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Abstract

Copy number variations (CNVs)—structural variations generated by deletion and/or duplication that result in a change in DNA 
dosage—are prevalent in nature. CNVs can drastically affect the phenotype of an organism and have been shown to be both 
involved in genetic disorders and be used as raw material in adaptive evolution. Unlike single-nucleotide variations, the often 
large and varied effects of CNVs on phenotype hinders our ability to infer their selective advantage based on the population 
genetics data. Here, we present a likelihood-based approach, dubbed PoMoCNV (POlymorphism-aware phylogenetic MOdel 
for CNVs), that estimates the evolutionary parameters such as mutation rates among different copy numbers and relative 
fitness loss per copy deletion at a genomic locus based on population genetics data. As a case study, we analyze the genomics 
data of 40 strains of Caenorhabditis elegans, representing four different populations. We take advantage of the data on chro
matin accessibility to interpret the mutation rate and fitness of copy numbers, as inferred by PoMoCNV, specifically in open or 
closed chromatin loci. We further test the reliability of PoMoCNV by estimating the evolutionary parameters of CNVs for mu
tation-accumulation experiments in C. elegans with varying levels of genetic drift.
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Introduction
Structural variations, i.e. genomic changes spanning more 
than 1 kilo bases (kb) have been widely recognized as a ma
jor source of genetic variability within and between species 
(Freeman et al. 2006; Conrad and Hurles 2007). Copy num
ber variations (CNVs) are a subset of structural variations 
that are specifically generated by duplication and deletion 

(Malekpour et al. 2018). Given the considerable length of 
CNVs, their effects on the phenotype, compared to single- 
nucleotide variations (SNVs), could be substantial. For ex
ample, recent studies have shown that deletions are more 
deleterious than single nucleotide variants (Hämälä et al. 
2021; Aqil et al. 2023). In fact, the ever-growing body of lit
erature on CNVs in humans has delivered a hefty catalog of 
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such variations in the human genome (Feuk et al. 2006; 
Zarrei et al. 2015) and the myriad of diseases linked to 
this group of structural changes (Dumas and Sikela 2009; 
Zhang et al. 2009; Conrad et al. 2010; Tang and Amon 
2013). Aside from such detrimental effects, the co-option 
of gene duplicates has long been regarded as a short 
path to the emergence of novel functions (Ohno 1970; 
Conant and Wolfe 2008; Ponting 2008). In that respect, 
CNVs have been shown to provide just such raw material 
for adaptive evolution in a diverse array of organisms. For 
example, the duplication of hexose transporter in 
Saccharomyces cerevisiae confers adaptive benefit (i.e. 
higher fitness) in stressful conditions (reviewed in 
Kondrashov 2012), and in humans, copy number of the sal
ivary amylase gene seems to have increased in population 
accustomed to high-starch diets (Perry et al. 2007; Yılmaz 
et al. 2023; Bolognini et al. 2024). Even in plants, CNVs ap
pear to provide crucial genetic raw material for selection dur
ing domestication (Lye and Purugganan 2019). Furthermore, 
cognitive advancements that emerged during the transition 
between the genus Australopithecus to Homo—usually at
tributed to the expansion of neocortex—can be traced 
back to the repeated duplication of SRGAP2 during the homi
nin evolution (Charrier et al. 2012; Dennis et al. 2012; 
Gómez-Robles et al. 2024).

In spite of their prevalence in nature, understanding the 
evolutionary dynamics of copy numbers (e.g. rate of 
changes and relative fitness loss) has proved a Herculean 
task. Whereas an SNV can be linked to a given biological 
function, a CNV, given its length, would more likely have 
detrimental functional impact. Deletion or duplication of a 
long genomic region will decrease or amplify the number 
of copies of genes and/or regulatory elements located on 
the affected region. Since lengthy regions cover more 
genes, such alterations could involve genes participating 
in various molecular processes and diseases (Auwerx et al. 
2024a, 2024b; Fang and Edwards 2024). For instance, 
16p11.2 BP4-5 CNVs in humans are associated with 
changes in more than forty traits, including anemia, sleep 
apnea, schizophrenia, and puberty timing (Auwerx et al. 
2024a, 2024b). Consequently, the available data on SNVs 
can be used to draw evolutionary conclusions. For example, 
it is relatively simple to link SNVs to changes in protein struc
ture across phyla to understand compensatory evolution 
(Kondrashov et al. 2002; Ivankov et al. 2014), whereas mak
ing similar evolutionary inferences with respect to CNVs is 
not straightforward. However, cases of CNVs involved in 
compensatory evolution have been reported. For instance, 
Szamecz et al. (2014) postulated that a deletion of RPL6B, 
which produces a component of 60S subunit, during an ex
periential evolution of Saccharomyces cerevisiae was com
pensated by an increase in the copy number of RPLA6A.

One widely used approach to understanding the fitness 
effects of SNVs has been to use their current frequencies in 

a population or populations, combined with a priori infor
mation on their demographic histories, i.e. population 
growth or recent bottlenecks, to infer the patterns of selec
tion in the past. This approach has been applied to the poly
morphism data in humans to infer the evolutionary 
consequences of amino acid substitutions (Williamson 
et al. 2005; Boyko et al. 2008). De Maio et al. (2013) com
bined the available genetic polymorphism data on humans 
and their great ape relatives, chimpanzees, and orangutans 
to infer their evolutionary history, i.e. fixation rate and mu
tation rate of a single base. Here, we extended their analysis 
of single base mutation to copy number mutation. The lat
ter refers to the changes in the number of copies of a gen
omics locus. We examine this by calculating the rate of 
changes as a parameter called copy number mutation 
rate. We also considered a fitness loss (S) parameter that 
quantifies the relative disadvantage caused by each copy 
deletion at a genomic locus, in comparison to a locus 
with two copies having a fitness of S2 = 1, see Table 1
and Equation (4). In this context, the fitness of genomic 
loci with homozygous and heterozygous deletions is con
sidered as S0 = 1 − 2 S and S1 = 1 − S, respectively. 
Additionally, the fitness of genomic loci with duplicated 
copies (>2 copies for diploid organisms) is given by 
S3 = 1 − 0.5 S. This formulation of fitness values is inspired 
by a recent study indicating that deletions appear to be ap
proximately four times as deleterious as duplications 
(Hujoel et al. 2022). In the above equations, the fitness of 
a locus with i copies in the genome, denoted as Si, is a func
tion of the parameter S. This simplification reduces the 
number of parameters in the model, leading to more reliable 
estimations from the available data. In this contribution, we 
propose a novel POlymorphism-aware phylogenetic MOdel 
(PoMo) for CNV datasets, dubbed PoMoCNV, which infers 
mutation rates of copy numbers and fitness associated with 
each copy number based on genomic data (see Materials 
and Methods for details).

