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Abstract
Inference of demographic histories using whole-genome datasets has provided insights into diversification, adaptation,
hybridization, and plant–pathogen interactions, and stimulated debate on the impact of anthropogenic interventions and past
climate on species demography. However, the impact of repetitive genomic regions on these inferences has mostly been
ignored by masking of repeats. We use the Populus trichocarpa genome (Pop_tri_v3) to show that masking of repeat regions
leads to lower estimates of effective population size (Ne) in the distant past in contrast to an increase in Ne estimates in recent
times. However, in human datasets, masking of repeats resulted in lower estimates of Ne at all time points. We demonstrate
that repeats affect demographic inferences using diverse methods like PSMC, MSMC, SMC++, and the Stairway plot. Our
genomic analysis revealed that the biases in Ne estimates were dependent on the repeat class type and its abundance in each
atomic interval. Notably, we observed a weak, yet consistently significant negative correlation between the repeat abundance
of an atomic interval and the Ne estimates for that interval, which potentially reflects the recombination rate variation within
the genome. The rationale for the masking of repeats has been that variants identified within these regions are erroneous. We
find that polymorphisms in some repeat classes occur in callable regions and reflect reliable coalescence histories (e.g., LTR
Gypsy, LTR Copia). The current demography inference methods do not handle repeats explicitly, and hence the effect of
individual repeat classes needs careful consideration in comparative analysis. Deciphering the repeat demographic histories
might provide a clear understanding of the processes involved in repeat accumulation.

Introduction

Identification of the genetic variability between individuals
of a species will enable reconstruction of their past rela-
tionships. While the type of DNA markers used for iden-
tifying genetic variation has changed with technological
advances, the coalescent theory is the fundamental tool for
studying gene genealogies in a population genetic frame-
work. In this framework, changes in coalescence time and

genetic diversity along the genome serve as a record of the
population history over time. Estimation of demographic
histories using whole-genomic datasets has proven to be
particularly useful in addressing diverse evolutionary con-
cepts such as host–parasite coevolution (Hecht et al. 2018),
the effect of anthropogenic interventions (Dong et al. 2021),
the impact of past climate change on the population
dynamics (Bai et al. 2018), hybridization (Vijay et al.
2016), speciation events and split times between species
(Cahill et al. 2016), history of inbreeding (Prado-Martinez
et al. 2013), mutational meltdown (Rogers and Slatkin
2017), population decline, and threats of extinction (Mays
et al. 2018).

The genomic distribution of repeat elements themselves,
their population-level dynamics (Blumenstiel et al. 2014;
Kofler et al. 2015; Ruggiero et al. 2017; Stritt et al. 2018),
and their deviations from the neutral expectations (Arkhipova
2018; Riba et al. 2020) have received considerable attention.
In contrast to the weak role attributed to different forms of
selection, demographic forces strongly influence repeat
diversity patterns (Lockton et al. 2008; Kofler et al. 2015;
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Bourgeois et al. 2020). The between-species variation in
repeat content is thought to be due to variation in population
sizes (Koonin 2009). Variation in the repeat content within
the genome of a species is driven by variation in recombi-
nation rates (Wright et al. 2003; Jensen-Seaman et al. 2004;
Pan et al. 2011). In addition to the population frequency of
repeats, the overall abundance of different repeat types is also
known to contain a phylogenetic signal with utility for taxa
having low genetic divergence levels (Dodsworth et al.
2015). At much more recent evolutionary timescales, the use
of microsatellite markers has provided higher resolving
power while reconstructing population lineage histories
(Behar et al. 2003).

The use of orthologous repeats to infer phylogenetic
relationships across large numbers of species has served as
a complementary source of phylogenetic information
(Bashir et al. 2005; Zhang et al. 2014). Repeat regions
contain a record of the evolutionary history at various
evolutionary timescales and provide information com-
plementary to that inferred from polymorphisms in non-
repeat genomic regions. Despite the information available
in repeat regions, whole-genome analysis tends to mask
them due to uncertainty in the quality of the variant calls.
The availability of longer read lengths combined with
recent sequencing technologies has resulted in more con-
tiguous genomes with a better assembly of repeat regions.
Further improvements in technology, such as reduced
sequencing error rates, lower costs, and more sophisticated
variant-calling software, would allow widespread inclu-
sion of genetic variation within repeat regions. In this
context, it would be essential to understand how variants
located within repeat regions contribute to the inference of
demographic histories.

The early Sequentially Markovian Coalescent (SMC)-
based methods (McVean and Cardin 2005; Li and Durbin
2011) for inference of demographic history relied upon a
single whole-genomic dataset and has seen widespread
usage with bird (Nadachowska-Brzyska et al.
2013, 2015, 2016; Hung et al. 2014; Natesh et al. 2020;
Dong et al. 2021), marsupial (Feigin et al. 2018; Patton
et al. 2019), Monotremata (Martin et al. 2018), placental
(Prado-Martinez et al. 2013; Orlando et al. 2013; Freedman
et al. 2014; Palkopoulou et al. 2015), and diverse plant
datasets (Ibarra-Laclette et al. 2013; Project et al. 2013;
Holliday et al. 2016; Bai et al. 2018; Patil et al. 2021).
Despite the introduction of more sophisticated methods,
PSMC continues to be used for non-model organisms with
limited population-level sampling (Fitak et al. 2016; Jaiswal
et al. 2018) and ancient genomes (Lord et al. 2020). A well-
known limitation that has recently reduced the use of the
PSMC method is its inability to distinguish changes in
population structure from actual changes in population size
(Mazet et al. 2015, 2016).

