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Pangenomes: moving beyond reference-based genomics

were implicated in the adaptation of Tibetan wild boars (S. scrofa) to high altitude [22]. In Tibetan 
cattle, population-scale long-read sequencing revealed a 102-bp deletion in GNPAT likely link ing
peroxisomal metabolism to high-altitude hypoxia adaptation [31]. In Asian honeybees, a 330 bp 
deletion within the Atpalpha gene, identified via pangenome analysis and environmental associa-
tion, was linked to cold adaptation through altered gene expression [24]. The yak pangenome re-
vealed PAVs and expression differences related to high-altitude adaptation in heart and lung
tissues [23]. These findings demonstrate that SVs, including TE insertions and PAVs, are a 
major source of adaptive novelty, providing the raw material for populations to respond to diverse
environmental pressures such as altitude and climate.
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Figure 1. Pangenome graphs. Linear reference genome: a single haploid representation can miss non-reference DNA and bias variant discovery. Sequence-based 
pangenome graph: multiple assemblies are integrated into a graph where nodes represent sequences and edges connect them. Divergences between paths form 
bubbles, which represent genetic variants. This structure captures the full spectrum of variation, from short variants such as single nucleotide polymorphisms (SNPs) 
and small indels (<50 bp) to large structural variants (SVs) such as mobile element insertions, large indels (>50 bp), and inversions. Pan-gene gene graph: a graph 
model simplifies the representation of pangenomic variation to the level of whole genes. This model focuses on gene content variation across different haplotypes, such
as copy number variation (CNV), where genes are duplicated or lost, and presence/absence variation (PAV), where entire genes are found in some individuals but are
missing from others. Icons illustrate the broad applicability of pangenomics across animal clades. Schematics are illustrative and not to scale.
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Reference-free genomics

Eizenga et al. 2021. Ann. Rev. Genomics and Human Genetics 



Open and closed pangenomes

Brokhurst et al. 2019. Curr. Biol.



The eukaryotic pangenome
• “The existence of pangenomes in eukaryotes is 

debated…Pangenome studies in eukaryotes are challenging 
due to their more complex genome and architectures and a lack 
of replete genome-level sampling” (Brockhurst et al. 2019. 
Current Biology)

https://pathogen-genomics.org/research/



Pangenome approach to comparative genomics

Feng et al. 2020. Nature 587:252-257.



Birds have small, streamlined genomes

Waltari & Edwards. 2002. Am. Nat. Organ et al. 2010. Ann. Rev. Genom. Hum. Genet.

amphibians
mammals
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Island Scrub Jay
A. insularus
Weight: 111 – 124 g
n = 15

Woodhouse’s Scrub Jay
A. woodhouseii
Weight: 76.9  – 77.7 g
n = 15

Datapoints from gbif.org
Images from https://birdsoftheworld.org

Three Scrub Jay (Aphelocoma) species in pangenome project

GOAL: Study genome complexity and estimate 
fitness effects of structural variation

• Repetitive landscape
• Telomeres 
• Gene turnover
• Complex multigene families

Florida Scrub Jay
A. coerulescens
Weight: 75 – 79.3 g
n = 14

https://birdsoftheworld.org/


Introduction

Comparative population genomics is an emerging field that
leverages variation in genomes of multiple species to under-
stand the origins of genomic diversity and natural selection
and to make inferences about patterns of divergence be-
tween closely related species. By comparing genomic variation
across multiple species, comparative population genomics
aims to discover common forces acting on homologous or
divergent regions of the genome. Comparative population
genomics approaches have been used with great success
since the 1970s, but with the rise of whole-genome sequenc-
ing (WGS) in recent years, the approach has gained renewed
vigor and detail. In its most recent incarnation, the emphasis
in comparative population genomics is less on the details of
geography of each species, and more on sampling each spe-
cies sufficiently so as to capture major patterns of variation
and identify the demographic and genetic forces that have
shaped them. Appropriate for its goals, the focus of modern
comparative genomics is often on genetics, rather than
geography.

