell
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Institute for Medical Research. Only three passages were performed after the GM12878 cell
line was received from the Coriell Cell Repositories, and no other cell line was cultured
together at the same time. We captured cell morphology image immediately before the BrdU
labeling (the first step of the Repli-seq procedure, the details of which are included in
METHOD DETAILS). The image supports that the cells were from the GM12878 cell line,
providing evidence for cell authentication. As shown in the cell culture protocol defined in
https://data.4dnucleome.org/biosources/ADNSRH17RFKR/, healthy lymphoblastoid cells
including GM12878 cell line grow in suspension culture with cells clumped in loose
aggregates, which was shown in the cell morphology image, and this characteristic is not
observed in ES cells or fibroblast cells. The information of the GM12878 cell line used in
this study and the cell morphology image are available at: https://data.4dnucleome.org/
biosamples/ADNBS315U7BY/. We used lymphoblastoid cell lines from the other four non-
human primate species, each of which is from one biological individual. The lymphoblastoid
cell line of each of the species was derived from B-lymphoctyes by EBV transformation.
The cells of Common Chimpanzee (abbreviated as Chimpanzee) are male. The cells of
Bornean Orangutan (abbreviated as Orangutan) are male. The cell lines of Chimpanzee and
Orangutan have been used in (Johnson et al., 2006). The cells of Northern White Cheeked
Gibbon (abbreviated as Gibbon) are male. The cells of Green Monkey are female and the
cell line was obtained from the Coriell Cell Repositories. Authentication of the
lymphoblastoid cells from each of the four primate species was performed using standard
karyotyping. For each species, metaphase chromosomes were isolated for the cell line and
inverted DAPI images were used to assess the full karyotype of the species, which are of
species-specific distinguishing characteristics. For each species, we only used autosomes for
data analysis and excluded data from the sex chromosomes.

METHOD DETAILS

Ornstein-Uhlenbeck process in the Phylo-HMGP model

Overall framework: We define a Phylo-HMGP model as h = (S, y, A, ), where Sis the
set of states, yis the set of phylogenetic models, A is the state-transition probability matrix,
and sz represents the initial state probabilities, respectively.

In Phylo-HMGP-OU, we can model the continuous traits with the Ornstein-Uhlenbeck
process, which is a stochastic process that extends the Brownian motion with the trend
towards equilibrium around optimal values. It is characterized by the following stochastic
differential equation (Hansen, 1997; Butler and King, 2004):

dX (1) = ald — X(H)]dt + odB(1), (1)

where X|(f) represents the observation of the /th species at time point £ B{J) is the
Brownian motion, a, 6, and o are parameters that represent the selection strength, the
optimal value, and the Brownian motion intensity, respectively. For example, .X;could be the
ChiIP-seq signal of a certain histone mark from a specific cell type at a specific locus in a
species. Under the assumption of the OU process, we can derive the expectation, the
variance, and the covariance of the observations of species given the phylogenetic model y;.
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The phylogenetic model is the combination of multiple OU processes that share parameters
along common branches. Suppose that X, is the trait value of the ancestor of the /th species,
and X is the trait value of the common ancestor of the /th and j~th species. Following
Butler and King (2004); Rohlfs et al. (2013), we have:

EX)=EX e 1Pyofl—e tir) (@
( i)_ (p)e +0;|1—e . (2

Cov(X,, Xj) = Var(X ) exp (— 2k c lijaktk -2 c ljl.aktk)’ (3)

6? —Zaitip —Zaitl.p
Var(X,) = S 1—e + Var(X p)e , 4
l

where £, is the length of the branch from pto / and /jrepresents the set of the ancestor
nodes of 7and 7itself after its divergence with j.

In the Phylo-HMGP model with OU process, y;is defined as: y;= (6} a; o;, 7 B), /=1,
-+, M, where 6;, a;, ojdenote the OU process parameters of the j-th state, respectively. z; B;
represent the topology of the phylogenetic tree and the branch lengths, respectively. We
allow varied selection strength and Brownian motion intensity along each branch and varied
optimal values at interior nodes or leaf nodes. Suppose there are 7 branches. We have 6,€ R’
*H a;, ;€ R’. Suppose x = (xi, -+, Xp) are observations of consecutive regions along a
sequence of length AV, and y = ()4, -+, ¥a) are the underlying hidden states, respectively.
Each observation x;is a multi-dimensional vector of the trait values of the compared species
with respect to a certain type of functional genomic feature for an orthologous genomic
region. Suppose there are d'species, which correspond to the ¢ leaf nodes in the phylogenetic
tree. We have x; € RY, y;€ {1, -, M}, i=1, -, N. The hidden state y;indicates a specific

phylogenetic model y;from which the observation x;is generated. {y/j}M | represent
J =

different evolutionary patterns of the genomic features across the multiple species. For
example, one phylogenetic model y;may represent conserved evolution of the feature
across species, while another model y;;may represent strong selection strength along one
lineage that results in a lineage-specific pattern. Given the input of multi-species functional
genomic signals over a range of regions, which can be processed into the observations x, we
are trying to infer the underlying evolutionary patterns and predict the evolutionary states y
through model parameter estimation. Each y;represents an evolutionary pattern,
parameterized by the inferred phylogenetic model ;. The output includes the estimated
model parameters h and predicted states ¥ Note that our Phylo-HMGP-OU is different
from the HMMSDE methods that use a temporal HMM to simulate a single OU process
(Dittmer, 2009). Phylo-HMGP-OU embeds phylogenetic models constructed by complex of
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OU processes into a spatial HMM to utilize both temporal and spatial dependencies between
variables.