The use of information from the genomes of multiple
individuals has resulted in improvements in the resolution
and robustness of the inferences (Sheehan et al. 2013;
Schiffels and Durbin 2014). The use of site frequency
spectrum (SFS)-based information for demographic infer-
ence has been another popular approach (Gutenkunst et al.
2009; Liu and Fu 2015). However, the inferences from the
SFS- and SMC-based methods are known to differ, espe-
cially when the number of genomes sampled is limited
(Beichman et al. 2017). Hence, programs that incorporate
information from both the SFS and the genomic distribution
of the time to most recent common ancestor (TMRCA) can
overcome some of these limitations (Terhorst et al. 2016;
Palamara et al. 2018). However, these methods require
population-level sampling of whole-genomic datasets (Zhou
et al. 2017; Vijay et al. 2018; Cornejo et al. 2018).

These demographic inference methods are known to be
affected by data quality, and efforts to reduce such effects
are considered necessary (Schraiber and Akey 2015).
Demographic history inference is affected by low-coverage
regions, ascertainment bias, and hyperdiverse sequences (Li
and Durbin 2011; Nadachowska-Brzyska et al. 2016).
Repeat regions are prone to a high risk of assembly errors,
collapsed segmental duplications, and mismapping of short
reads. Challenges to the reliable genotyping of single-
nucleotide polymorphisms (SNPs) within repeat regions
have limited our understanding of the processes that
determine genetic diversity in repeat regions. Erroneous
variant calls contribute to altered effective population size
(Ne) estimates. Overestimation of the genetic diversity due
to variant calls resulting from incorrect read mapping and
underestimation of the genetic diversity due to noncallable
genomic regions can both bias the Ne estimates. Therefore,
such bias-prone and repetitive genomic regions are gen-
erally masked before the analyses to overcome biased
inferences (Foote et al. 2016). Such masking has important
consequences for subsequent coalescent analysis, especially
in plant and mammal genomes that tend to have a higher
fraction of repetitive content than birds (Kapusta et al.
2017). Similar masking of polymorphisms in repeat regions
has been done prior to other population genetic analysis in
Populus tremula (Wang et al. 2018a) and Populus tricho-
carpa (Evans et al. 2014).

In this study, we intend to test the hypothesis that
demographic inferences will be strongly and unpredic-
tably affected by the inclusion or exclusion of the repe-
titive elements. Ne is measured as the within-species
nucleotide diversity divided by four times the mutation
rate (μ) (Charlesworth 2009). Inclusion of repeats leads
to more SNPs being identified and contributes to higher
estimates of nucleotide diversity and correspondingly
higher estimates of Ne. Hence, we expect to see a
decrease in the estimates of Ne after exclusion of repeats,
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as SNPs will be dropped from those regions and will
lower the Ne inferred. The next objective is to investigate
how different repeat classes affect the estimates of Ne and
their underlying mechanisms. Populus trichocarpa has
enough repeat abundance and multiple repeats that have
accumulated post divergence in the congenerics (Lin
et al. 2018). Furthermore, this plant has much longer
contiguous regions occupied by some repeat types
(Macas and Neumann 2007) and accumulate in low-
recombination regions, which leads to non-uniform
accumulation of polymorphisms (Natali et al. 2015).
Due to these reasons, we expect to see species-specific
trends in Populus trichocarpa. Hence, we use the high-
quality genome (Pop_tri_v3) of the black cottonwood
(Populus trichocarpa) as an example in this study. The
robustness of our results is further verified using human
genomic datasets. We use PSMC, multiple SMC (MSMC),
SMC++, and the Stairway plot to quantify the effect of
repeats on diverse demographic inference approaches.

Materials and methods

Inference of demographic history

Populus trichocarpa

Genome data processing The published Pop_tri_v3 gen-
ome assembly of Populus trichocarpa was used as the
reference genome for all of the analyses and was down-
loaded from NCBI along with repeat annotation. The per-
centage of Ns in the unmasked genome was found to be
2.5%. We searched the European Nucleotide Archive for
genomic sequencing datasets and downloaded the SRA
run# SRR6256359 with a mean coverage of ~42.54×. The
raw read datasets were mapped to the corresponding
unmasked genomes using the short-read aligner BWA-
MEM (Li 2013) with default settings.
Variant calling was performed using samtools (Li et al.

2009) mpileup, with additional filtering options to avoid
identifying polymorphisms from poorly mapped reads or
other potential artifacts. The minimum mapping quality
(-q) and base quality (-Q) for the alignment were both set
at 20, and the coefficient of downgrading mapping quality
(-C) was set at 50. These settings are recommended for
BWA-mapped alignments on the PSMC GitHub page. The
consensus sequence was called using BCFTOOLS (Li
2011), with the depth parameters for the vcf2fq command
of vcfutils.pl decided based on the mean coverage of the
dataset. The root-mean-square mapping quality (-q) was
set at 25 to exclude sites below this quality score, and sites
with a depth greater than twice or less than one-third of the
mean depth were excluded. The resultant fastq file of

heterozygous sites was converted to psmcfa format using
the fq2psmcfa program for a bin size (-s) of 100.