Here we argue that comparative phylogeography—in
many ways a more mature discipline than comparative pop-
ulation genomics, but one arguably with less ongoing con-
ceptual innovation—stands as an important counterpoint to
and partner of comparative population genomics. In so far as
comparative population genomics suffers from a lack of a
rigorous geographic perspective, and often seeks to margin-
alize over geography (see Comparative Phylogeography as
Place-Based Evolutionary Biology section), comparative phylo-
geography brings an explicit geographic perspective that has
not only revealed details of species history, but can comple-
ment the goals of comparative population genomics.
Comparative phylogeography seeks to understand biotic his-
tory by finding landscape features—mountains, rivers, transi-
tion zones—that create vicariant breaks in genetic variation
across a suite of species. A major emphasis in comparative
phylogeography is to find drivers of genomic splits shared

across suites of codistributed species, and thereby find land-
scape features that ultimately explain patterns of species oc-
currence, community composition, and genetic diversity
(table 1). A related discipline, landscape genomics, usually
focuses on a smaller spatial scale and emphasizes genomic
adaptation to landscape and climate features (Manel et al.
2003; Manel and Holderegger 2013; Rissler 2016). The focus
of comparative phylogeography is usually on organismal his-
tories, rather than on the diversity of evolutionary forces shap-
ing the genome (table 1). To understand the relationships
between comparative phylogeography and comparative pop-
ulation genomics, we first ask whether comparative phylo-
geography is a viable field of inquiry and on scientific
growth trajectory. We briefly review the historical origins
and recent milestones of comparative phylogeography from
our perspective as empiricists working on terrestrial verte-
brates. We then update our understanding of the global dis-
tribution of phylogeographic studies and argue that, as a
“place-based” discipline, comparative phylogeography has
great appeal for local and regional scientific communities
and public education around the world in ways that are chal-
lenging for comparative population genomics. We conclude
that, although it has yet to fully embrace the genomics revo-
lution, comparative phylogeography is still a vibrant discipline
that stands to make important contributions to evolutionary
biology and in particular can leverage its “sense of place” to
help include diverse communities in the research enterprise
around the globe.

Is Comparative Phylogeography Dead?

A Brief History of Comparative Phylogeography

Early in its evolution, phylogeography adopted a comparative
perspective, seeking to find common patterns across codis-
tributed species. Although the first phylogeographic studies
were conducted on single species (Avise et al. 1979), very
quickly the field adopted a comparative approach, motivated

Table 1

Conceptual Relationships between the Fields of Comparative Population Genomics, Landscape Genomics, and Comparative Phylogeography

Concept/Parameter Comparative Population Genomics Landscape Genomics Comparative Phylogeography

Comparative perspective Growing Nascent Mature

Emphasis on space No Yes Yes

Geographic scale Random mating population Region Biome

Temporal scale Arbitrary Recent Deep

Focus on:

selection versus neutrality Both Both Neutrality

recombination Yes Not yet considered Not yet considered

geography versus environment Nuisance parameters Environment Both

Future use of whole-genome

sequencing

Yes Likely Unlikely

Growth out of museum collections

community

No No Partial

Edwards et al. GBE
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Abstract

Comparative population genomics is an ascendant field using genomic comparisons between species to draw inferences about
forces regulating genetic variation. Comparative phylogeography, by contrast, focuses on the shared lineage histories of species
codistributedgeographically and is decidedlyorganismal inperspective.Comparativephylogeography is approximately35 yearsold,
and, by some metrics, is showing signs of reduced growth. Here, we contrast the goals and methods of comparative population
genomics and comparative phylogeography and argue that comparative phylogeography offers an important perspective on evo-
lutionary history that succeeds in integrating genomics with landscape evolution in ways that complement the suprageographic
perspective of comparative population genomics. Focusing primarily on terrestrial vertebrates,we review the history of comparative
phylogeography, itsmilestones andongoing conceptual innovations, its increasingly global focus, and its status as abridgebetween
landscape genomics and the process of speciation. We also argue that, as a science with a strong “sense of place,” comparative
phylogeographyoffersabundant“place-based”educationalopportunitieswith its focusongeographyandnaturalhistory,aswell as
opportunities for collaborationwith local communitiesand indigenouspeoples.Althoughcomparativephylogeographydoesnot yet
require whole-genome sequencing for many of its goals, we conclude that it nonetheless plays an important role in grounding our
interpretation of genetic variation in the fundamentals of geography and Earth history.