Parameter estimation: Let ® be the model parameters. The joint probability of the

observations x and states y is p(x,y | ©) = z, Hf’_ 14, y p(x; 1y, 0) (Bilmes et al., 1998).
0o 'ThYi—pYi

We use Expectation-Maximization (EM) algorithm (Dempster et al., 1977) for parameter
estimation. Suppose ®9 is the current estimate of model parameters. The EM algorithm
computes the expectation of the complete-data log likelihood, which is defined as the Q
function ((©,89):

0(0,0%) = E[ log p(x,y | ©) | x,0%] = Z p(x,y | ©%)log p(x,y | ©), (5)
y € é’N

where &y is the set of all state sequences of length A. We have:

0©,09= > pxy|OHm, + 3 p(xy|®g>2 loga, . (6)

yevS’N vaS’ i=1

N
+ ) pxy 09 log p(x; | y)-

yeé’N i=1

Model parameters rz, A and y can be updated separately in the Maximization-step (M-step),
corresponding to the three parts of ((®,09), respectively. The parameters of the Ornstein-
Uhlenbeck (OU) model are involved in p(x}y;) of the third term of (®,89). Define that ¢-;
=04, Vien, Virl, - YA)- We represent the third part as:

N
> px, y|®g>2 log p(x; [ y) =Y, D, p(xy| 0% log p(x; |y, (7)

yeé’N i=1 l—lyeé’N
N
M

Z P(X,yl, ViV = l,yl'+ 12 YN | @g) log p(xi | ;= l)
SN-1

M= 1Ms
=
m

p(x,y; =108 log p(x; | y;=1).

_.
I
—_

p(x, vi= 89) can be computed using forward-backward algorithm (Rabiner, 1989; Bilmes
etal., 1998). Assume that continuous-trait variables follow multivariate Gaussian

distributions. We have log p(x | u&, &) o — log 139 - 1 (1)) [Z(” — ud)) for

a given state / The underlying phylogenetic model yis embedded into Zg)) and yg)) by Eq.
(2)-(4). Then the negative expected log likelihood of state /is:
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N
L(®(l)) _ log | Z(l) | Z p (X, v = 1] ©% + E Z ( Mg))T[Zg)]—l(xi (l)) p(X, Y; (8)

i=1

=1]0%.

Therefore, multiplied by 2//, the third part of the negative Q function with respect to a given
state /can be represented as:

N
—1~(l)
L(@(l)) _ ﬁ log | zg) | Z Wz('l) + tr([zg)] Sg), 9
i=1

N
where w( = p(x,y, = 1] ©%), S(l) % 3w (xl. - yg)) (xl. - Mg))T, and ©() represents the
i=

phylogenetic model parameters associated with state /

We need to perform parameter estimation for each of the possible states. We assume z;is
given. B;can be combined in effect to ayand oy In practice, if the real branch lengths are

unknown, we perform the transformation that @, = a,8,, Ef = afﬁv, where B, represents the

length of the branch from the parent of node vto node v. Using this approach the branch
lengths are incorporated into {a; o}. Then ®) = {8, a, o}. A challenge is that there are
approximately two times more model parameters than the feature dimension for each state.
We apply &-norm regularization to the parameters (). In each M-step, the objective
function of a given state /is defined as:

0) ) 0 (l) 02
m(l};ﬁlog |y |ZZIW +ue([Z817'59) + el o)

U

where w" and § are defined as above. We define 2 = ,/y/N, and tune Aq based on a fixed

simulation dataset. We estimated the range of A that can improve the performance of
Phylo-HMGP-OU (see later section and Figure S1). Accordingly, we applied the same A to
all the simulation datasets and the real data as a fixed coefficient, without tuning Ag on each
dataset specially, in order to avoid overfitting of A on a particular dataset.

From the first two parts of Q(©,89) we can update the estimates of = and A accordingly. Let
A={ak}, where agy= p(y;= Ayi-1 = k), k /=1, -, M. We have:

Vy=1]08
= p(xyo—l), (11)
p(x | ©%)
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ZﬁV: 1P(X7yi_1 = k»yi= L ®g)

A = N
Zi=1p(x,y,-_1 =k | ©¥)

Therefore, in each E-step, given the present estimated model parameters ©9, we compute
P, yi= 109) and p(x, ¥i-1 = K ¥i= 10©9) using the forward-backward algorithm (Rabiner,
1989; Bilmes et al., 1998), &, /=1, -, M. In each M-step, we solve the maximum expected

likelihood estimation problem to update the parameters r, A, and {y/j}M v Given the
J

estimated model parameters, we can predict a most likely sequence of hidden states § using
the Viterbi algorithm (Viterbi, 1967).

Specifically, we compute wi = p(x, y; =11 %) in the E-step using the forward-backward

i
algorithm and current model parameter estimates @9. Let x = (xq, -+, X7) be the observation
sequence. We define:

al(t) = p(xls-x2v "',xts)’t =1 | G)g)’ (13)
and
ﬂl(t)=p(xl+1,x[+2,---,xT|yt=l,®g). (14)

According to the forward-backward algorithm, we have:

px,y, =1]0%) =a/0p®). (15)

Both a[#) and B({) can be computed recursively. Let rz;= p()41 = /) be the initial state
distribution, /=1, ---, M. The forward procedure to compute a[?) is as follows.

al(l) = ”lp(xl | Y = D, (16)

M
at+1) =] Zl aaylpx, 1y, =D, (17)
] =
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M
px1©)= Y a(T). (18)

=1

The backward procedure to compute B[ is as follows:

M

B0 = D ap(x, 1y, = DBE+1),  (20)

/=1

M
px|1©)= Y p(aptx, |y =D. (21)
I=1

We also update the transition probability between any two states. Define that ex(9) = p(y;=
K Va1 = AX, ©). We have:

([) P(ytzk,y[+1=l’x|®) ak(t)aklp(xt+1 |y[+1=l)ﬂ[(t+1)
gkl = = .
px10) T DL i Oayp(s, g 1y = DA+ 1)

(22)

Equivalent to Eq. (12), the transition matrix can be updated as:

T-1
1=100

SIolpo, =k1x,0)

a, = kl=1,-,M. (23)

With p(x, y;= 189) and (X, i1 = k, y;= A©9) computed in each E-step, &, /=1, -, M, we
update the parameters r, A, and {y/j}ﬁ’lz . in each M-step.

Note that the existing discrete-trait Phylo-HMMs (Siepel and Haussler, 2005; Hobolth et al.,
2007) can also be represented as h = (S, y, A, i), where y;is defined according to the
substitution process with respect to an alphabet Z; of discrete characters, e.g., Z;= {A, C, G,
T} for nucleotides. In discretetrait Phylo-HMMs, v is defined as v = {Q; b, zj B}, where
Qjis the substitution rate matrix, byis the vector of the background character frequencies, z;
is the tree topology, and S; represents the branch lengths. This realization of yis limited to
the discrete characters, where transition probabilities between two characters can be
computed to model evolution of characters, e.g., the HKY85 model (Hasegawa et al., 1985).
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For the continuous traits, we need to use continuous-trait evolutionary model assumptions to
define y;.