PSMC To decide the boundaries of the atomic intervals,
PSMC (Li and Durbin 2011) needs optimization of the
parameters -r, i.e., the ratio of θ (genetic diversity)/ρ
(recombination rate), and -t, i.e., the maximum value of
TMRCA. The optimization is considered appropriate when
every atomic interval has at least ten or more recombination
events after the 20th iteration of PSMC. For most of the
organisms, a -p of “4+ 25 * 2+ 4+ 6” will give correct
results with a sufficient number of recombination events.
However, some organisms or genomes will not give enough
recombination events with these settings; in such cases, we
will have to look at the distribution of atomic intervals across
free intervals. For example, if the -p parameter “4+ 25 * 2+
4+ 6” is set, it has 64 atomic intervals distributed across 28
free intervals, i.e., 1 * 4+ 25 * 2+ 1 * 4+ 1 * 6 (written as
free intervals * atomic intervals). Changing the distribution of
atomic intervals across free intervals, e.g., “8+ 25 * 2+ 2+
4” would be the first step to see if a sufficient number of
recombination events is obtained. If not, the free intervals can
be changed, i.e., “3 * 2+ 1 * 10+ 15 * 2+ 1 * 14+ 1 * 4”
(written as free intervals * atomic intervals), to get the suffi-
cient number of recombination events. Only after obtaining a
sufficient number of recombination events is the -p parameter
finalized. For the first run of PSMC, options were set as -t 5,
-r 5, -p “4+ 25 * 2+ 4+ 6.” The output.psmc file was
evaluated to see if a sufficient number of recombination
events (5th column of the file) occurred in each atomic
interval after 20 iterations. In the case of the Populus tri-
chocarpa genome, the default settings were found to be
appropriate. After obtaining the PSMC output, the previously
published (Tuskan et al. 2006; Bai et al. 2018) mutation rate
of 3.75e−08 per nucleotide per generation (2.5e−09 per
nucleotide per year) and a generation time of 15 years
were used to generate the scaled plot using the psmc_plot.pl
script. For bootstrapping analyses, the psmcfa file was first
split into equal lengths of 5 MB and was used for 100 runs
of PSMC.

MSMC We used the same Populus trichocarpa dataset for
the MSMC (Schiffels and Durbin 2014) analyses. First, the
mapped bam file was used to generate a VCF file using
samtools mpileup with options -q 20 -Q 20 -C 50, fol-
lowed by bcftools call, where the consensus sequence was
called (i.e., -c), without indels (i.e., -V). Then, the mask
files required for msmc were created using the bamCaller.
py script of msmc-tools, where sites having less than mean
coverage were not considered. These vcf and mask files
were then used to produce an input file of msmc using the
generate_multihetsep.py script of msmc-tools. The resul-
tant text file was then used as input for the msmc program.
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A mutation rate of 3.75e−08 per nucleotide per generation
was used (Tuskan et al. 2006; Bai et al. 2018).

Homo sapiens

PSMC To test whether a high-quality dataset such as the
1000 genomes project differs in PSMC results before and
after masking compared to the usual samtools-bcftools
pipeline, we performed standard PSMC analyses with the
same settings as explained above using CEU individual
NA12878 (SRA accession # SRR9091899), and also
extracted the data for the same individual from the 1000
genome vcf file provided at ftp://ftp.1000genomes.ebi.ac.
uk/vol1/ftp/release/20130502/ and performed PSMC with
default settings of -N 25 -t 15 -r 5 -p “4+ 25 * 2+ 4+ 6.”
Only autosomal chromosomes were used for the analyses.

Processing of population-level re-sequencing dataset We
next used multiple haplotypes and additional demography
inference methods for estimating the population histories
using genomic data to evaluate the robustness of the dif-
ferent trends seen between masked and unmasked genomes.
For this, we downloaded 15 individuals (30 haplotypes) of
the CEU population of humans from the 1000 genome
project dataset (Table S1). We mapped all these reads to the
hg37d5 reference genome, which is used by the 1000
genome project for all of their analyses, using the bwa mem
read mapper with default settings. This version of the
reference genome includes decoy sequences to alleviate the
problem of mismapping of repeat regions. The mapped
reads were converted to binary and sorted according to
coordinates using samtools. These sorted bam files were
then used for further analyses.

Stairway plot The Stairway plot uses information based on
SFS to infer the population size histories. To obtain the SFS
for the 15 samples, we used ANGSD for performing multi-
sample genotype likelihood estimations, followed by the
realSFS module to get unfolded SFS for these samples
(Korneliussen et al. 2014). A BED file having coordinates
for repeat regions was used to mask the reference fasta to
drop these regions before estimating the repeat-masked
SFS. We followed the Stairway plot manual to make the
blueprint files used to execute the Stairway plot version
2.1.1 (Liu and Fu 2020).

SMC++ SMC++ is efficient for use in multiple haplotypes
by combining the SFS information and taking advantage of
the linkage disequilibrium in coalescent HMMs (Terhorst
et al. 2016). SMC++ requires chromosome-wise multi-
haplotype vcf files with optional mask files. We used the
recommended MSMC pipeline as stated above for obtaining
chromosome-based multi-individual vcf files and mask files.