As a case study, we applied PoMoCNV to understand the 
evolution of CNVs in Caenorhabditis elegans, as a diploid 
organism. Nevertheless, it is worth noting that the 
PoMoCNV framework is applicable to other organisms, 
whether they are haploid or polyploid. The sheer number 
of duplicated genes in C. elegans (∼ 8,971) dwarfs those 
of Saccharomyces cerevisiae (∼ 1,858) or Drosophila 
melanogaster (∼ 5,536) (Rubin et al. 2000), with an esti
mated rate of duplication of ∼ 0.02 per gene per million 
years, compared to ∼ 0.002 in D. melanogaster (Lynch 
and Conery 2000). Given such a high rate of gene duplica
tion, C. elegans has been used to study the evolutionary dy
namics of CNVs during laboratory experimental evolution. 
For example, (Konrad et al. 2018) took advantage of the 
short generation time of C. elegans—roughly 3 days 
(Wood 1988)—and followed the emergence and loss of 
duplicates in a mutation accumulation (MA) experiment 
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for ∼ 400 generations. To vary the relative strength of se
lection to genetic drift, Konrad et al. used three different 
bottleneck sizes, B = 1, B = 10, and B = 100, to propagate 
different lines in the MA experiment. The bottleneck size 
can influence the efficacy of selection by affecting the gen
etic diversity and the ability to remove deleterious muta
tions from the population. Thus, changes in bottleneck 
size can impact the strength of selection observed in these 
MA experiments. The dataset generated on the dynamics 
of the CNVs during this MA experiment, provides a perfect 
testing bed for PoMoCNV, since no speculation concerning 
the demographic history is required given the known the 

timing and the intensity of the bottlenecks, which conse
quently determines the strength of selection in each lin
eage. In addition, the available in-depth knowledge 
concerning the genome regulation in C. elegans, specifical
ly chromatin accessibility (Valouev et al. 2008; Gerstein 
et al. 2010; Evans et al. 2016; Daugherty et al. 2017), can 
be used to provide a more accurate inference of the evolu
tionary dynamics of CNVs, in open or closed chromatin loci.

Results
PoMoCNV is employed to estimate the evolutionary para
meters for three different real C. elegans datasets and 
one synthetic dataset mimicking bottlenecking processes 
in the population. The evolutionary parameters include 
rate of changes in (mutation of) copy numbers, and relative 
fitness loss (S) of every copy deletion at a genomic locus. 

i. The first dataset includes CNVs of four C. elegans popu
lations (Africa, Australia, France, and Hawaii), each con
sisting of 10 strains. Each strain represents a specific C. 
elegans individual with unique genetic characteristics 
(see Lee et al. 2021 for further details).

ii. We consider CNVs of C. elegans populations and uti
lized ATAC-seq (Assay for Transposase-Accessible 
Chromatin using sequencing) data (Jänes et al. 2018) 
to categorize chromatin into open or closed segments. 
Evolutionary rates are then estimated separately for 
the open and closed chromatin segments.

iii. We also benefited from three MA experiments with 
bottleneck sizes B = 1, B = 10, or B = 100, in C. elegans 
populations (Konrad et al. 2018). These MA experi
ments allow for copy gain and loss events under varying 
selection intensities in C. elegans.

iv. To further evaluate the reliability of parameter estima
tion, including mutation rates and relative fitness loss 
(S) per copy deletion, we generated a synthetic dataset 
involving populations undergoing bottleneck processes 
in each generation. Compared to the previous MA ex
periment in C. elegans, this simulated dataset contains 
more CNV calls, specifically enhancing the reliability of 
mutation rate estimations. See the Results section for 
further details.

CNV Evolution in C. elegans

The evolution of copy numbers is studied using DNA se
quencing data. We benefited from publicly available short 
read DNA sequencing data of C. elegans (Lee et al. 2021). 
The first step is to align reads to the reference genome 
(upper panel of Fig. 1). We aligned the short read DNA se
quences from four C. elegans populations (Africa, 
Australia, France, and Hawaii), each consisting of 10 
strains, to the N2 reference genome (WS270). CNVs are 
then inferred with CNVnator (Abyzov et al. 2011). After 

Table 1. Description of parameters and symbols.

Parameter Description

Copy 
numbers

There are four possible copy numbers (0, 1, 2, and 3) for 
a genomic locus. 0: for homozygous deletions, 1: for 
heterozygous deletions, 2: for diploid or normal 
copies, 3: for duplicated locus with more than 2 
copies.

N Number of individuals per population
State For each genomic locus, a state is uniquely defined by 

the types of copy numbers and their frequencies 
within a population of N = 10 individuals a.

i I
j J

􏼒 􏼓

For each genomic locus, this represents a state within a 
population of N individuals, where I and J are alleles 
with respective frequencies i and j. For integer 
numbers i > 0 and j > 0, satisfying the condition 
i + j = N, this configuration indicates a bi-allelic 
state.

αij Mutation (change) rate in the copy number of a 
genomic region from i copies to j copies within an 
individual per generation.

MN−

I,J The transition rate (probability) of moving from a 
mono-allelic state with N individuals, all having a 
copy number I in a genomic locus, to a bi-allelic state 
where one individual with copy number I is replaced 
by a new individual with copy number J b.

Mi−
I,J The transition rate (probability) of moving from a 

bi-allelic state with i and j = N − i individuals having 
copy numbers I and J, respectively, in a genomic 
locus, to another state where one individual with 
copy number I is replaced by a new individual with 
copy number J, in one generation c.

S This represents the relative fitness loss for each copy 
deletion of a locus. Given a fitness value of S2 = 1 for 
a locus with two copies, the fitness values for loci 
with heterozygous or homozygous deletions are 
S1 = 1 − S and S0 = 1 − 2S, respectively.

Si This represents the fitness of a locus with i copies in the 
genome, for i = 0, 1, 2, 3.

Note: a For example, it can be a mono-allelic state where all N = 10 individuals 
have copy number 2 or a bi-allelic state where 8 individuals have copy number 2 
and the others have 3 copies in the locus, such bi-allelic state is indicated by 
􏼒

8 I = 2
2 J = 3

􏼓

. b This is a transition in the PoMoCNV’s state governed by the 

mutation rate. c This is a transition in the PoMoCNV’s state governed by copy 
number frequencies and their fitness values.
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dividing the genome into nonoverlapping segments with a 
length of 1kb, copy numbers, including homozygous and 
heterozygous deletions (zero and one copy), normal (2 
copies), and duplications (more than 2 copies), are as
signed to each segment using CNV calls from CNVnator. 
Supplementary figure S1, Supplementary Material online 
displays copy number distribution for one representative 
strain from each population. While an increase in copy 

numbers of a gene could provide fitness benefits and fa
cilitate adaptation (e.g. increase in the number of cellulase 
gene in a nematode Han et al. 2022), the prevalence of 
genes with 2 copies in C. elegans suggests that, at least 
on average, copy number variations are under stabilizing 
selection (Lenormand et al. 2020).