Initialization of the Expectation-Maximization algorithm in Phylo-HMGP—
Phylo-HMGP uses the Expectation-Maximization (EM) algorithm for parameter estimation.
The EM algorithm seeks local minima and the results of EM algorithm are influenced by
initializations. We designed different ways for parameter initialization. The first approach is
to estimate OU model parameters initially based on the primitive state estimation results
from K-means clustering. We perform model estimation for each cluster separately as
single-state estimation, and use the estimates as initial model parameter values for the EM
algorithm.

The second approach is to generate initial values randomly. There are three types of
parameters in the OU model for a single state, which are optimal values 6, selection strength
a, and Brownian motion intensity o. We sample random variables from uniform
distributions for the initial values of 6, a, and o, respectively.

The third approach is to use linear combination of the initial parameter values obtained from
the first approach and the second approach. We estimate the initial parameter values as ®g =
w01 + (1 - wn)B,, where ®1 and ®, are parameter estimates from the first and second
approaches. By changing the initial weight w4, we have different initialization schemes.
Based on the performance with respect to varied w4 in simulation study I, we observed that
Phylo-HMGP is not very sensitive to initialization on four datasets, while on the other
datasets the performance is improved as wj; increases within a range. Given w; € [0.2, 1.0],
the performance of Phylo-HMGP on each simulated dataset is comparable to the best
performance it can achieve on the corresponding dataset. For performance comparison with
other methods in the simulation study, we fixed w4 = 0.8 for all the datasets to prevent
overfitting on a particular dataset. The initialization weight 1 is an input parameter to the
implemented program and can be adjusted within [0, 1] by the user’s choice.

Estimation of the regularization coefficient in Phylo-HMGP—TFor the objective
function defined in Eq. (10), we define 4 = 2,/y/N, where Nis the sample size, and we

observe how performance of Phylo-HMGP-OU changes with respect to A based on a fixed
simulation dataset (simulation dataset I-1), in order to estimate a range of A in which the
performance of Phylo-HMGP-OU can be improved with the A-norm regularization. We
tuned A from 0 to 5, with the step size of 0.5, and compared the performance of the model
with respect to the different choices of Ag. We found that the model with Aq € [3.0, 5.0]
reaches relatively higher £, score than the other choices of A on this dataset (Figure S1).
We selected A = 4.0 and applied it to all the simulation datasets and the RT data as a fixed
coefficient, without tuning Aq on each dataset specially, in order to avoid overfitting of Ay on
a particular dataset. We also repeated the experiment on dataset 1-1 and observed how the
performance of Phylo-HMGP-OU changes with Aq on the other datasets in simulation study
I. We found that the performance of Phylo-HMGP-OU is not sensitive to A ranging in
[3.0,5.0] on most of the simulation datasets (I-1,1-3,1-4,1-5,1-6). Phylo-HMGP-OU still
reaches comparable performance to the highest performance it can achieve on dataset 1-2.
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We only used the performance resulted from Aq = 4.0 on all the simulation datasets for
performance evaluation and comparison.

Brownian maotion in the Phylo-HMGP model—For more comprehensive method
evaluation of the proposed framework, we also developed the Phylo-HMGP-Brownian
Motion (Phylo-HMGP-BM) method, where the embedded continuous-trait model is the
Brownian motion model. Phylo-HMGP-BM is also built from h = (S5, y, A, x). For Phylo-
HMGP-BM, vy is defined as y;= (4, z B A)), /=1, -+, M, where yjdenotes the mean
values of leaf nodes, and zj B, Ajdenote the phylogenetic tree topology, the branch lengths,
and the evolution rates on branches, respectively. Under the Brownian motion assumption,
the covariance between observations of two species depends on the depth of their nearest
common ancestor in the phylogenetic tree. The covariance matrix based on the BM model
can therefore be presented as a linear combination of covariance matrices (Zwiernik et al.,
2017).

Suppose ris the number of branches of the phylogenetic tree, and d'is the number of leaf
nodes (i.e., the number of observed species). We have A;€ R/, ;€ R’, and 1;€ RY j=1,
-, M. We number the branches with 1, .-, r. For any vector £, let k) be the k-th element of
f Lety€ R’, and VAK) = AAK) - BAK), k=1, -, r, which reflects the combined effect of
branch length and evolution rate along each branch. Without loss of generality, suppose v €
R’ is the transformed branch length vector for an arbitrary state. Then (&) represents the
transformed branch length of the A-th branch. Suppose Xjis the observation of a species.
Based on the model of Brownian mation, the mean value of Xjis identical to that of the
observation of its ancestor and the variance of Xjis proportional to the evolution time from
its ancestor. We have:

E[X] = E[X,], (24)

Var(X)) = Z v(k), (25)
kESa(i)

Cov(X,X)= Y, vk, (26)
kESa(i,j)

where X, represents the observation of the nearest ancestor of species / (A) represents the
transformed branch length from the nearest ancestor of species & to species &, S{/)
represents the set of ancestors of species /, and S/, /) represents the set of common
ancestors of species 7and /. The covariance matrix based on the Brownian motion model can
therefore be presented as (Zwiernik et al., 2017):
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¥, =Gy+ Y G, (27)
k=1

where Gy is a binary matrix representing contribution of a specific branch to the covariance
matrix. Suppose X = (X, -+, Xp) are observations of consecutive genome regions along a
sequence of length AV, and y = ()4, -, ¥a) are the corresponding hidden states. Similar to
Phylo-HMGP-0OU, we use EM algorithm for parameter estimation. We define the Q function
Q(0,89) in the same way as Eq. (6), which is the expectation of the complete-data log
likelihood function, but with different realization of p(x, y|®9) according to the assumption
of the Brownian Motion model. Here © represents the model parameters and @7 is the
current estimate of the parameters. Based on the original Brownian motion model, the
expectation of observation of descendant species is always identical to that of its ancestor.
We have [E(.X)) = [E(Xp) under this assumption, where X; corresponds to the most remote
ancestor. However, we can observe shift of the mean value of the phenotype in real world
problems (Thomas et al., 2009, 2006). Therefore, we relax this constraint on the expectation
of the observations, using a weaker assumption that allows the expectation to be shifted on
branches. Then we considers the phenotype expectation of each species as model
parameters, allowing the expectation to vary between species.