Mask files were generated for masked and unmasked output
separately. Later, these files were used to run the SMC++
algorithm. First, the vcf files for each chromosome were
converted to SMC input files using the VCF2SMC module
with mask files to avoid artifactual and low-coverage sites.
The obtained SMC input files for all of the chromosomes
were then used to run the SMC++ estimate with options
--knots 21 and time points between 1000 AND 5000,000,
using a mutation rate of 2.5e−08 per nucleotide per genera-
tion. After getting the output, it was used for the SMC++
plot command to obtain the plotting data using a generation
time of 25 years.

Repeat annotation The unmasked genomes were analyzed
to identify and annotate repetitive regions. For genome-
wide identification of LTRs, the LTR-retriever (Ou and
Jiang 2018) program was run using repeat libraries made by
concatenating the LTR harvest (Ellinghaus et al. 2008) and
LTR_finder v 1.0.6 (Xu and Wang 2007) output. The
RepeatModeler program was used for the de novo identi-
fication of repeats. Both genome-wide LTR-retriever and
RepeatModeler repeat libraries were concatenated and used
as input to the RepeatMasker program. The tabulated output
file of RepeatMasker was converted to BED format and
used for further analyses.

Overlap of repeats with atomic intervals Separate runs of
variant calling (always using a BAM file generated by
mapping reads to an unmasked genome) were carried out
using the unmasked and masked genomes followed by
PSMC analyses. PSMC was run with the -d option for both
unmasked and masked datasets, and outputs were pro-
duced for a bin size of (-s flag) 100. The bin size was
chosen based on the overall heterozygosity of the species.
For each run of PSMC, the decode2bed.pl script was used
to obtain details of the atomic interval assigned to specific
genomic regions. Genomic regions associated with some
of the atomic intervals were not output by the program and
were not considered in the subsequent analysis. The pre-
valence of repeat regions in each atomic interval was
assessed by intersecting the positions of the repeats with
the positions of atomic intervals using BEDTools (Quinlan
and Hall 2010). The genomic coordinates of heterozygous
sites and the ratio of transitions (Ts) to transversions (Tv)
were obtained using the hetlist command of seqtk (Li
2015). Subsequently, the repeat class-specific hetero-
zygosity and Ts/Tv ratio in each atomic interval were cal-
culated using the positions of repeat regions, decoded
atomic intervals, and genome-wide list of heterozygote
sites as arguments to BEDTools. One repeat class was
unmasked at a time, keeping all of the other repeat classes
masked before PSMC analyses to evaluate the effect of
each repeat class on the PSMC.
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Evaluating the impact of repeat classes on the inferen-
ces We used the CallableLoci module of GATK v3.8
(McKenna et al. 2010) to assess the quality of data used,
which showed that, in Populus trichocarpa, the variants in
most of the repeat types are callable and some belong to the
poorly mapped group (Fig. S1). The Kruskal–Wallis test
was performed for each atomic interval in each repeat
class, and it showed that the fraction of the genome cov-
ered by different callability classes (callable, poorly map-
ped, low coverage, no coverage, and N in the reference)
was different. Further, the pairwise Wilcoxon test with
Holm multiple testing correction showed that the callable
fraction was significantly higher than for the other classes.
Hence, poor callability alone cannot explain the impact of
repeat classes. For the human 1000 genome dataset, the
SFS did not change when different genotype-quality cut-
offs were used (Fig. S2).
To know how the estimates of Ne are affected by repeats

in some of the atomic intervals, we further investigated the
distribution of heterozygous regions in each atomic interval.
The heterozygosities for masked and unmasked output were
calculated by intersecting each atomic interval region with a
list of heterozygous sites using BEDTools. These estimates
of heterozygosity of masked and unmasked output were
then compared across atomic intervals. Similarly, the

lengths of the regions in each atomic interval were
determined, and the distribution of lengths of regions
contributing to each atomic interval was compared between
masked and unmasked genomes. To analyze whether the
divergence of repeat types has any role in the distribution of
the sequences across atomic intervals, we obtained the
values of sequence divergence of each repeat region from
RepeatMasker and compared the distribution of sequence
divergence levels across atomic intervals.

Results

Repeat regions affect demographic inference

Based on the comparison of Ne trajectories inferred using
masked and unmasked genomes, the magnitude of the con-
tribution from repeat regions can be estimated. In the case of
the poplar genome, the estimates of Ne for the masked gen-
omes compared to the unmasked genomes were lower during
the ancient time period, i.e., after ~1 MYA (mean difference
in Ne across atomic intervals 48–64= 0.63 × 104) and higher
during recent times, i.e., 20–100 KYA (mean difference in Ne

across atomic intervals 5–17= 0.45 × 104, see Fig. 1).
Interestingly, the magnitude of the difference in Ne estimates
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Fig. 1 Changes in effective population size (Ne) estimates from
PSMC and MSMC due to masking of repeat regions in black
cottonwood (Populus trichocarpa). PSMC curve for Populus tri-
chocarpa after masking all of the repeat regions in the genome (blue
line) and without masking (red line). The unmasked trajectory has dots
indicating the fraction of repeats in an atomic interval; the larger the
dot size, the more the repeat content in an atomic interval. Ne estimates
during recent (20–100 KYA) and ancient (1–5 MYA) times show

considerable differences between the two curves, demonstrating the
effect of exclusion/inclusion of repeat sequences. The MSMC curve
(lines with ♦) for the same single individual of Populus trichocarpa
after masking all the repeat regions in the genome (blue line) and
without masking (red line) is shown. The masking of repeat regions
leads to lower estimates of effective population size (Ne) in the ancient
period, in contrast to an increase in Ne estimates in recent times.
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between the masked and unmasked genomes seems to be
higher for atomic intervals with greater repeat abundance
(Fig. S3). In all of our subsequent analyses, we used the
PSMC method to demarcate the genomic regions that cor-
respond to different coalescent histories. However, we show
that repetitive regions of the genome bias the estimates of Ne

similarly in both PSMC and MSMC using data from a single
individual (Fig. 1).