Our proposed method, PoMoCNV, infers the mutation 
rates of copy numbers and relative fitness loss (S) per 

Fig. 1. PoMoCNV is employed to estimate fitness parameters and mutation rates between different copy numbers in C. elegans. Short reads from 10 strains of 
C. elegans for each population (Africa, France, Hawaii, and Australia) are aligned to the N2 reference genome, and used to infer copy numbers for 1kb gen
omic segments. Utilizing the phylogenetic tree of populations and estimated copy numbers, PoMoCNV infers the parameters governing CNV evolution along 
branches.

Fig. 2. The relative mutation rates and relative fitness loss per copy deletion (S) at a genomic locus, in C. elegans. a) PoMoCNV calculates relative mutation 
rates, which represent the frequency of copy number changes within a genomic segment per generation. b) PoMoCNV also estimates the relative fitness loss 
that occurs with each copy number deletion in a genomic segment.
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copy deletion at a genomic locus along branches in the 
phylogenetic tree. The relative fitness loss (S) quantifies 
the relative disadvantage caused by each copy deletion at 
a genomic locus, in comparison to a locus with two copies 
having a fitness of S2 = 1, see Table 1 and Equation (4). 
With 4 populations of 10 C. elegans strains at the leaves 
of the tree, the copy number evolution of genomic seg
ments is modeled forward in time, starting from the ances
tral population (root node) and proceeding to the 
present-day populations with a Moran birth–death model 
(Moran 1962; Nowak et al. 2004). In each generation for
ward in time, one strain is selected to reproduce and trans
mit its allele (copy number) to an offspring, while another 
strain is selected, and its allele is removed from the popula
tion. In PoMoCNV, the likelihood of this birth–death pro
cess is modeled per genomic segment, taking into 
account the allele fitness and frequencies. For more compu
tational details see Materials and Methods section.

We assessed the robustness of the estimated parameters 
by utilizing 100 bootstrap samples from genomic seg
ments. Figure 2a presents boxplots depicting the estimated 
mutation rates between copy numbers across 100 boot
strap samples. As Fig. 2a illustrates, mutations from each 
copy number to other copies—immediately higher or lower 
than the original copy—exhibit the highest rates. For in
stance, mutations from copy number 1 predominantly oc
cur to copy number 0 or 2, from copy number 2 to 1 or 
3, and from copy number 3 to 2 or 1. Furthermore, muta
tions leading to higher copy numbers exhibit higher rates, 
such as α12 > α10, α23 > α21, and α32 > α31. This preference 
for copy gains is likely driven by the potential benefits asso
ciated with increased gene dosage, while copy losses are 
generally more detrimental to the organism (Sung et al. 
2016; Chunduri et al. 2022; Gonzalez et al. 2019). This ob
servation is in line with the estimates of gene duplication 
rate across the Tree of Life based on comparative analyses 
(Katju and Bergthorsson 2013). Additionally, direct mea
surements in the MA experiment in C. elegans under vary
ing selective regimes indicate a gene duplication rate of 
2.9 x 10−5 per gene per generation, and a deletion rate of 
5 x 10−6 per gene per generation (Konrad et al. 2018). 
The frequency of duplication is expected to be higher 
than deletion since the latter is assumed to be under stron
ger purifying selection in exonic and intronic regions, 
probably since a deletion can disrupt the gene itself or its 
splicing, resulting in loss of function (Conrad et al. 2006; 
Redon et al. 2006). Figure 2b illustrates the distribution of 
the relative fitness loss (S) per copy deletion (calculated 
using 100 bootstrap samples of genomic segments). The 
plot reveals that the first quartile (Q1) and third quartile 
(Q3) of the relative fitness loss fall within the interval of 
(0.36, 0.364). The tight clustering of the data points within 
this interval indicates a low variability in the relative fitness 
loss, reinforcing the robustness of the observed trend.

CNV Evolution in Open and Closed Chromatin Segments

Understanding the CNV evolution in open (accessible) and 
closed (less accessible) chromatin segments is important in 
genomics research. The chromatin state of a gene regula
tory segment, whether it is open or closed, plays a crucial 
role in regulating gene expression (Miyamoto et al. 2018; 
Yoshida et al. 2019; Wong et al. 2023) and determining 
the functional consequences of CNVs. Then, investigating 
the CNV evolution specifically in open and closed chroma
tin segments, (i) furthers our insights into the dynamics of 
genomic changes, which involves factors such as mutation 
between different copy numbers and relative fitness loss for 
each copy deletion at a genomic locus, and their impact on 
gene regulation, (ii) sheds light on the interplay between 
genetic and epigenetic factors (Shi et al. 2020), (iii) paves 
the way for elucidating the underlying mechanisms driving 
CNV formation and selection, providing valuable informa
tion for understanding the genetic basis of diseases and 
the evolutionary processes shaping genomic diversity.

For this purpose, we utilized ATAC-seq data to identify 
the open and closed chromatin regions (Daugherty et al. 
2017; Jänes et al. 2018; Thibodeau et al. 2021). The 
ATAC-seq peak data from C. elegans (Jänes et al. 2018), in
cludes 42,245 regions of high chromatin accessibility. 
Collectively, these peaks cover approximately 6.4% of the 
C. elegans (N2) genome. In order to investigate the evolu
tion of copy numbers in open and closed regions, the N2 
reference genome, comprising approximately 100.3 million 
bps, is partitioned into genomic loci with a length of 50 bps. 
In African strains, the average copy numbers for open and 
closed chromatin loci were 1.99 and 1.93, respectively, and 
the difference between them is statistically significant 
(Wilcoxon rank-sum test, P-value <2.2e − 16). Similarly, 
the copy number in the other three populations of 
France, Australia, and Hawaii was significantly higher in 
the open chromatin loci than in the closed loci. Figure 3 il
lustrates how copy numbers are distributed among chro
matin loci in African strains. This indicates that open 
chromatin loci harbor a lower proportion of deletions 
(both homozygous and heterozygous) but a higher propor
tion of duplications compared to closed chromatin loci. 
Moreover, multiallelic variants are more likely to be present 
in closed chromatin loci, whereas mono-allelic variants are 
more prevalent in open chromatin loci. In open chromatin 
loci, the percentages of mono-, bi-, and three-allelic var
iants are 42.4%, 52.4%, and 5.1%, respectively, while in 
closed chromatin loci, the percentages are 39.9%, 52.3%, 
and 7.8%. As expected, the majority of mono-allelic var
iants in open or closed loci have a copy number of 2. The 
percentages of the three-allelic variants in open and closed 
chromatin loci (5.1%, 7.8%) were significantly different 
(Two-sample proportions test, P-value <2.2e − 16). These 
disparities in average copy numbers or percentages of 
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multi-allelic variants reflect the differential selection pres
sures acting on open and closed chromatin loci. Copy losses 
in open chromatin loci can have significant impacts on 
genome functionalities, intensifying selection pressure to 
eliminate such variants.