Similar to the derivations in Eq. (7-9), we compute the third part of the negative Q function
with respect to each state, i.e., the negative expected log likelihood of each state (multiplied
by 2/N), which is denoted by £(®W), /=1, .., M. Here ®() represents the model parameters
associated with state / We have ) = {v;, 1}. We minimize £(®W) to estimate 6.
Accordingly, the objective function of a given state /is:

N
1 —1~(
min = log | Z‘(/l)ﬂ | Z ng) + tr([z‘(,l)ﬂ] SL)), (28)
VK = |

N
~(] .
where w = p(x,y, = 1| ©%), and SL) = %'legz) ;= p) (x; = up', 1= 1, -+, M. Using EM
i=

algorithm, in each E-step, given the estimated parameters ®9, we compute p(x, y;= 189)
using the forward-backward algorithm, /=1, ---, M. In each M-step, we solve the maximum
expected likelihood estimation problem to update the parameters associated with each state.
Different optimization algorithms can be applied to solve the optimization problem. Let v; 4
= V[k), k=1, -, r. For the Phylo-HMGP-BM, the gradient with respect to v;can be
computed explicitly (Zwiernik et al., 2017) and we implemented the gradient descent
method based on the derived gradient as an alternative optimization approach:

aL©") ~oon_ Len T R () S S B
v = Vo L@ = T e GUED ) - e IZTGIEN - @)
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Data simulation for the simulation studies—We used two types of models for data
simulation, corresponding to Simulation Study | (SS-1) and Simulation Study Il (SS-I1).
Each study consists of six synthetic datasets. In SS-1, for each dataset, samples were
generated from an HMM with 10 states and with multivariate Gaussian distribution as the
emission probability distribution. The Gaussian distribution of each state follows a different
OU model on the same phylogenetic tree topology. The OU model parameters of each state

were randomly generated with non-negative constraints of selection strength {aj}?/[_ | and

Brownian motion intensity {aj}M . (M s the state number). Phylogenetic trees with four
j =

leaf nodes and with five leaf nodes were used as tree topologies for parameter simulation,

each used for three datasets. The transition probability matrix of the HMM was randomly

generated with the assumption that self-transition probability of a state is the dominant

probability as compared to probabilities of transitions to other states.

In SS-11, samples were generated from a Gaussian mixture model instead of an HMM. For
each dataset, samples were generated based on a mixture model with 10 states where
Gaussian distributions are the emission probability distributions. We defined a transition
probability matrix between the 10 states as we defined in SS-1, and computed the
equilibrium probability distribution of the 10 states from the transition probability matrix.
We then divided the genome into continuous segments of varied lengths. Each segment
represents a series of samples that share the same state, e.g., adjacent fixed-size bins of the
same state on the genome. We randomly sampled the segment length from a truncated
Normal distribution by which the length is non-negative. The state of each segment was
drawn randomly and independently from the computed equilibrium probability distribution
of the 10 states. Parameters of the Gaussian distribution of each state were shared between
two corresponding datasets in SS-1 and SS-11. For example, simulation dataset I-1 (dataset 1
in SS-1) and simulation dataset 11-1 (dataset 1 in SS-I1) are assigned with the same set of
Gaussian distributions for 10 states. However, different assumptions (HMM and non-HMM
models) were used to simulate the two types of datasets.

In both simulation study I (SS-1) and Il (SS-I1), phylogenetic trees with four leaf nodes and
with five leaf nodes were used as tree topologies. Datasets with even-number (I-2, 1-4, 1-6,
11-2, 11-4, and 11-6) were based on the same topology of five leaf nodes, which is identical to
the topology of the species tree specified in Figure 1C and is also the topology used in the
RT data study. Datasets with odd-number (I-1, I-3, I-5, II-1, 11-3, and 11-5) were based on the
same topology of four leaf nodes, which is identical to the topology of the sub-tree of the
species tree specified in Figure 1C that contains human, chimpanzee, orangutan, and gibbon.
50,000 samples were generated for each dataset.

The emission probability distribution of each state in each dataset is Gaussian distribution,
parameterized by a multivariate OU model ;= (6, a; o)), where jis the index of the state,
and 6; aj, ojrepresent the optimal value vector, the selection strengths and the Brownian
motion intensities along the branches, respectively. The selection strength a; 4 and Brownian

motion intensity o « @long each branch are each randomly and independently sampled from
J

the uniform distribution Unifi0, 2], k=1, -+, r(ris the number of branches). The optimal
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value 6;,(/=1, -, r+ 1) of each node is randomly and independently sampled from a
Normal distribution (0, 2). In the transition probability matrix A of one dataset in SS-I,
the self-transition probability of state /is defined as a;;= 4 + (1 — ) x p, where pis
randomly sampled from uniform distribution Un/f[0, 1] and & is set to be 0.7. The transition
probabilities of state jto other states are first randomly sampled from uniform distribution
Unifl0, 1] and then normalized to be summed to 1-a;; In SS-11, the fragment length (the
number of continuous bins of the same state) is sampled from the a truncated Normal
distribution (50, 30) with the minimal fragment length to be 5. We first sampled a
transition probability matrix A in the same way as in SS-1. Then we estimated the
equilibrium probability distribution 7 of the states from A based on 7 = = A. We sampled
the state of each fragment from 7 randomly and independently.

We calculated the Davies-Bouldin Index (DBI) (Davies and Bouldin, 1979) for each dataset
in SS-1 and SS-11, to estimate the difficulty in state prediction in different datasets. DBI can
be used to measure how discriminative is each cluster (state) compared to the others. A high
DBI represents that the states have large variances within themselves while the state-to-state
distances are small, making it difficult to distinguish the states. The DBIs for the six datasets
in SS-I are 2.3127, 2.0770, 1.9706, 1.3127, 1.5045 and 1.4623, respectively. The DBIs for
datasets in SS-11 are 2.2677, 2.0608, 1.9597, 1.3116, 1.4987, and 1.4864, respectively. We
found that datasets I-1, I-2, I1-1, and 11-2 have relatively higher DBIs.