To understand whether these differences between
masked and unmasked trajectories are consistent in other
species with well-established genome and high-quality
datasets, we performed the same analyses on humans
(Homo sapiens). We observed that the human genome also
shows a marked difference between these estimates, but
these differences lie in different timescales, i.e., 100–800
KYA and after 1.5 MYA (Fig. 2). In both cases, the masked
PSMC inference showed lower estimates of Ne compared to
the unmasked inference. We observed a negligible differ-
ence between the Ne estimates of the samtools-based pipe-
line and GATK-based high-quality variant data-based
analysis (Fig. 2). The difference between masked and
unmasked genomes was much larger than the difference
between variant-calling methods.

Multiple individual-based analyses are also affected
by repeats

The Ne estimates from SMC++ and the Stairway plot
show marked differences between masked and unmasked
reference genomes. The same pattern of lower estimates in
masked inference seen in PSMC is also found in these
methods (Figs. 2 and S4). Hence, we see differences in
masked and unmasked trajectories irrespective of the SNP
calling pipeline, species, number of haplotypes, and the
demography inference method. Despite the precautions
taken while identifying variants, atomic intervals with
repeats are disproportionately affected while estimating
the Ne. To quantify this disproportionate effect, we eval-
uated the relationship between the repeat content in an
atomic interval and the bias observed in the Ne estimate for
that atomic interval. We found that the fraction of repeat
content in a particular atomic interval was positively cor-
related (τ= 0.225, p value= 0.019, see Fig. S3) with the
absolute difference between masked and unmasked
genome-based estimates of Ne. Hence, regions with greater
repeat abundance seem to affect the estimates of Ne in a
particular atomic interval more strongly.
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Repeat class-specific effect in Populus trichocarpa:
LTR Gypsy as an example

Repeat class-specific bias in Ne estimates was assessed by
including one repeat class at a time along with the non-
repeat region (see Fig. 3). Estimates of Ne after inclusion of
LTR Gypsy were intermediate between inferences obtained
from masked and unmasked genomes during the ancient
past, i.e., after 1 MYA (mean difference in Ne compared to
the masked genome across atomic intervals 48–64= 0.29 ×
104). In contrast to this, the estimates showed a similar trend
as for the unmasked genome during recent times, i.e.,
20–100 KYA (mean difference in Ne compared to the
masked genome across atomic intervals 5–17= 0.44 × 104;
see Fig. 4). The other repeat classes did not influence the
estimates as much as LTRs and were closer to the inference
from the masked genome (see Fig. 3). The robustness of the
Ne estimates was assessed based on the variability (quanti-
fied as CV) between bootstrap replicates using the non-
repeat fraction of the genome along with each repeat class.
The CV was heterogeneous between time intervals and was
relatively higher in recent times (see Fig. 4). The robustness
of the estimated values of Ne was comparable between
the unmasked (mean of the CV across atomic intervals=
0.04687) and masked (mean of the CV across atomic
intervals= 0.047) genomes.

Repeat abundance and class vary by atomic interval

In all atomic intervals, the non-repeat fraction was found to
be the most abundant (see Fig. 5 (Populus trichocarpa) and
Fig. S5 (human)) and suggests that estimates of Ne in all of
the atomic intervals are based largely on non-repeat regions.

Among the repeat classes in Populus trichocarpa, LTR
Gypsy had the highest abundance in most atomic intervals.
The extremely high abundance of LTR Gypsy repeats in the
first few atomic intervals could have led to the drastic
change in the Ne trajectory during recent times (i.e., 20–100
KYA) after the inclusion of LTR Gypsy repeats. LTRs and
RC-Helitron have a high abundance at the genome-wide
level (see Fig. 6) and have a more substantial influence on
Ne estimates (see Fig. 3). In contrast to Populus tricho-
carpa, in humans, LINEs, SINEs, and LTRs contribute the
most (Fig. S6).

Inclusion of repeats results in re-assignment of
genomic regions among atomic intervals

Genomic regions assigned to atomic intervals that correspond
to older time points have higher heterozygosity levels
than recent time points (Fig. S7). The mean heterozygosity is
positively correlated (Kendall’s rank correlation test, Fig.
S7A: Populus trichocarpa, tau= 0.77, p value= 7.34e−16 ,
Fig. S7B: Human, tau= 0.93, p value < 2.2e−16 ) with the
atomic intervals. Upon masking of repeat regions, a large
number of SNPs that contributed to short stretches of high
heterozygosity are removed. Consequently, the hetero-
zygosity of most (except for four) of the atomic intervals is
reduced after masking (Fig. S7). However, certain atomic
intervals show species-specific deviations. For instance, in
Populus trichocarpa, atomic interval five consists of mostly
RC Helitron and LTR Gypsy repeats with minimal non-
repeat contribution (see Fig. 5). The Ne estimate of this
atomic interval shows a large increase upon masking (Figs. 3
and 4). Atomic interval 24 has substantial non-repeat content,
and its Ne estimates are not as affected as atomic interval five.
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Hence, the impact of repeats on the inference of demographic
history largely affects atomic intervals that lack non-repeat
regions.