Among all loci, around 7% exhibit multi-allelic character
istics, with more than two possible alleles (copy numbers) 
observed among N=10 individuals in at least one popula
tion of C. elegans strains from Africa, Australia, France, 
and Hawaii. Subsequent analysis focused on the remaining 
1,902,566 segments, which were found to be either 
mono- or bi-allelic across all populations. These loci were 
further classified into two groups based on their overlap 
with 42,245 regions of high chromatin accessibility. 
Specifically, 120,562 loci were located in regions of high 
chromatin accessibility (open), while the remaining 
1,782,004 loci were situated in regions of low chromatin 

accessibility (closed). Next, we have taken 100 bootstrap 
samples from the open and closed chromatin segments 
to examine the evolution of CNVs in each segment. In 
each bootstrap repeat, we sampled a total of 1,902,566 
loci. Subsequently, these loci were divided into open and 
closed classes, which were used separately for estimating 
mutation rates and assessing the fitness of copy numbers 
within each class. Figure 4 shows the boxplots for the mu
tation rates and fitness parameters estimated using 
PoMoCNV, specifically for the open and closed chromatin 
segments. The observations presented in Fig. 4a indicate 
that open chromatin segments (depicted in blue) exhibit 
higher mutation rates with increased copy numbers com
pared to closed chromatin segments (depicted in red). 
Specifically, the values of α12, α23, and α32 are higher for 
open segments in comparison to the closed segments. 
Conversely, open chromatin segments (blue) demonstrate 
lower mutation rates with decreased copy numbers com
pared to closed chromatin segments (red). In this case, 
the values of α10, α21, and α31 are lower for open segments 
relative to the closed segments. Additionally, as depicted in 
Fig. 4b, the relative fitness loss (S) per copy deletion is not
ably higher for the open chromatin segments compared to 
the closed segments. According to the Wilcoxon rank sum 
test, the difference in the relative fitness loss per copy dele
tion between open and closed segments is statistically sig
nificant at the alpha = 0.05 level.

It is important to note that the majority of functional seg
ments, such as enhancers and promoters, primarily reside 
within the open chromatin segments (Ernst and Kellis 
2010, 2012; Thurman et al. 2012; Denny et al. 2016; 
Cusanovich et al. 2018; Klemm et al. 2019). These func
tional segments play a crucial role in transcriptional regula
tion by acting as binding sites for Transcription Factors (TFs). 
Specifically, TFs facilitate the spatial proximity between en
hancers and promoters, enabling the precise regulation of 
downstream genes in the 3D genomic landscape (Pliner 
et al. 2018; Luo et al. 2022). Consequently, any loss of 
copy numbers within these open chromatin segments can 
have a more profound impact on the genome. These copy 
losses in functional segments disrupt the intricate regulatory 
interactions and can lead to significant impairments in gene 
expression, potentially resulting in more severe conse
quences for genomic stability and overall functionality.

CNV Evolution in the C. elegans Data with Distinct 
Bottleneck Sizes

The performance of PoMoCNV is further assessed in CNV 
datasets from a recent study (Konrad et al. 2018), in which 
a mutation accumulation (MA) framework was employed 
to investigate the emergence rate of gene CNVs under vary
ing selection intensities in C. elegans. These MA lines were 
derived from a single hermaphrodite ancestor (N2). In each 

Fig. 3. Distribution of copy number percentage for African strains stratified 
by type (Homozygous/heterozygous deletion, diploid and duplication). In 
open loci, duplication (copy gains) are more frequent, while deletion 
(copy losses) are less frequent, compared to closed chromatin loci in 
C. elegans.
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generation, a bottlenecking process was implemented, re
sulting in a reduced population size of either B = 1, B = 10, 
or B = 100 hermaphrodites. Specifically, only one, ten, or 
one hundred hermaphrodites were selected to reproduce 
and pass on their genetic information to the next gener
ation, creating the MA lines B = 1, B = 10, or B = 100. 
After repeating this bottlenecking process for over 400 
generations, 18, 40, and 25 descendant individuals from 
the final generations of each MA line were selected for per
forming oaCGH (oligonucleotide array comparative gen
ome hybridization) experiments. The aim of these 
experiments was to assess the presence of copy gains and 
losses in genomic segments under neutrality (B = 1) and 
with increasing selection intensity (B = 10, B = 100). 
These experiments provide a controlled setting where the 
selection strengths are already known, offering a bench
mark against which we can evaluate the performance of 
our method in inferring selection strengths. C. elegans indi
viduals from each bottleneck size were clustered based on 
similarities in their copy number patterns using Ward’s 
method and the heatmap.2 package in R. Supplementary 
figure S2, Supplementary Material online displays the heat
maps showing copy numbers in genomic segments with 
CNVs and the dendrograms representing similarities 
among C. elegans individuals from each bottleneck size. 
In supplementary figure S2, Supplementary Material online, 
individuals with similar copy gain or copy loss patterns are 
closer to each other in the dendrogram.

The C. elegans individuals from each bottleneck size 
were further divided into four populations, each consisting 
of five individuals with similar copy gain or loss patterns 
based on Ward’s clustering results. Out of the 25 available 
individuals for the B = 100 MA line, we utilized a subset 
of 20 individuals in each bootstrap repeat for our 
PoMoCNV analysis. This approach allows us to assess 
how PoMoCNV handles the inclusion or exclusion of a 
few individuals within each bootstrap repeat, thus evaluat
ing its robustness. In bottleneck sizes B = 10 and B = 100, 
there are no common individuals among the four popula
tions. However, in B = 1 with 18 individuals, two individuals 
are shared between two populations to create four popula
tions of size five. The grouping of C. elegans individuals into 
four populations for each B serves the purpose of facilitat
ing the estimation of evolutionary parameters, such as mu
tation rates, within PoMoCNV. PoMoCNV relies on the 
populations to trace their evolutionary relationships back 
to their ancestors, allowing for the inference of how copy 
numbers have changed over time. Additionally, individuals 
within each population are expected to exhibit greater simi
larity to one another compared to individuals from different 
populations, aiding in the analysis of evolutionary dynamics 
within and between populations.