Key words: Gott Earth projection, whole-genome sequencing, landscape genomics, place-based education, indigenous
knowledge.

Significance

Comparative phylogeography shares many concepts and techniques with comparative population genomics, yet
differs in its emphasis on geography, codistribution of species, and genetic structure within species. We review the
history of comparative phylogeography and its global expansion in the last 12 years and suggest that it complements
comparative population genomics in its ability to engage students, indigenous groups and the public via its focus on
geography, prominent landscape features, and Earth history.

! The Author(s) 2021. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.
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PacBio HiFi reads are long and accurate

8

HiFi reads: long and accurate 
` HiFi reads: long & accurate 
` A breakthrough every ~5 years
` Most existing assemblers cannot make full use of the accuracy 

Coutesy Haoyu Cheng, Dana Farber Cancer Institute
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Assembly graph construction
` Build string graph with the overlaps between reads coming from the 

same haplotype 

Hifiasm – a HiFi accurate read assembler 
that resolves haplotypes

2

De novo genome assembly

Genome assembly

Coutesy Haoyu Cheng, Dana Farber Cancer Institute



Partially phased haplotypes span megabases
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Sampling of scrub-jay species and outgroups
Core species

AI = A. insularis – 30 haplotypes
AW = A. woodhouseii – 30 haplotypes
AC = A. coerulescens – 28 haplotypes

Outgroups and additional species
AA = A. californica – 2 haplotypes
CS = C. stelleri – 2 haplotypes
CY = Cyanocorax yucatanicus – 2 haplotypes

Aphelocoma
woodhouseii
(AW; 15)

A. coerulescens
(AC; 14) 

A. insularis
(AI; 15)
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60-fold range in effective population size 
across species

Li & Durbin. 2011. Nature 2011, 475:493-496; Flouri et al. 2020. Mol. Biol. Evol. 37: 1211-1223
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Assemblies of Island Scrub-Jays are 
~80 Mb smaller than other species

mean within
species
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Interspecific variation in repeat content…
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Telomeres predicted to be shorter 
in species with small Ne

https://medibalans.com/telomere/
population sizes. We note that Ne can be calculated from 
polymorphism data (Charlesworth 2009; Wang et al. 
2016), as smaller populations contain less genetic diversity, 
and that historical population sizes can be inferred via se-
quentially Markovian coalescent approaches (Mather 
et al. 2020).

Plausibility of Our Hypothesis

Preliminary Evidence from Nonmammalian Species

TL varies a considerable amount in nonmammalian verte-
brate species. Short telomeres are observed in sharks and 
rays (∼3 kb) and in swordtail fish species (2 to 6 kb) 
(Rocco et al. 2001; Downs et al. 2012). By contrast, adult 
zebrafish have relatively high TL, ranging from 16 to 
25 kb (Anchelin et al. 2011). TL variation has also been 
studied in lizards (Olsson et al. 2010; Fitzpatrick et al. 
2021). Sampling 10 natural populations of Zootoca vivi-
para, Dupoué et al. (2017) found that lizard populations 
with a higher risk of extinction had smaller telomeres 
than populations that were nonthreatened.

Among bird species, the relationship between TL and Ne is 
less clear. Here, we focus on three related species pairs that 
have Ne estimates from 100,000 yr ago (Germain et al. 