Cell culture, replication timing profiling, and Repli-seq data processing—The
GM12878 cells were grown according to the protocol defined in https://data.
4dnucleome.org/biosources/ADNSRH17RFKR/. Cell cultures were maintained in T25 flasks
with 10-20 ml medium in upright position at 37°C, 5% CO,-95% air to keep cell density
between 200,000 cells/ml and 500,000 cells/ml in RPMI 1640 supplemented with 15% heat-
inactivated FBS. For the other primate species, lymphoblastoid suspension cells were grown
in RPMI 1640 media supplemented with 15% FBS and 2mM L-glutamine. Cultures were
maintained in T25 flasks at 37°C, 5% CO, and passaged to maintain adequate confluency.
Next, we performed Repli-seq for the cultured cells of each species. The Repli-seq data of
one replicate of each species were used for algorithm input and analysis in this study. The
detailed procedure of Repliseq is described in (Marchal et al., 2018). Specifically,
exponentially growing cells were pulse-labeled with 1004M BrdU for 2 hours and then
harvested and fixed in 70% ethanol. The fixed cells were stained with propidium iodide
(509/mL) in the presence of RNase A (250 tg/mL) in phosphate-buffered saline with 1%
FBS. Then early and late S fractions were collected according to the DNA content measured
by propidium iodide signal strength on BD FACS SORP. Sorted cells were lysed in SDS-
Proteinase K buffer (0.2 mg/mL Proteinase K, 50mM Tris-HCI pH 8, 10mM EDTA, 1M
NaCl, 0.5% SDS). Subsequently, 10-40K cells equivalent lysate depending on the cell
availability was used to make each Repli-seq library. First, from early S and late S fraction
of each cell line, total genomic DNA was extracted respectively using DNA Clean &
Concentrator-5 (Zymo Research, cat. no. D4014), and eluted into 501 water. Then each
DNA preparation was sheared into 200bp on average using Covaris E220 system. Next, end-
repair and adaptor ligation were done using NEBNext Ultra DNA Library Prep Kit for
[llumina (NEB, cat. no. E7370) and adaptor-ligated DNA was purified using DNA Clean &
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Concentrator-5 (Zymo Research, cat. no. D4014). From these adaptor-ligated DNA samples,
BrdU-labeled DNA fragments were precipitated by mouse monoclonal anti-BrdU antibody
(BD, cat. no. 555627) and rabbit anti-mouse 1gG (Sigma-Aldrich, cat. no. M7023). The
DNA was purified from this DNA-antibody complex using Proteinase K digestion and
subsequent DNA Clean & Concentrator-5 (Zymo Research, cat. no. D4014) procedure,
indexed and amplified using NEBNext Multiplex Oligos for lllumina (Dual-Index Primers
Set 1; NEB, cat. no. E7600S), and purified using Agencourt AMPure XP (Beckman Coulter,
cat. no. A63880). After the size distribution of each library was checked on Bioanalyzer,
libraries were pooled and sequenced on HiSeq 2500 with 50 base single-end mode to obtain
approximately 10 million reads/library.

We performed quality control of the Repli-seq reads using FastQC (http://
www.bioinformatics.babraham.ac.uk/projects/fastqc) and removed adapter sequences using
FASTX-Toolkit (http://hannonlab.cshl.edu/fastxtoolkit) for data preprocessing. To obtain RT
signals in orthologous genome regions across the multiple species, we collected the RT
signal values for each 6kb bin of human genome and its orthologous regions in each of the
other species if RT measurements are available. Specifically, first, we mapped the
preprocessed sequencing reads to the genome assemblies of hg19 (Human), panTro4
(Chimpanzee), ponAbe2 (Orangutan), nomLeu3 (Gibbon), and chlSab2 (Green Monkey),
respectively, using Bowtie2 (Langmead and Salzberg, 2012). The genome assemblies were
downloaded from the UCSC genome browser (Kent et al., 2002; International Human
Genome Sequencing Consortium, 2001; The Chimpanzee Sequencing and Analysis
Consortium, 2005; Locke et al., 2011; Carbone et al., 2014). Second, we used human
genome (hg19) as the reference and divided the reference genome into 6kb bins. We then
aligned each bin in human genome to each of the other species with reciprocal mapping
using liftOver (Hinrichs et al., 2006) to obtain the orthologous regions. Third, for each
species, we calculated Repli-seq read count within a given genomic window (an orthologous
region) in early and late phases of RT, respectively, normalized by the total read count in
early or late RT phase on the whole genome accordingly. The RT signal in each orthologous
region is defined as the base 2 logarithm ratio of read count per million reads between the
early and late phases of RT within this region.

For each species, we identify each sequence of consecutive bins without RT signals as a gap.
The bin size (6kb in human) is much smaller than the scale of the RT signals (the replication
domain is typically at the scale of 400-800kb (Pope et al., 2014)). We assume that RT does
not change sharply at a small size gap if the gap is between both early RT signals or both
late RT signals. We then performed data imputation for gaps smaller than 48kb using nearest
neighbor imputation. In this way we can reduce missing data and have more continuous
segments where cross-species observations are available. More specifically, if the RT signals
on both sides of a gap smaller than 48kb are both early RT signals or both late RT signals
with difference smaller than 1/3, we assign to each bin in the gap the RT signal of a signal-
available bin that is nearest to this bin. We then used the software HMMSeg (Day et al.,
2007) to perform wavelet smoothing (Percival and Walden, 2006) of the RT signals in each
species, using the window size of 24kb.
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Next, we found the orthologous regions where the RT signals across five species are all
available. We then performed data normalization of the signals of each species in the
regions. We observed that the different species have varied RT scales around [-5,5]. We
performed feature scaling to scale non-negative RT signals (primarily early RT) in each
species to [0,5] and scale non-positive RT signals (primarily late RT) in each species to
[-5,0]. We formed the normalized RT signals in orthologous regions across five species into
a five-dimensional feature vector and assigned it to the corresponding reference 6kb bin in
human genome as a sample. We excluded the orthologous regions on the sex chromosome
and only used autosomes of each species for data analysis. We obtained 419,754 samples in
the orthologous regions across species.