To assess the sensitivity of the results to the C. elegans 
individuals included in the constructed populations, we per
formed 100 bootstrap repeats to sample similar individuals 
using Ward’s score and assigned them to the same 

Fig. 4. The relative mutation rates and relative fitness loss (S) per copy deletion in open and closed genomic segments in C. elegans. PoMoCNV calculates the 
relative mutation rates a) and estimates the relative fitness loss resulting from each copy deletion in both open and closed segments b).
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population. For each bottleneck size (B = 1, B = 10, 
B = 100), we used PoMoCNV to estimate the relative fitness 
loss (S) per copy deletion from each bootstrap repeat with 
four populations of five C. elegans individuals. Due to the 
limited number of CNVs observed in the MA experiments 
with bottleneck sizes B = 1, B = 10, and B = 100, specifical
ly with 41, 28, and 14 duplication calls, and 39, 16, and 13 
deletion calls shared among the sampled C. elegans indivi
duals, the estimation of mutation rates between different 
copy numbers is not reported for this dataset. Figure 5 pre
sents boxplots illustrating the relative fitness loss per copy 
deletion for B = 1, B = 10, and B = 100, showing that these 
estimates statistically differ among bottleneck sizes based 
on the Wilcoxon rank sum test. Here, S shows how much 
a deletion, given the CNVs in a population, would negative
ly affect the fitness relative to a diploid genotype (two cop
ies). Also, a genotype with two deletions has 2S lower 

fitness relative to a diploid genotype. Note that these gen
otypes have nonzero absolute fitness. For B = 1, in the ab
sence of purifying selection, more CNVs are observed in the 
final population, which, on average, have a more negative 
effect on fitness. In comparison, under the B=100 regime, 
fewer copy gains and losses are observed, indicating strong 
selection. Consequently, a lower S is inferred for B=100.

CNV Evolution in the Synthetic Data

In PoMoCNV, the transition probabilities from mono-allelic 
or bi-allelic genomic loci are influenced by distinct mechan
isms. At a mono-allelic genomic locus where all individuals 
carry allele (copy number) I, a transition to a bi-allelic locus 
with alleles I and J can occur within a single generation 
through a mutation (change) in the copy number of the lo
cus. Conversely, transitions from a bi-allelic state with al
leles I and J depend on the allele fitness and their 
frequencies. See full details in the Materials and Methods 
section. Then, through temporal disentanglement of the ef
fects of copy number mutations and selection events, the 
PoMoCNV pipeline is capable of estimating pertinent para
meters without confounding them. To further evaluate the 
effectiveness of this strategy in estimating copy-number 
mutation rates and the impact on relative fitness loss (S) 
from each copy deletion, we simulated a dataset of popula
tions that evolved under different bottleneck sizes.

The procedure for generating the synthetic data is de
scribed in full detail in the Materials and Methods section. 
We have simulated datasets considering two bottleneck 
sizes, B = 1,000 and B = 3,000, for a total of L = 10,000 
genes. In the simulation, we considered pdup = 0.01 and 
pdel = 0.005 as the probabilities of copy duplication and de
letion for each locus, in each generation, see Materials and 
Methods for details. We utilized PoMoCNV to estimate mu
tation rates and relative fitness loss (S) per copy deletion for 
these two bottleneck sizes, with 100 bootstrap repeats. 
Figure 6a shows the estimated mutation rates and relative 
fitness loss (S) for each copy deletion for B = 1,000. 
Figure 6b illustrates the relative fitness loss (S) in a popula
tion characterized by a larger bottleneck size of B = 3,000. 
Overall, Fig. 6 demonstrates that the estimated mutation 
rates remain consistent with the findings from previous sec
tions. Furthermore, when the population undergoes less 
stringent bottleneck sizes with B = 3,000 compared to 
B = 1,000, the relative fitness loss per copy deletion is 
skewed towards lower values. Indeed, a less stringent 
bottleneck size results in higher fitness and selection rates 
for copy number gains and losses in genomic segments.

Discussion
It is generally assumed that the Dynamics of CNVs in popu
lations, mirroring that of SNVs, is shaped by genetic drift 
and demographic history, as well as selection (Coop et al. 

Fig. 5. The relative fitness loss per copy deletion (S) estimated with 
PoMoCNV for three C. elegans datasets with bottleneck sizes B = 1, 
B = 10, and B = 100. For the B = 1 line, in the absence of selection, 
more CNVs are observed in the population evolved over 400 generations, 
which could negatively impact its fitness. PoMoCNV correctly inferred 
S = 1, indicating a higher fitness loss for the B = 1 line, as expected, 
when compared to the B = 10 and B = 100 lines. Increasing B corresponds 
to stronger purifying selection, resulting in fewer CNVs in the population 
evolved under these regimes and, consequently, lower inferred values of 
S. Estimations were performed using 100 bootstrap repeats, dividing C. 
elegans individuals into four populations of size five for each bottleneck 
size. Individuals within each population share similarities in copy gains 
and losses compared to the N2 reference genome.
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Fig. 6. Parameter estimation for two bottleneck sizes, B = 1,000 and B = 3,000, on simulated data. (a) Estimated mutation rates and relative fitness loss (S) 
per copy deletion for B = 1,000. (b) Estimated relative fitness loss (S) for B = 3,000. Mutation rate and relative fitness loss estimates under varying bottleneck 
sizes align with previous findings, affirming PoMoCNV’s reliability in estimating both parameters without confounding them.

Fig. 7. Pipeline for PoMoCNV (POlymorphism-aware phylogenetic MOdel (PoMo) for CNV). a) The copy numbers (alleles) of N = 10 individuals from four 
C. elegans populations are displayed along the phylogenetic tree for a specific genomic segment. b) Each genomic segment within each C. elegans population 
is associated with a PoMoCNV state based on the copy number distribution. c) In mono-allelic states, such as at the root node of edge ⋆, where only one copy 
number exists in a population, PoMoCNV utilizes a mutation rate (α) to introduce a new allele (copy number) resulting in a potential bi-allelic population at the 
inner nodes of the phylogenetic tree. d) In bi-allelic states, such as at the root node of edge ⋆⋆, which include distinct copy numbers within a population, 
PoMoCNV utilizes a Moran model with a state transition rate matrix (MN) to simulate forward movement between different states over time. e) The Felsenstein 
pruning algorithm is utilized by PoMoCNV to aggregate the likelihoods across all potential states at the inner nodes. This allows for the estimation of the most 
probable fitness and mutation rate associated with copy numbers.
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2009; Hollox et al. 2022). In addition, given the large dis
ruptive effects of structural variations on phenotype, 
CNVs are expected to be nonuniformly distributed across 
the genome and lay away from functional segments 
(Conrad and Hurles 2007). The distribution of CNVs in 
the human genome seemingly abides by these expectations 
(Sudmant et al. 2015). However, the pattern of CNV distri
bution does vary from species to species. For example, an 
analysis of CNVs in two dairy cattle breeds showed a higher 
overlap between segments of CNVs and genes than ex
pected (Lee et al. 2020).