2023) and known TL (Tricola et al. 2018). Consistent with our 
hypothesis, barn swallows (Hirundo rustica, Ne = 3.6 × 105, 
TL = 8.7 kb) have both a smaller historical Ne and shorter 
telomeres than white-rumped munia (Lonchura striata, 
Ne = 5.7 × 105, TL = 16.36 kb). Examining two species 
of seabirds, we note that Adélie penguins (Pygoscelis adeliae, 
Ne = 3.7 × 104, TL = 7.35 kb) and northern fulmars (Fulmarus 
glacialis, Ne = 2.3 × 104, TL = 14.25 kb) have similar Ne but 
widely different lengths of telomeres. Lastly, thick-billed murre 
(Uria lomvia, Ne = 14.4 × 104, TL = 7.7 kb) and black guillemot 
(Cepphus grylle, Ne = 5.6 × 104, TL = 14.59 kb) show the op-
posite trend of what we would expect, as the species with a lar-
ger Ne has shorter telomeres. Notably, many species of birds 
have ultralong telomeres ranging in size from a few hundred 
kilobases to 1 to 2 Mb (Delany et al. 2000; Atema et al. 
2019). The function of these ultralong telomeres is not well 
characterized, but they have been shown to localize on 
gene-rich microchromosomes (Nanda et al. 2002).

Preliminary Evidence from Mammals

Not only do mammalian species have substantial variation 
in TL, but their population sizes also vary by multiple orders 
of magnitude. In a landmark study, Gomes et al. (2011)
showed that TL and other life history traits vary substantially 

FIG. 1.—Schematic showing how effective population size can impact TL. Natural selection drives evolution when population sizes are large, which can 
result in the maintenance of long telomeres. Genetic drift plays a more important role when population sizes are small, which can result in the accumulation of 
slightly deleterious alleles that are associated with short telomeres.
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population sizes. We note that Ne can be calculated from 
polymorphism data (Charlesworth 2009; Wang et al. 
2016), as smaller populations contain less genetic diversity, 
and that historical population sizes can be inferred via se-
quentially Markovian coalescent approaches (Mather 
et al. 2020).

Plausibility of Our Hypothesis

Preliminary Evidence from Nonmammalian Species

TL varies a considerable amount in nonmammalian verte-
brate species. Short telomeres are observed in sharks and 
rays (∼3 kb) and in swordtail fish species (2 to 6 kb) 
(Rocco et al. 2001; Downs et al. 2012). By contrast, adult 
zebrafish have relatively high TL, ranging from 16 to 
25 kb (Anchelin et al. 2011). TL variation has also been 
studied in lizards (Olsson et al. 2010; Fitzpatrick et al. 
2021). Sampling 10 natural populations of Zootoca vivi-
para, Dupoué et al. (2017) found that lizard populations 
with a higher risk of extinction had smaller telomeres 
than populations that were nonthreatened.

Among bird species, the relationship between TL and Ne is 
less clear. Here, we focus on three related species pairs that 
have Ne estimates from 100,000 yr ago (Germain et al. 

2023) and known TL (Tricola et al. 2018). Consistent with our 
hypothesis, barn swallows (Hirundo rustica, Ne = 3.6 × 105, 
TL = 8.7 kb) have both a smaller historical Ne and shorter 
telomeres than white-rumped munia (Lonchura striata, 
Ne = 5.7 × 105, TL = 16.36 kb). Examining two species 
of seabirds, we note that Adélie penguins (Pygoscelis adeliae, 
Ne = 3.7 × 104, TL = 7.35 kb) and northern fulmars (Fulmarus 
glacialis, Ne = 2.3 × 104, TL = 14.25 kb) have similar Ne but 
widely different lengths of telomeres. Lastly, thick-billed murre 
(Uria lomvia, Ne = 14.4 × 104, TL = 7.7 kb) and black guillemot 
(Cepphus grylle, Ne = 5.6 × 104, TL = 14.59 kb) show the op-
posite trend of what we would expect, as the species with a lar-
ger Ne has shorter telomeres. Notably, many species of birds 
have ultralong telomeres ranging in size from a few hundred 
kilobases to 1 to 2 Mb (Delany et al. 2000; Atema et al. 
2019). The function of these ultralong telomeres is not well 
characterized, but they have been shown to localize on 
gene-rich microchromosomes (Nanda et al. 2002).