Initial estimation of the state number in the RT data study—To apply Phylo-
HMGRP to the replication timing data, we first estimated the possible number of states using
K-means clustering. We performed K-means clustering to the datasets with an increasing
cluster number K; computed the Sum of Squared Error (SSE) of each clustering result, and
observed how SSE changed with respect to K. We estimated the state number to be
approximately 20-40 based on the K-means clustering results, as the decreasing rate of SSE
with respect to the increasing K'slows down in this range (Figure S3). Based on the
observation the ‘elbow point” of the SSE curve is around 30, and small fluctuation of the
state number around 30 does not present significant change of the reduction of the SSE
decreasing rate compared to the state number of 30. We therefore set the state number to be
30.

RT state prediction and RT state grouping—We applied Phylo-HMGP-OU to the
multi-species Repli-seq data to perform state estimation, with the state number set to be 30.
We used A = 4.0 for A-norm regularization and w; = 0.2 for parameter initialization. We
repeated the estimation 10 times with different initializations. We choose the result with the
highest objective function value for further analysis.

We classified the 30 RT states predicted by Phylo-HMM-OU into 5 RT groups, namely,
conserved early (noted as E), conserved late (L), weakly conserved early (WE), weakly
conserved late (WL), and non-conserved (NC). If the majority (>98%) of the regions in a
state share the pattern that all of the five species consistently have positive RT signals (early
in RT), we assign this state to the conserved early (E) group. If a state does not satisfy this
criteria, but instead satisfy that at least four species are consistently early in RT in more than
90% regions of this state, we assign this state to the weakly conserved early (WE) group. We
assign states to the L and WL groups in a similar way accordingly. The remaining states are
assigned to the NC group. Specifically, states 1-4 and states 5-8 are E states and L states,
respectively. States 19-22, and states 13, 16, 23, 24 are WE and WL states, respectively.
States 9-18 and 25-30 are NC states.

QUANTIFICATION AND STATISTICAL ANALYSIS

Performance evaluation in the simulation studies—We used Adjusted Mutual
Information (AMI), Normalized Mutual Information (NMI), Adjusted Rand Index (ARI),
Precision, Recall and £; score (Manning et al., 2008; Vinh et al., 2010) for performance
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evaluation in the simulation studies. Suppose X'= {1, ‘-, Xp} is the set of samples. Suppose
Q ={wy, -, wk} is the set of predicted states which represents a partition of X'into K states,
and C={cy, -, cpg} is the ground truth set of states. Let Q, C) be the mutual information
between Q and C, and NMIQ, C) be the normalized mutual information. We have:

K M P(w,, cj)
1:0) = k; &, Py loe peprey (0
S 1(Q; 0)
NMI(Q; C) = TH©) + HOT? (31)

where H(Q) and H(C) represent the entropies of Q and C, respectively. The entropy is
defined as H(Q) = — Zsz | P(@)) log P(w)). Awg), Ac)), and Awy, ¢)) represent the
probabilities that a sample is in state wy, in state ¢; and in both wyand ¢; respectively. The
maximum likelihood estimates of Awg), A¢), and Awy, ¢)) are |wgd/N, |¢j|IN, and |wx N ¢;
|/ N, respectively, where |wy denotes the size of wygand Nis the number of samples.

Adjusted Mutual Information (AMI) is an adjustment of the mutual information to correct
the effect of agreement between two partitions that is solely due to chance. We have:

1(Q; C) — E[I(€; O)]

AMIEY ©) = or T H Q). HO)] — B O

(32)

where [E(/(Q; C)) represents the expectation of AQ;C), which can be estimated using Q and C
(Vinh et al., 2010).

The Rand Index (RI) (Manning et al., 2008) is another metric to compare two partitions,
which is defined as:

TP+TN

Rl = T FPYFNT TN

(33)

TP (true positive) represents the number of pairs of samples in Xthat are in the same subset
in Q and also in the same subset in C. FP (false positive) is the number of pairs of samples in
Xthat are in the same subset in Q but in different subsets in C. FN (false negative) is the
number of pairs of samples in Xthat are in different subsets in Q but in the same subset in C.
TN (true negative) is the number of pairs of samples in Xthat are in different subsets in Q
and also in different subsets in C.

The Adjusted Rand Index (ARI) corrects the Rand Index for the effect of agreement that is
solely due to chance between partitions. ARI is defined as
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_ RI — E[RI]
ARL = 50X (RI} —E[RIY’ (34)
where [E(R/) represents the expectation of ~/.
Precision, Recall, and F; score are defined as
.. TP
Precision = TP L FP’ (35)
TP
Recall = TP'-F—HV’ (36)
_ 2Precision X Recall 37)

1™ Precision + Recall

For the compared methods, we used the functions GaussianMixture and KMeans in the
scikit-learn library (Pedregosa et al., 2011) to implement the Gaussian Mixture Model
(GMM) method and the K-means clustering method, respectively. We used the hmmlearn
library (https://github.com/nmmlearn/) to implement the Gaussian-HMM method. Each
compared method is repeated 10 times with different initializations and guaranteed
convergence each time. Specifically, the parameter initializations of the Gaussian-HMM
method and the GMM method were based on K-means clustering. In each experiment, the
best result from 10 randomly-initialized K-means clustering results (based on the clustering
evaluation criteria used in hmmlearn or scikit-learn, respectively) was selected for estimating
the initial parameters of Gaussian-HMM or GMM, respectively. 10 random initializations
were also used for K-means clustering in each experiment, and the clustering with the best
performance was chosen as the result. 10 experiments were repeated for the compared
methods as well as Phylo-HMGP, and the average of the 10 runs was reported as the final
performance of the corresponding method.