The fundamental obstacle to a thorough and satisfying 
evolutionary account of CNVs in a given species is the pleth
ora of mechanisms—i.e. retrotransposons, nonallelic 
homologous recombination, and nonhomologous end 
joining—that can result in CNVs of different sizes and func
tions. Our knowledge of demographic history of a lineage, 
which inevitably leaves its fingerprints on the frequency of 
CNVs, is generally based on a speculated ancestral state 
that is the result of comparison with a related lineage 
(Conrad and Hurles 2007). Odd copy numbers typically 
arise from events like unequal crossovers, deletions, and 
duplications, which are influenced by the genetic architec
ture and reproductive strategies of the organism. In selfing 
organisms like C. elegans, where individuals can reproduce 
asexually, reduced genetic recombination and other inher
ent mechanisms of self-fertilization can lead to the loss of 
genetic diversity (Barrett et al. 2014; Greer et al. 2022) 
and increased homozygosity. Furthermore, the genetic bottle
neck associated with selfing can lead to the fixation of certain 
alleles. Then, selfing may reduce the probability of observing 
odd copy numbers, impacting the genomic landscape and 
evolutionary trajectories within such organisms.

PoMoCNV is an attempt to infer aspects of the evolution
ary dynamics of CNVs from population genomic data. In the 
case study of the MA experiment on C. elegans (Konrad 
et al. 2018), given the known ancestral state and varying le
vels of genetic drift, imposed via varying the bottleneck size 
in the experiment, enabled us to comprehensively examine 
the ability of PoMoCNV to infer the selective values of CNVs 
in contrast to our expectation. Based on the available data 
on chromatin accessibility in C. elegans, PoMoCNV indi
cates that CNVs tend to emerge, propagate, and contract 
more easily in closed chromatin regions. Moreover, the 
change in copy number in these regions, which are less 
rich in functional elements, appears to have a comparative
ly less detrimental effect than CNVs occurring in open chro
matin regions. In addition, the fitness effects of CNVs, as 
inferred by PoMoCNV, reflect the interplay between selec
tion and drift, that is, the inferred negative effects of CNVs 
on fitness decreases in concert with the increase in popula
tion size, and consequently the increase in the efficacy of 
natural selection.

Materials and Methods
In this study, we model the evolution of CNVs along a phylo
genetic tree relating populations of individuals. For each in
dividual, the model considers four possible copy numbers for 
a genomic locus including homozygous deletion, heterozy
gous deletion, normal (two copies for diploid organisms), 
and duplication. We also assume that there exist a maximum 
of two distinct alleles (representing copy numbers) for each 
locus in a population of N individuals. Here, we trace the evo
lution of copy numbers forward in time.

We consider two parameters to investigate the evolu
tionary dynamics of copy numbers, (i) mutation rates be
tween alleles (copy numbers), and (ii) fitness coefficient 
associated with each allele, indicating the relative advan
tage or disadvantage of a specific copy number at a genom
ic locus for the organism, see Equation (4) and Table 1. The 
mutation rate refers to the probability of a change in the 
copy number of a genomic locus of an individual in a single 
generation. For instance, the mutation rate can specify the 
chance that a normal locus (with two copies) duplicates, re
sulting in three copies. Such a mutation can serve as a driv
ing force to introduce a new allele in a mono-allelic 
population, leading to a transition to a bi-allelic population, 
at this locus (see Equation (1)). However, changes in the fre
quency of alleles in a bi-allelic population are influenced by 
the frequencies of each allele and their respective fitness va
lues following the Moran framework (see Equations (2) and 
(3)). In the Moran framework (Moran 1962; Nowak et al. 
2004), the population evolves via a stochastic birth–death 
process for each genomic locus forward in time. In such a 
process, at each time step, one individual is selected to re
produce and transmit all its copies (allele) to an offspring. 
Concurrently, another individual is randomly chosen to 
die and be removed from the population. For each genomic 
locus, the reproducing and dying individuals each have 
their defined copy numbers. This cycle of reproduction 
and death, in combination with fitness values, allows the 
copy numbers to evolve over generations, as individuals 
with different copy number profiles are chosen to pass on 
their genetic material or die out in each time step.

In summary, in our model, the transition from a mono- 
allelic to a bi-allelic state results solely from mutation, 
without involvement of selection. Conversely, alterations 
in allele frequencies within a bi-allelic state are solely influ
enced by selection. Therefore, we consider a temporal sep
aration between mutation and selection events that act on 
the mono-allelic and bi-allelic loci within a population, en
abling a more reliable estimation of mutation rate and 
copy number fitness without confounding them. This inte
grative approach advances existing literature which has 
largely focused on sequence features like SNVs and their 
frequencies in a population in isolation. It will help address 
long-standing questions regarding CNV evolutionary roles, 
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including whether they serve as reservoirs of functional 
variation or transient neutral changes. Overall, this research 
exemplifies how modeling the interplay between selection 
and copy number changes can further our understanding 
of genome evolution. By leveraging information on 
population-level allele (copy number) frequencies in differ
ent present-day populations/species, our model aims to dis
entangle the relative contributions of selection and 
mutation in driving observed CNV patterns.

States for Copy Number Frequencies

We assume that the phylogenetic tree of the populations or 
species is known and we use the Moran model (Nowak 
2006; De Maio et al. 2013) to estimate the evolution of al
leles (copy numbers) along branches in a phylogenetic tree. 
The modeling process of PoMoCNV is depicted in Fig. 7 for 
a single genomic locus (e.g. gene), with p = 4 populations 
represented as four leaves of the tree. Each population in
cludes N = 10 diploid individuals (C. elegans strains), 
Fig. 7a. For each individual, the model considers four possible 
alleles (copy numbers) that a gene or genomic segment can 
adopt—homozygous and heterozygous deletions, normal, 
and duplication—which are denoting copy numbers 0, 1, 2 
and 3, respectively. See Table 1 for definitions.

Figure 7b demonstrates how PoMoCNV defines a state. 
It considers the allele types and their frequencies within 
each population for a single genomic segment. For in
stance, in population II, we have a mono-allelic state in 
which all 10 individuals have allele 2 (two copies). 
However, in population I, 4 individuals carry allele 2 and 6 
individuals carry allele 3, resulting in a bi-allelic state. Our 
modeling enforces that at each genomic segment, up to 
two alleles are allowed in a population. The possible alleles 
are denoted with I and J, representing the four copy num
bers 0, 1, 2 and 3. In Table 1, a state is uniquely defined by 

the allele frequency distribution denoted by 
i I

N − i J

􏼒 􏼓

, 

where i and N − i refer to the counts of alleles I and J, re
spectively, in the population of N individuals. This allows re
presentation of all possible allele configurations ranging 

from mono-allelic states with all I as 
N I
0 J

􏼒 􏼓

, or with all J 

as 
0 I
N J

􏼒 􏼓

. The intermediate bi-allelic states can be as 

1 I
N − 1 J

􏼒 􏼓

, 
2 I

N − 2 J

􏼒 􏼓

, …, 
N − 1 I

1 J

􏼒 􏼓

. For a popula

tion with N = 10 diploid individuals and four possible allele 
types, there are a total of 4 + 6 × (N − 1) = 58 distinct allele 
frequency states, encompassing the spectrum from mono- 
to bi-allelic loci. More precisely, there are four possible 
mono-allelic states where all N = 10 individuals can have 
0, 1, 2, or 3 copies in their locus. In bi-allelic states, there 
can be six allele (copy number) combinations: {0, 1}, 

{0, 2}, {0, 3}, {1, 2}, {1, 3}, and {2, 3}, at a locus. For 
each combination, such as {0, 1}, among N = 10 indivi

duals, the possible bi-allelic states are 
1 I = 0
9 J = 1

􏼒 􏼓

, 

2 I = 0
8 J = 1

􏼒 􏼓

,…, or 
9 I = 0
1 J = 1

􏼒 􏼓

, in a bi-allelic locus.