Preliminary Evidence from Mammals

Not only do mammalian species have substantial variation 
in TL, but their population sizes also vary by multiple orders 
of magnitude. In a landmark study, Gomes et al. (2011)
showed that TL and other life history traits vary substantially 

FIG. 1.—Schematic showing how effective population size can impact TL. Natural selection drives evolution when population sizes are large, which can 
result in the maintenance of long telomeres. Genetic drift plays a more important role when population sizes are small, which can result in the accumulation of 
slightly deleterious alleles that are associated with short telomeres.
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Telomere abundances influenced by 
population size

73 

 2026 

Fig. S18. Abundances of telomeric sequences in scrub-jays and relatives.  2027 

A, correlation between telomere abundances in HiFi reads and in individuals (sum of two 2028 
haplotype assemblies per individual). The dashed line shows y=x.  The data has a slope of 2029 
0.917 (F = 30.04, R2 = 0.3769, p = 1.628e-06).  B, boxplot of proportion of telomeric sequence 2030 
in HiFi reads among individuals of AI, AW and AC.  C, boxplot of proportion of telomeric 2031 
sequence in assembled haplotypes among individuals of AI, AW and AC. D. Maximum 2032 
likelihood reconstruction of the genomic proportion of telomeric sequence from HiFi reads. 2033 
Reconstruction was executed using the R package ape and the tree and branch lengths 2034 
generated by bpp.  2035 
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Pangenome graphs capture 
structural variation within species

minigraph

odgi

build genome graph visualize genome graph

odgi viz

bandage

unaligned fasta files

Directed genome graph

Bidirected genome graph

Unaligned sequences Multiple sequence alignment

R

D

A

B

C

R

D

A

B

C

De Bruijn graph

R

A D

CB

R

A D

CB

Δ

R

A d

cB

R

A D

CB

Δ

Genomic Pangenomic
Re

fe
re

nc
e 

m
od

el
Ex

te
nd

in
g 

th
e 

m
od

el

R

D

A
B
C

Unmapped segment

Reference allele

Alternative allele

R

D

A

B

C

Shared segment

Variant

Graphical (compressed)
representation

A,C,D B,C C A,B

ia ii
i ii

i ii

iii

iii

iv

b

c

d i

ii

Linear representation
(augmented with variations)

Figure 1
Pangenomic models. (a, i) In reference-based genomic analyses, all genomes (A–D) are compared with each other via their relationship
to the reference genome (R). (ii) In a pangenomic setting, one attempts to model direct relationships between all the genomes in the
analysis, from which a particular reference is chosen arbitrarily. (iii) When extending the analysis with a new genome, !, one adds it to
the genomic model by comparing it with the reference genome. (iv) By contrast, adding a new genome to a pangenomic analysis
compares it directly with all other genomes in the model. (b, i) Regions of some genomes are unalignable against the reference and
cannot be represented in a list of variants. (ii) A graphical model of the genomes allows a direct all-to-all comparison, capturing all of
their sequence relationships. (c, i) A collection of sequences representing a pangenome. (ii) Multiple sequence alignment of the
sequences captures their mutual relationships. (d, i) In a de Bruijn graph, sequences are represented without bias, but variants may
correspond to larger graph structures. (ii) An acyclic sequence graph is equivalent to the multiple sequence alignment. (iii) A generic
sequence graph can compactly represent a structural variant (shown in orange), using edges between the forward and reverse strands of
the graph to indicate the presence of an inversion.

in scope, these analyses were effectively pangenomic. They were based on many-to-many rela-
tionships between sequences, typically derived by multiple sequence alignment. Precise multiple
sequence alignment methods are expensive, with popular algorithms scaling cubically with the
number of input sequences (102). It is infeasible to apply such computationally demanding meth-
ods to the data scales obtained with modern high-throughput sequencing. Instead, high-quality
genome assemblies and high-throughput sequencing have encouraged resequencing methodolo-
gies, wherein reads from each sample are aligned to a single reference genome. This approach

www.annualreviews.org • Pangenome Graphs 141

A
nn

u.
 R

ev
. G

en
om

. H
um

. G
en

et
. 2

02
0.