Comparison between the predicted RT states and TADs—When calculating the
distances between the TAD boundaries and the RT state boundaries, to filter the TADs that
are far away from any predicted states, we extended each boundary of a TAD with 30kb and
used the states that overlap with the extended TAD to calculate the boundary distance. We
then calculated the percentages of boundary distances that fall into four intervals. The first
interval is [0,12kb]. The remaining three intervals are determined by the empirical distance
distribution obtained from TAD shuffling, and equally cover the distances that are larger
than 12kb. We shuffled the TADs 1000 times by randomly relocating them along the
genome. We calculated and merged the boundary distances of each shuffle of TADs to form
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the empirical boundary distance distribution. Furthermore, for each shuffle of TADs, we
computed the percentage of boundary distances that fall into each distance interval to form
empirical distributions for each interval.

Motif feature analysis in lineage-specific RT states predicted by Phylo-HMGP
—We performed motif scanning in the orthologous open chromatin regions of each of the
five primate species. We identified open chromatin regions in human genome as DNase-seq
peak regions with +/— 250bp extension, using DNase-seq data of the GM12878 cells
downloaded from the ENCODE annotation data in the UCSC genome browser (Rosenbloom
etal., 2012). We used the liftOver tool (Hinrichs et al., 2006) to project the identified open
chromatin regions in human genome to genomes of the other primate species, obtaining
orthologous open chromatin regions in other species. We used FIMO (Grant et al., 2011) and
635 position weight matrices (PWMs) of TF binding motifs from the JASPAR 2016 core
vertebrate motif database (Mathelier et al., 2016) to perform motif scanning in the
orthologous open chromatin regions of each species. In each orthologous region, we
computed the motif frequency for each PWM within the open chromatin area for each
species (p-value<le-04 required for each motif). We then normalized the frequency by the
open chromatin area size within this orthologous region.

To identify TF binding motifs that may be lineage-specifically enriched in predicted lineage-
specific RT states, we used two types of tests and selected motifs that can pass both tests.
First, within each lineage-specific RT state, we performed binomial tests to find the motifs
that are significantly more enriched in the RT-specific species than expected (p-value<0.05).
Second, for a motif that passes the binomial test in a lineage-specific RT state, we calculated
the fold change of its motif frequency within the RT-specific species compared to the other
species. To estimate the empirical p-value, we randomly sampled the same number of
regions as the lineage-specific RT state from the whole genome for 2000 times, and
calculated the same type of fold change to form empirical distribution. We selected the
motifs that have empirical p-values<0.05.

We analyzed the expressions (in human) of those TFs with enriched motifs in the lineage-
specific states that involve human (i.e., state 9 and state 11). The gene expression data were
obtained from the ENCODE Project (ENCODE Project Consortium, 2012) (ENCODE Data
Coordination Center accession: ENCSRO00AEC; GEO accession: GSE78550). We found
that 24 out of the 28 TFs (86%) associated with state 9 and 11 have FPKM greater than 0.01
(10/13 for state 9 and 14/15 for state 11). If we use the lower bound of the 95% credible
interval for the FPKM greater than 0.1 as the threshold, 20 out of the 28 TFs (71%)
associated with state 9 and 11 are expressed (10/13 for state 9 and 10/15 for state 11). For
the TFs with low or no expression, we further searched for the most similar binding motifs
using TOMTOM (Gupta et al., 2007). We found that all the TFs for the matching motifs are
expressed. Therefore, if highly similar motifs are also considered, all the identified motifs
correspond to expressed TFs.

Evaluation of Phylo-HMGP in comparsion with other methods on RT data—We
also compared Phylo-HMGP-OU with Gaussian-HMM method, GMM method, K-means
clustering method, and Phylo-HMGP-BM on the Repli-seq dataset, based on the average

Cell Syst. Author manuscript; available in PMC 2019 August 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yang et al.

Page 28

performance from 10 repeated runs of each method. We have applied each method to the RT
data for state prediction, with state number set to be 30, as estimated before. However, there
is no available ground truth for the RT data. For evaluation purpose, we constructed an
evaluation state set. Specifically, we discretized the signals of each species into 5 levels, and
identified 12 possible selected representative states (10 possible lineage-specific states and
two conserved states) from all the combinations of the 5 levels in orthologous regions across
the species. We fit a Gaussian-HMM with five hidden states independently for each species,
with each state representing a discretized level of the RT signal values. High signal values
(level 1 and 2) and low signal values (level 3 and 4) correspond to early phase and late phase
in RT, respectively. For example, human early state represents early RT only in human and
non-early RT in the other four species at the orthologous regions. The 10 possible lineage-
specific states identified from discrete levels of RT signals are human early/late, chimpanzee
early/late, orangutan early/late, gibbon early/late, and green monkey early/late, respectively.
The two identified conserved states are conserved RT early and late, respectively. The 12
selected states cover around 60% of all the orthologous regions with cross-species RT
signals. We constrained the evaluation of different methods to the regions where the 12
selected states are present. Within these regions, we used the 12 selected states as a known
partition, and evaluated the relevance of the prediction of each method to this partition, using
the evaluation metrics AMI, NMI, RI, and /; (Figure S7). As each method predicted 30
states, which is a finer partition than 12 states, the evaluation measures are generally lower
than those in the simulation studies. For example, regions in one state in the 12-state
partition may be predicted to be in different states in the 30-state partition, which affects the
F4 score by reducing the Recall and also affects the other metrics. Also, the selected states
used for comparison were estimated using predictions from Gaussian-HMM in each species,
which would favor Gaussian-HMM and GMM. The regions where 12 selected states are
present are less continuous than the whole genome regions and have weaker spatial
dependence between regions, which again would favor GMM. However, Phylo-HMGP-OU
still outperforms the other methods in each of the four evaluation metrics. Phylo-HMGP-BM
ranks second in performance. Even though the 12-state partition is not exactly ground truth,
it nevertheless demonstrates that Phylo-HMGP outperforms the other methods in the RT
data application, which is consistent with the results from the simulation studies.