Genomic regions assigned to atomic intervals that corre-
spond to recent time points have longer lengths than those
assigned to older time points (Fig. S8). The mean length of
atomic intervals is negatively correlated (Kendall’s rank
correlation test, Fig. S7A: Populus trichocarpa, tau=−0.80,
p value < 2.2e−16 , Fig. S7A: Human, tau=−0.83,

p value < 2.2e−16) with the atomic intervals. Runs of homo-
zygosity along the genome are affected by changes in het-
erozygosity caused by the masking of repeat regions.
Therefore, the lengths of genomic regions that contribute to
the atomic intervals are affected. In some cases, the lengths of
genomic regions assigned to the atomic interval increase
upon masking (Fig. S8; a significant increase is denoted by a
red star). This increase in lengths of genomic regions is due
to their re-assignment among atomic intervals. Although the
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lengths of genomic regions assigned to some atomic intervals
increase upon masking, the total genomic length used by the
PSMC decreases due to the masking of repeats. Hence, some
of the atomic intervals will show a contrasting pattern of
decrease in lengths after masking (Fig. S8; significant
decrease denoted by blue stars *). The redistribution of
lengths occurs in both Populus trichocarpa and humans.
However, many atomic intervals show an increase (25 atomic
intervals) in length distributions than a decrease (15 atomic
intervals) in Populus trichocarpa. In contrast to Populus
trichocarpa, many atomic intervals show a decrease (18
atomic intervals) in length distribution than an increase (15
atomic intervals) in humans. This re-assignment of genomic
regions is a consequence of masking repetitive elements.

Each of the repeat classes independently shows a trend of
increase in heterozygosity, similar to the non-repeat regions
(see Figs. 7 and S9). The comparable estimates of hetero-
zygosity between repeat and non-repeat regions in each
atomic interval suggest that the heterozygous sites identified
in repeat regions are not merely variant-calling artifacts.
The ratio (Ts/Tv) of the number of transitions (Ts) to the
number of transversions (Tv) has been used to evaluate the
accuracy of variant call sets (Wang et al. 2015). Regions of
the genome with artifactual variant calls would have a Ts/Tv
ratio very different from the genomic average. Hence, as an
additional validation of the variants identified within repeat
regions, we calculated the Ts/Tv ratio for each repeat class
by the atomic interval. While the estimates of hetero-
zygosity (depicted by the black line in Figs. 7 and S9)
showed an increasing trend toward older atomic intervals,

we found that the Ts/Tv ratio (depicted by the red line in
Figs. 7 and S9) did not show a consistently discernible trend
(see Figs. 7 and S9). Simple repeats, RC Helitron, DNA,
DNA hAT tag1, LINE L1, and LTR Caulimovirus repeat
classes show a weak trend of increasing Ts/Tv ratio with
increasing heterozygosity. However, the largely similar
estimates of the Ts/Tv ratio in repeat and non-repeat regions
suggest that the heterozygous sites identified in repeat
regions are truly polymorphic. The Ts/Tv ratio of some
atomic intervals in specific repeat classes do show elevated
values and potentially contain numerous erroneous variant
calls. However, despite such artifacts, we see that the repeat
regions have a consistent coalescent history signal that
matches the inference from non-repeat regions.

Multiple copies of repeats lead to incorrect mapping of
reads, which results in erroneous variant calls. Only a few
of these repeat copies tend to be present in the genome
assembly. The other copies, which have not been assembled
in the genome, will end up getting mapped to the copies that
have been assembled. Repeat classes with multiple copies
of the repeat at varying levels of sequence divergence can
artifactually increase the heterozygosity through incorrect
mapping. We evaluated the level of sequence divergence for
each repeat class with respect to the atomic intervals in
which they occurred (Fig. S10). The percent sequence
divergence of the repeat did not show any consistent trend
across atomic intervals. While most of the atomic intervals
showed a wide distribution of percent divergence for the
LINE L1 element, atomic intervals 1, 17, and 48 had low
levels of variance in percent divergence (Fig. S10G).
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Satellite repeats had an overall high percent divergence >25
(Fig. S10N), and simple repeats had an average percent
divergence <15 (Fig. S10O). The distribution of repeat
classes and their percent divergences among atomic inter-
vals cannot explain the changes in Ne observed after
masking repeat regions. The distribution of repeat regions
along the genome is not random and is known to vary with
the recombination rate. Not surprisingly, we found that the
repeat content in Populus trichocarpa was negatively cor-
related (Kendall’s rank correlation test; p value < 0.01) with
the Ne (Figs. 8 and S11). Interestingly, the observed nega-
tive correlation between repeat content and Ne estimates
could be seen for all of the repeat classes (except for LTR
Gypsy p value > 0.01).

Discussion

Our results demonstrate that the inclusion of repeat regions
does affect the demographic inference. However, this effect
is not the same in all species. The heterogeneity in the
mutational properties of different repeat classes, their
genomic distributions, and abundance are ignored as these
are challenging to model and are species-specific. Most of
the demographic inference methods have been evaluated
and verified using human genomic datasets (Li and Durbin
2011; Terhorst et al. 2016; Liu and Fu 2020). Although the
effect of repeats has never been directly evaluated, the
contribution of false heterozygotes resulting from segmental
duplications has been assessed by simulating long hyper-
mutated regions. Such long hypermutated regions lead to
excessively large population size estimates in the ancient
time period (Li and Durbin 2011).