21
:1

39
-1

62
. D

ow
nl

oa
de

d 
fro

m
 w

w
w

.a
nn

ua
lre

vi
ew

s.o
rg

 A
cc

es
s p

ro
vi

de
d 

by
 H

ar
va

rd
 U

ni
ve

rs
ity

 o
n 

05
/2

6/
21

. F
or

 p
er

so
na

l u
se

 o
nl

y.
 

Directed genome graph

Bidirected genome graph

Unaligned sequences Multiple sequence alignment

R

D

A

B

C

R

D

A

B

C

De Bruijn graph

R

A D

CB

R

A D

CB

Δ

R

A d

cB

R

A D

CB

Δ

Genomic Pangenomic

Re
fe

re
nc

e 
m

od
el

Ex
te

nd
in

g 
th

e 
m

od
el

R

D

A
B
C

Unmapped segment

Reference allele

Alternative allele

R

D

A

B

C

Shared segment

Variant

Graphical (compressed)
representation

A,C,D B,C C A,B

ia ii
i ii

i ii

iii

iii

iv

b

c

d i

ii

Linear representation
(augmented with variations)

Figure 1
Pangenomic models. (a, i) In reference-based genomic analyses, all genomes (A–D) are compared with each other via their relationship
to the reference genome (R). (ii) In a pangenomic setting, one attempts to model direct relationships between all the genomes in the
analysis, from which a particular reference is chosen arbitrarily. (iii) When extending the analysis with a new genome, !, one adds it to
the genomic model by comparing it with the reference genome. (iv) By contrast, adding a new genome to a pangenomic analysis
compares it directly with all other genomes in the model. (b, i) Regions of some genomes are unalignable against the reference and
cannot be represented in a list of variants. (ii) A graphical model of the genomes allows a direct all-to-all comparison, capturing all of
their sequence relationships. (c, i) A collection of sequences representing a pangenome. (ii) Multiple sequence alignment of the
sequences captures their mutual relationships. (d, i) In a de Bruijn graph, sequences are represented without bias, but variants may
correspond to larger graph structures. (ii) An acyclic sequence graph is equivalent to the multiple sequence alignment. (iii) A generic
sequence graph can compactly represent a structural variant (shown in orange), using edges between the forward and reverse strands of
the graph to indicate the presence of an inversion.

in scope, these analyses were effectively pangenomic. They were based on many-to-many rela-
tionships between sequences, typically derived by multiple sequence alignment. Precise multiple
sequence alignment methods are expensive, with popular algorithms scaling cubically with the
number of input sequences (102). It is infeasible to apply such computationally demanding meth-
ods to the data scales obtained with modern high-throughput sequencing. Instead, high-quality
genome assemblies and high-throughput sequencing have encouraged resequencing methodolo-
gies, wherein reads from each sample are aligned to a single reference genome. This approach
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proportionally much less core sequence (56.2%) compared with our 
Aphelocoma pangenome, whereas a pangenome of inbred strains of 
chicken (89), constructed with methods broadly similar to those used 
in this work, exhibited a percent accessory sequence (5.0%) similar to 
that of the AI pangenome (fig. S24), suggesting a common effect of 
low genetic diversity. The lower core sequence in birds versus in hu-
mans could be driven in part by technical differences because each of 
the haplotypes in the human pangenome was more accurate and 
highly resolved compared with the haplotypes we studied (32).