Transition Probabilities

By tracking transitions between frequency states over genera
tions, we can estimate key parameters such as mutation rates 
of copy numbers and relative fitness loss per copy deletion at a 
genomic locus that govern the transition and selection pro
cesses affecting copy number variation. This analysis specific
ally focuses on copy number variation at the genomic 
segment within the branches of the phylogenetic tree that 
connects different populations. The transition from a mono- 
allelic state to a bi-allelic state can occur through the introduc
tion of a new copy number in the population, which arises 
from a mutation event, specifically, a change in the copy num
ber of a locus. Specifically, Equation (1) shows MN−

I,J , which is 
the probability of transitioning from a mono-allelic state 

N I
0 J

􏼒 􏼓

(where all N individuals have a copy number of I), 

to a bi-allelic state 
N − 1 I

1 J

􏼒 􏼓

(characterized by copy num

bers I and J, where the frequencies are {N − 1, 1}).

MN−

I,J = N × αIJ (1) 

where αIJ represents the mutation rate of an individual with 
copy number I to copy number J within a single generation 
(see Table 1).

Consider a bi-allelic genomic segment with copy numbers 
I and J which are present in the population, the Moran model 
allows calculation of transition probabilities between allele 
frequency states. Specifically, the probability of transitioning 

from state 
i I

N − i J

􏼒 􏼓

to 
i + 1 I

N − i − 1 J

􏼒 􏼓

in one generation 

is denoted as Mi+
I,J and is given by the following equation, for 

details see (De Maio et al. 2013; Alexandre et al. 2025).

Mi+
I,J =

N − i
N

×
i(1 + SI − SJ)

i(1 + SI − SJ) + N − i
(2) 

In this formulation, N−i
N represents the probability of randomly 

selecting an individual with allele J to die, while the term 
i(1+SI−SJ )

i(1+SI−SJ )+N−i gives the probability of choosing an individual 

with allele I to reproduce. The formulation of reproduction 
probability in Equation (2) considers the frequencies i and 
N − i, along with the fitness values SI and SJ, of alleles I 
and J at a bi-allelic locus in a population of N individuals. 
Also, SI is the relative advantage or disadvantage of copy 
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number I at a genomic locus for the organism, see Equation 
(4) and Table 1. The intuition behind the above formulation is 
that when the fitness values are equal (SI = SJ), it simplifies to 
i/N, showing that selection of individuals with allele I for 
reproduction is solely based on its frequency i among N indi
viduals. However, if allele I has a fitness advantage over allele 
J (SI > SJ), its frequency i is adjusted by a factor of (1 + SI − SJ) 
to enhance its selection for reproduction, and conversely for 
SI < SJ. Similarly, the reverse transition probability Mi−

I,J from 

state 
i I

N − i J

􏼒 􏼓

to 
i − 1 I

N − i + 1 J

􏼒 􏼓

is:

M i−
I,J =

i
N

×
N − i

i(1 + SI − SJ) + N − i
(3) 

These transition probabilities depend on both the current 
allele frequencies i and j, as well as the relative fitness values 
SI and SJ associated with each allele. The fitness of copy num
bers are considered as:

S0 = 1 − 2S, S1 = 1 − S, S2 = 1,

S3 = 1 − 0.5S
(4) 

In this formulation, we designate genomic segments with 
normal copies (copy number=2 for diploid organism) as a 

reference, assigning them a fitness value of S2 = 1 (See 
Table 1). The relative fitness loss (S) parameter quantifies 
the relative disadvantage caused by each copy deletion at a 
genomic locus, in comparison to a locus with two copies hav
ing a fitness of S2 = 1. It should be noted that we assume 
genotypes to have nonzero absolute fitness since changes 
in copy numbers affect the fitness of a given genotype pro
portion to S, relative to the diploid genotype (with two cop
ies). In Equation (4), the relative fitness loss for homozygous 
and heterozygous deletions (corresponding to 2-copy and 
1-copy deletions, respectively) is set at 2S and S. 
Additionally, each copy gain incurs a relative fitness loss of 
0.5S, making a homozygous deletion four times more dele
terious than a copy gain. We then applied a gradual increase 
in relative fitness loss per copy deletion to reflect the varying 
impact of different copy number alterations on fitness based 
on the literature (Schrider and Hahn 2010; Sung et al. 2016; 
Gonzalez et al. 2019; Chunduri et al. 2022). This modeling is 
also inspired by a recent study indicating that deletions ap
pear to be approximately four times as deleterious as duplica
tions (Hujoel et al. 2022). For example, spinal muscular 
atrophy (SMA) is caused by homozygous deletion of SMN1 
(Lefebvre et al. 1995), and individuals with the mildest form 
of SMA often possess three or more copies of SMN2 

Fig. 8. Triplets (codons) for encoding PoMoCNV states. a) Copy numbers for five genomic loci are depicted across four populations, with N = 10 individuals 
per population. It is assumed that the phylogenetic tree representing the evolutionary relationships among populations is known. b) Triplets (codons) are used 
to encode the PoMoCNV states. For instance, in locus 1, the frequencies of copy numbers among 10 individuals in each population uniquely define a state 
within PoMoCNV, linked to a corresponding triplet. c) The phylogenetic tree of the four populations, along with the PoMoCNV states, is encoded in Newick 
and triplets-encoded FASTA files. These files are input into PoMoCNV. d) PoMoCNV utilizes the HyPhy package to fit a maximum likelihood evolutionary model 
to the triplet-encoded data. This process estimates parameters of mutation rate and relative fitness loss per copy deletion within the transition matrix.
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(Feldkötter et al. 2002; Mailman et al. 2002), enabling their 
survival into adulthood. Moreover, homozygous deletions ex
hibit a higher rate of occurrence within genomic regions 
characterized by a lower gene density, compared to other 
types of genetic variations (Girirajan et al. 2011). In other 
complex diseases such as autism, schizophrenia, bipolar dis
order, amyotrophic lateral sclerosis, attention deficit hyper
activity disorder (ADHD), and Tourette syndrome, large 
deletions play a crucial role (Girirajan et al. 2011). In indivi
duals experiencing developmental delay, the occurrence of 
deletions is more prevalent compared to reciprocal duplica
tions (Girirajan et al. 2011). However, copy gains still impose 
a burden on the genome by increasing its size. Consequently, 
genomic segments with copy gains will exhibit lower fitness 
compared to segments with normal copies (Simon-Loriere 
and Holmes 2013).