In contrast to these simulated scenarios, repeat regions
with varying lengths and mutational properties are prevalent
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in the genome. We see that in the human genome inclusion
of repeat regions inflates the estimates of effective popula-
tion size in all atomic intervals (see Figs. 2 and S4). We
compared the demographic histories inferred from masked
and unmasked genomes of one individual each of European
(CEU) and Yoruban (YRB) descent using PSMC (see Fig.
S12). Similar to the pattern seen in the CEU individual, we
see that in the YRB individual, the estimates of Ne are
inflated upon the inclusion of repeat regions. We also
evaluated the effect of the inclusion of SINE repeats with
the masked genome in CEU and YRB individuals. In all of
the atomic intervals, we see that while the magnitude of Ne

estimates is changed, the trajectories are not altered by the
inclusion or exclusion of repeats. Overall, human genomic
datasets are minimally affected by repeat regions, and
comparative inferences are reliable. However, the effect of
repeats is not the same in all species.

The example plant dataset (Populus trichocarpa) used by
us demonstrates this lineage-specific effect very clearly.
Such lineage-specific effects are dependent on the

abundance and genomic distribution of repeats. For
instance, the LTR content might differ even between closely
related species (Zhang et al. 2020) and can heavily influence
the results of coalescent inference. Even if all repeat regions
are masked before analysis, heterogeneity in the quality of
repeat annotation between species might result in the
inclusion of specific repeats in the genome of one species
while excluding it from the genome of another. The
demographic trajectories inferred for Populus trichocarpa
in our study are in concordance with previously published
reports (Bai et al. 2018; Wang et al. 2020; Chen et al. 2020).

Impact of LTR Gypsy repeats in Populus trichocarpa

The germline mutation rate varies by repeat class and is
mostly higher than that of non-repeat regions (Ellegren 2000;
Ellegren et al. 2003). However, precise estimates of mutation
rate are still scarce and are not available for specific genomic
elements (Conrad et al. 2011; Keightley et al. 2014). The
abundance of repeats and their mutational properties

Fig. 8 Correlation between repeat abundance and the effective
population size (Ne). Repeat content across atomic intervals in
Populus trichocarpa PSMC showed a consistently negative correlation
(Kendall’s rank correlation test) with the Ne estimated from the masked

genome. Each panel of the figure represents a different repeat class
(see Fig. S11 for all of the repeat classes). Significance levels are
indicated using symbols: *p < 0.1, **p < 0.05, ***p < 0.01.
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determine the overall distribution of polymorphisms used for
demographic inference. Another aspect of polymorphisms
contributed by repeats is determined by the length and
genomic location of the repeats. Repeat classes such as LTRs
and other transposons tend to be long and can elevate the
genetic diversity of continuous stretches of the genome
(Neumann et al. 2003). Among LTRs, the LTR Gypsy type
of repeats is found preferentially in centromeric regions rather
than being randomly distributed across the genome (Natali
et al. 2015). Each species has a distinct genomic prevalence
of repeats determined by factors such as recombination
landscape, the efficacy of selection, and repeat suppression
machinery (Wang et al. 2018b). Hence, multiple factors
determine the genetic diversity within repeat regions and will
affect the inference of Ne.

In Populus trichocarpa, the inclusion of LTR Gypsy
showed marked differences in Ne estimates compared to all
other types of repeats. Retroelements comprise 176 MBp of
the 550 MBp (~32%) genome of Populus trichocarpa.
LTRs are the most abundant type of repeat, and the subtype
LTR Gypsy is most prevalent in the genome (Tuskan et al.
2006). Gypsy elements are highly redundant due to their
high numbers of active and remnant copies being dis-
tributed across the genome, with the longest sequence
lengths found among all repeats. LTR Gypsy is mostly
localized in putative centromeric regions, with suppressed
recombination leading to a high abundance of long repeat
sequences (Neumann et al. 2011). LTR Gypsy is also more
prone to accumulating mutations, leading to an increase in
neutral polymorphisms of the genome (Natali et al. 2015).
All these unique properties of LTR Gypsy might be
responsible for its essential role in the evolution of this
plant, as some of these could be species-specific repeats
(Ma et al. 2017). For example, Ogre elements are the
longest and most recently accumulated LTRs found in
Populus trichocarpa (Macas and Neumann 2007). Such
recently accumulated repeats are responsible for shaping the
genomic landscape, as shown in another Salicaceae species,
Populus euphratica (Zhang et al. 2020). Extreme examples
include the change in genome size due to repeat accumu-
lation seen in Gossypium (Hawkins et al. 2006) and conifers
(Nystedt et al. 2013).

Implications of recombination rate variation

Inference of demographic history from low- vs. high-
recombination rate regions of the genome using PSMC in
the nematode Caenorhabditis elegans showed distinct pat-
terns of change in population size over time (Thomas et al.
2015). These differing trajectories are thought to be the
effect of selection on the highly linked regions of the gen-
ome caused by high levels of inbreeding. Specifically,
genomic regions with low recombination rates (that also

have reduced levels of nucleotide polymorphism) have
lower values of Ne estimates compared to high-
recombination rate regions. However, closely related spe-
cies can have distinctive repeat abundance landscapes.