Evaluation based on cis-regulatory module evolution—In addition to the real data
application on the Repli-seq data, we also applied the models to predict different states of
cis-regulatory module (CRM) evolution along the genome using features only from DNA
sequences. We focused on a recent dataset for promoters and enhancers marked by
H3K4me3 and H3K27ac in vertebrate liver cells (Villar et al., 2015). We used four species,
including human (hg19), macaque (rheMac2), marmoset (calJac3), and mouse (mm10). We
used hg19 as the reference and divide it into 5 kb bins. For each of the orthologous regions,
we used the method Cluster-Buster (Frith et al., 2003) to compute a CRM score for presence
of homotypic motif clusters within this region of the respective species, using a selected
collection of 382 position weight matrices of TF binding motifs from the JASPAR 2016 core
vertebrate motif database (Mathelier et al., 2016). We only used expressed TFs in liver cell
based on gene expression data of human liver from GSE61260 (Horvath et al., 2014). We
computed CRM sores for the 286,287 orthologous regions across the four species. We
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applied Phylo-HMGP to perform state prediction along the genome, with the state number
set to be 16.

Here we assumed that the calculated CRM scores are associated with the activities of
regulatory elements (e.g., enhancers or promoters). The ChIP-seq data, which can be used to
identify and validate the existence of regulatory elements such as enhancers or promoters,
were used to prepare benchmarks to evaluate the performance of the proposed model Phylo-
HMGP in discovering different CRM patterns across species.

We used the peak regions called from ChIP-seq data of histone modification H3K27ac and
H3K4me3 (Villar et al., 2015) to evaluate the different states estimated by Phylo-HMGP. For
enhancer-evolution associated state prediction, we segmented the reference genome into
different benchmark states based on the species-specific distribution of H3K27ac peaks. We
then compared the states predicted by Phylo-HMGP-OU with the benchmark states, in
comparison with the results from Gaussian-HMM, K-means clustering, and Phylo-HMGP-
BM. We also performed the state evaluation using the H3K4me3 dataset. The results are
shown in Figure S9. Phylo-HMGP-OU achieved the highest Rl and #; score among the
different methods in the four experiments. Although the overall accuracy of using the CRM
score for predicting enhancer/promoter activities seems not high and it remains an open
problem to more accurately predict regulatory region activities from genome sequence, our
evaluation again demonstrates the general utility and advantage of Phylo-HMGP.

DATA AND SOFTWARE AVAILABILITY

The Repli-seq dataset generated from this study is available under Gene Expression
Omnibus (GEO) accession GSE111733. The data are also available at https:/
www2.replicationdomain.com/. The source code of Phylo-HMGP can be accessed at:
https://github.com/ma-compbio/Phylo-HMGP.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Overview of the Phylo-HMGP model
(A) Example of the state space and state transition probabilities of the Phylo-HMGP model

associated with the continuous genomic data in (C). S;represents a hidden state. Each
hidden state is determined by a phylogenetic model y; which is parameterized by the
selection strengths a; Brownian motion intensities o}, and the optimal values ; of ancestor
species and observed species on the corresponding phylogenetic tree. a;, o}, and 6;are all
vectors. (B) Illustration of the Ornstein-Uhlenbeck (OU) processes along the species tree
specified in (C). X(9 represents the continuous trait at time # The trajectories of different
colors along time correspond to the evolution of the continuous trait in different lineages
specified by the corresponding colors in (C), respectively. The time points 4, b, &, and 4
represent the speciation time points, which correspond to the speciation events shown in (C).
The observations of the five species also represent an example of state S, in (C). (C)
Simplified representation of input and output of the Phylo-HMGP model. The five tracks of
continuous signals represent the observations from five species. S;represents the underlying
hidden states. Specifically, the example is the replication timing data, where “early’ and
‘late’ represent the early and late stages of replication timing, respectively. The species tree
alongside the continuous data tracks shows the evolutionary relationships among the five
species in this study. See also Figure S2, Figure S8, and Figure S9.
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Figure 2. Evaluation using simulated datasets

(A) Evaluation of Gaussian-HMM, GMM, K-means Clustering, Phylo-HMGP-BM, and
Phylo-HMGP-OU on six simulation datasets in Simulation Study I in terms of AMI

1duosnuepy Joyiny

1duosnuely Joyiny

(Adjusted Mutual Information), ARI (Adjusted Rand Index), and ~; score. (B) Evaluation of
Gaussian-HMM, GMM, K-means Clustering, Phylo-HMGP-BM, and Phylo-HMGP-OU on
six simulation datasets in Simulation Study Il in terms of AMI, ARI, and £ score. In both
(A) and (B), the standard error of the results of 10 repeated runs for each method is also
shown as the error bar. See also Table S1, Table S2, and Figure S1.
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Figure 3. RT evolution patterns identified by Phylo-HMGP
(A) Panel 1 (leftmost): Proportions of the 30 RT states on the entire genome. The RT states

are categorized into 5 groups: conserved early (E), weakly conserved early (WE), weakly
conserved late (WL), conserved late (L), and other stages (NC), respectively. Panel 2:
Patterns of the 30 states. Each row of the matrix corresponds to the state at the same row in
Panel 1, and columns are species. Each entry represents the median of the RT signals of the
corresponding species in the associated state. Panel 3: Enrichment of different types of
histone marks and CTCF binding site (higher fold change represents higher enrichment).
Panel 4: Enrichment of subcompartment Al, A2, B1, B2, and B3. (B) Four examples of RT
signal distributions in states with different patterns (State 1: E; State 5: L; State 22: WE;
State 9: NC with human-chimpanzee specific early RT). (C) Comparison of predicted RT
patterns with the constitutively early/late RT regions identified across cell types. (D)
Examples of different RT states and RT groups in five species predicted by Phylo-HMGP.
TAD:s called by the Directionality Index method are shown at the top. See also Figure S2,
Figure S3, Figure S4, Figure S5, Figure S6, and Figure S7.
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Figure 4. Comparisons between the RT evolution patterns and other genomic features
(A) Example gene ontology (GO) analysis results of state 9, state 11, and state 14. (B)

Percentages of the distances between TAD boundaries and boundaries of predicted states in
different intervals. The expected distances are calculated based on randomly shuffled TADs.
Two types of TADs from different methods are used, namely TADs called by the
Directionality Index method and TADs called by Arrowhead. (C) Transposable element
enrichment in different RT states. (D) Motif enrichment in different lineage-specific RT
states. State 9: human-chimpanzee specific early RT. State 11: human-chimpanzee-
orangutan specific early RT. State 14: orangutan specific early RT. State 18: green monkey
specific early RT. See also Figure S2, Table S3, and Table S4. The GO analysis results of
other lineage-specific RT states are included in Table S4.
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