Figure 7c and d demonstrates how transitions between 
distinct states can occur forward in time across generations. 
At the root node of edge ⋆, as depicted in Fig. 7e, the tran
sition from a mono-allelic locus to a bi-allelic locus within a 
single generation necessitates a mutation in the copy num
ber of an individual carrying allele 2. This mutation intro
duces a new allele type (such as copy number 3 in this 

case) to the population. The rate of this mutation is denoted 
as α23. In a bi-allelic state like that at the root node of edge 
⋆⋆, the transition to a state with a change in allele 2 fre
quency is determined by the fitness parameters S2 and S3 

of alleles 2 and 3, along with their frequencies. Moving for
ward in time, the transitions from bi-allelic states in other 
generations are influenced by the selection process (see 
Fig. 7c and d). The parameters (mutation rates and relative 
fitness loss (S) per copy deletion) that impact the transitions 
between different states are illustrated in Fig. 7e.

Equation (5) shows a subset of the transition matrix (MN) 
for different mono-allelic and bi-allelic states, consisting of 
alleles I and J, e.g. I = 0 and J = 1. In this matrix, the rows 
represent the original states, and the columns represent 
the possible states reached in a single generation. Here, 
the last row illustrates the transition from a mono-allelic 
state with allele I to a state where one locus is mutated to 
allele J in the next generation, governed by the mutation 
rate αIJ (Equation (1)). However, other rows illustrate the 
transitions originating from a bi-allelic locus and are gov
erned by the allele frequencies and their fitness values, as 
shown in Equations (2), and (3).

Then, in our framework, mutation solely operates on the 
mono-allelic loci, and mutation events lead to the transition 
from mono-allelic to bi-allelic loci in one generation. Upon 
the emergence of bi-allelic locus, selection acts to either re
tain or eliminate the mutated locus from the population. In 
other words, transitions originating from bi-allelic loci are 
shaped by selection events that factor in allele frequencies 
and fitness values. By introducing this temporal separation, 
we aim to disentangle the effects of mutation and selec
tion, allowing us to effectively estimate both mutation 
rate and fitness parameters.

The final stage in formulating our model involves the 
conversion of the discrete-time Markov chain (measured 
in generations) into a continuous-time framework. A 
continuous-time Markov chain is characterized by its in
stantaneous rate matrix QN. For our continuous-time pro
cess, we define the instantaneous rate matrix as 
QN := N(MN − I), where I represents the identity matrix 
(for details see De Maio et al. 2013). Consequently, the 
transition probabilities at coalescent time t/N are expressed 
as P(t/N) = eQN (t/N), where t denotes the virtual generation 
count, now permitting noninteger values.

MN

0 I

N J

􏼒 􏼓
1 I

N − 1 J

􏼒 􏼓
2 I

N − 2 J

􏼒 􏼓
3 I

N − 3 J

􏼒 􏼓

. . .
N − 2 I

2 J

􏼒 􏼓
N − 1 I

1 J

􏼒 􏼓
N I

0 J

􏼒 􏼓

=

1 I

N − 1 J

􏼒 􏼓

2 I

N − 2 J

􏼒 􏼓

3 I

N − 3 J

􏼒 􏼓

. . .

N − 1 I

1 J

􏼒 􏼓

N I

0 J

􏼒 􏼓

M1−

I,J ⋆ M1+

I,J

M2−

I,J ⋆ M2+

I,J

M3−

I,J ⋆ M3+

I,J

. . .

MN−1−

I,J ⋆ MN−1+

I,J

MN−

I,J ⋆

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

(5)  
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Encoding States and Phylogenetic Tree

The PoMoCNV states are represented using three letters 
(triplet, which is called a codon in the core software). For 
N = 10, we utilized 58 triplets to encode states corre
sponding to distinct allele frequency patterns per genomic 
locus for a population. In Fig. 8, the encoding process is 
detailed. Figure 8a illustrates the copy numbers of N = 
10 individuals from each population across five genomic 
loci and four populations, assuming a known phylogenetic 
tree representing their evolutionary relationships. In each 
population, copy number frequencies uniquely define a 
state in PoMoCNV, which is encoded with the correspond
ing triplet (Fig. 8b). PoMoCNV states across all genomic 
loci are encoded with a sequence of triplets for each popu
lation (Fig. 8c). Inputs into PoMoCNV are (1) the phylogen
etic tree of populations defined in Newick format, (2) the 
triplet sequences encoding states, in FASTA format, and 
(3) the transition matrix (MN), its mutation rate and fitness 
parameters (Fig. 8c).

PoMoCNV utilizes the HyPhy package (Pond et al. 2004), 
for conducting maximum likelihood analysis of evolutionary 
models within a continuous-time Markov framework, ap
plied to the evolving triplets (Fig. 8d). These triplets re
present the pattern of copy number frequency (state) 
within a population for genomic loci. The transition matrix, 
including all transition probabilities, is obtained using 
Equations (1)–(3). These probabilities depend on mutation 
rates and the fitness of each copy number SI for 
I = 0, 1, 2, 3. We benefited from the assumption that SI va
lues are linear functions of S (detailed in Materials and 
Methods) to make the search space limited. The goal is to 
maximize the likelihood function to determine the optimal 
values of S and mutation rates that best fit the observed 
data (phylogenetic tree and CNV states of genomic re
gions). This optimization employs Bayesian approximation 
algorithms. For more details on implementation, see the 
HyPhy tutorials (Pond et al. 2004).

Simulation of the Evolution of CNVs

To test the suitability of the PoMoCNV framework when evo
lutionary parameters are known a priori, we constructed a 
basic model to simulate the evolution of CNVs in finite popu
lations. In this model, the genotype of an individual is repre
sented by G, as a vector of length 2L, assuming L genes each 
with 2 copies. The fitness of an individual is defined as a func
tion of the number of copies of L genes:

w =
􏽙L

i

1 − e−λ ln(ci )−ln(copt)[ ]
2

, (6) 

where ci is number of copies for gene i and copt is the optimal 
number of copies, which we assume to be 2, and λ 

determines the intensity of the stabilizing selection on the 
copy number of genes (unless otherwise specified, λ = 0.1). 
This model was inspired by a recent model of chromosome 
degradation (Lenormand et al. 2020). At the start, there 
are 2 copies for each of the L genes. At each generation, 
each locus can duplicate with probability pdup or lose a 
copy with probability pdel. We assume that the probability 
of duplication and deletion is uniform across the genome. 
We assume no recombination, i.e. the offspring is an exact 
copy of the parent. The offspring undergoes duplication 
and deletion events. Afterwards, next generation is created 
by a Wright–Fisher process, i.e. sampling B offspring with re
placement proportional to their fitness.
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