Comparison of demographic trajectories across diverse
species of birds (Nadachowska-Brzyska et al. 2015) may be
rationalized by the conserved karyotype, low repeat abun-
dance, and a broadly conserved recombination landscape
(Singhal et al. 2015; Kapusta et al. 2017). While the
recombination rate landscape is conserved across birds, the
same is not valid for all taxa. Differences in the recombi-
nation rate landscape and its consequences on repeat
accumulation also have important implications for com-
paring demographic histories between species.

Interestingly, the abundance of different types of trans-
posable elements (TEs) exhibits varying levels of correla-
tion with the recombination rate (Kent et al. 2017). This
association between TEs and the recombination rate is
potentially a result of the co-evolutionary dynamics com-
bined with species-specific idiosyncrasies. Often, TE
abundance and recombination rate are negatively correlated.
Hence, we reasoned that differences in the abundance of
repeat regions in different atomic intervals might corre-
spond to different recombination rates. Consistent with this
expectation, the atomic interval-specific repeat abundance
for several repeat classes showed a negative correlation with
the Ne of that atomic interval (Figs. 8 and S11). However,
the correlations were relatively weak and might reflect the
imprecise demarcation of the genome into atomic intervals
(Gattepaille et al. 2016).

Recommendations for dealing with repeats during
coalescent inference

Overall, we see that the trajectories obtained using the masked
and unmasked genomes are mainly comparable. However, the
absolute estimates of Ne show considerable variability. Pre-
vious studies have completely masked repeat regions before
estimating the demographic histories. While this strategy is
quick and easy to use, the contrasting demographic histories
could merely be the result of differing repeat annotations. We
suggest that when dealing with a newly sequenced genome,
novel repeat classes should be identified and annotated using
de novo repeat-finding programs. It needs to be ensured that
the repeat annotations of the species/genome assemblies
under consideration are of similar quality and are based on the
same repeat annotation pipeline.

SNPs in repeat regions can be artifactual and are best
avoided through masking. However, in species whose gen-
omes contain a substantial fraction (>30%) of repeats, the
non-repeat regions might not have sufficient information
about the demographic history. Previous studies have sug-
gested that at least 70% of the genome should have adequate
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coverage and have good-quality variant calls to obtain reliable
demographic inferences (Nadachowska-Brzyska et al. 2015).
Our analysis of various repeat classes in black cottonwood
and humans suggests that many repeat classes have recorded
reliable demographic histories matching those inferred from
non-repeat regions. Hence, it is possible to use these repeat
regions while performing demographic inference. In species
with >30% repeat content, we suggest evaluating the effect of
each repeat class by including one repeat class at a time with
the non-repeat region (as shown in Fig. 3). We have imple-
mented all these analyses in a ready-to-use pipeline that inputs
the BAM alignment and coordinates of repeat regions and
provides as output concise plots showing the effects of repeat
classes on demographic inference and their abundances across
atomic intervals. Based on the deviation of inferences of each
repeat class from those of the non-repeat regions, only those
repeat classes that match the trajectories of non-repeat regions
may be included. This strategy of masking only certain repeat
classes based on their deviation from non-repeat classes can
be further verified by evaluating the atomic interval-specific
changes in heterozygosity caused by specific repeat classes
(as done for Populus trichocarpa in Fig. S7A).

Development of new methods and future directions

The recent use of noncoding CpG transitions for inferring
prehistoric human demography (Liu 2020) reveals new
avenues for methodological advances that focus on specific
genomic sites with distinct mutational properties (Kong
et al. 2012). Genomic context determined by local sequence
content, epigenomic properties, the timing of DNA repli-
cation, and recombination rate is all thought to be correlated
with the rate of mutation (Schaibley et al. 2013; Carlson
et al. 2018). A better understanding of repeat class-specific
mutation rates might allow for scaling each repeat type with
an appropriate mutation rate. Each repeat class can then
serve as a window into the demographic history of different
time spans. We envisage that greater accuracy in variant
calling within repeat regions will eventually be possible
with long-read sequencing methods that will overcome the
limitations of mapping artifacts used in short-read sequen-
cing methods. These methodological advances will allow
better reconstruction of the genomic sequence in structural
variation and SNPs. Accurate identification of such genetic
variation may provide greater resolving power while mak-
ing coalescent inferences.

Conclusion

We have shown that the inclusion of repeat regions of the
genome influences the demographic inferences made using
state-of-the-art tools such as PSMC, MSMC, SMC++, and

the Stairway plot. Most repeat classes can provide inferences
consistent with those obtained from non-repeat regions and
can be a viable source of demographic history. Species-
specific repeat accumulation patterns can result in idiosyncratic
effects on the inference of demographic history. The abun-
dance of various repeat classes, their mutational properties,
genomic distribution, and other genome dynamics will deter-
mine the impact of the repeats on the inference of demo-
graphic history. Our analysis of repeat regions is of particular
relevance as the quality of genome assemblies continues to
improve with use of long-read sequencing technologies that
can assemble repeat regions correctly. We speculate that
methodological advances may allow the use of repeat class-
specific mutation rates for reliable estimation of demographic
histories at particular time spans. Finally, we urge the cautious
use of variants located within repeat regions while performing
demographic analysis and suggest evaluation of the robustness
of the results using different repeat classes. The ready-to-use
scripts provided with this manuscript will allow investigation
of the repeat-induced effects on demographic inference in any
species suitable for PSMC analysis.
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