SV diversity within and between species
We quantified the number and genomic distribution of SVs to ask how 
they are influenced by effective population size. To call SVs, we projected 

the PGGB pangenome graph to VCF (vari-
ant call format) format using vg decon-
struct v1.40.0. The AW female reference 
assembly provided standardized coordi-
nates for all haplotypes, the CY outgroup 
provided ancestral states, and we used a 
reproducible protocol for classifying multi-
allelic and complex SVs (63). Throughout, 
we refer to insertions and deletions <50 bp 
in length as insertion- deletion polymor-
phisms (indels) (INS and DEL) and those 
≥50 bp as SVs (SVINS and SVDEL).

We found a total of 3,140,747 indels and 
448,012 SVs in the 84% of the assembly 
lengths captured in the PGGB graph (fig. 
S25 and table S8). Whereas the modest in-
del bias (~1.29 to 1.50), also seen in genome- 
 wide studies of other organisms (17, 90), 
appears resistant to the reference ge-
nome used when projecting to the PGGB 
pangenome graph to the VCF, the SVDEL 
and SVINS bias is not only less pronounced 
when using the AW reference or across SV-  
detection methods (33, 91) but also re-
duces to ~1 or <1 when using the smaller 
genomed CY or CS outgroups as references 
(table S9). This sensitivity likely points 
to the increased challenges of calling and 
polarizing SVs compared with indels, par-
ticularly complex SVs that may be driven 
by mutational dynamics challenging to 
capture by simple outgroup polarization 
(supplementary text).

The number of SVs identified by mini-
graph (33) and a reference- based method 
(91) are generally fewer than those iden-
tified with PGGB, but they exhibit similar 
trends within and across species (table 
S9). SVs were enriched toward chromo-
some ends (fig. S26) and positively associ-
ated with recombination rates across both 
macro-  and microchromosomes (fig. S27) 
(63), resulting in higher densities on mi-
crochromosomes than on macrochromo-
somes (fig. S28). SVs were rarest in highly 
conserved nonexonic regions (CNEEs), 
which are known to influence gene regula-
tion and to act as enhancers in birds (92) 
(Fig. 3G and fig. S25). We found that the 
density of SVs (SVs per megabase) was 
highest not in intergenic regions, which 
make up 59% of the reference genome, but 

in introns, which make up only 12.7% (Fig. 3G). Although the num-
ber of SVs in exons is much lower than in noncoding regions, the 
density per megabase is higher than even intergenic regions (521 
per megabase in exons versus 328 per megabase in intergenic re-
gions; Fig. 3G, fig. S25, and table S8). The high proportion of SVs 
in exons and introns may signal a relationship between SV forma-
tion and germline transcription, which would disproportionately 
affect exons and introns.

The rank order of the number of variants for SNPs, indels, and SVs 
in the PGGB graph was AW > AC > AI (Fig. 4, A and B). Biallelic SNPs 
were ~8.5 times as common as biallelic indels, which in turn were 
about 20 times as common as biallelic SVs (Fig. 4C). By contrast, mul-
tiallelic SVs were ~1.6 times as common as multiallelic SNPs, even 
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2D pangenome graph visualizations – PGGB/Odgi

Chr 1 – 160 Mb
‘telomere kiss’

Chr 18 – 12 Mb Chr 23 – 8 Mb



Variation in depth of a pangenome graph
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Pangenome depth reveals chromosomal features



Number of structural variants scales with population size
Figure 4

S
N

P
SV

 (>50 bp)

AW
AC
AI

SNP INDEL SV

cnee exon intron cnee exon intron cnee exon intron
−12

−8

−4

0

−2�0
−1�5
−1�0
−0�5

0�0

−0�8

−0�6

−0�4

−0�2

0�0

Į

     

Genomic region

AW
AC
AI

CNEE Exon Intron

Neutral
0−1

Weak
1−10

Moderate
10−100

Strong
!100

Neutral
0−1

Weak
1−10

Moderate
10−100

Strong
!100

Neutral
0−1

Weak
1−10

Moderate
10−100

Strong
!100

0�00

0�25

0�50

0�75

1�00

0�00

0�25

0�50

0�75

1�00
0�00

0�25

0�50

0�75

1�00

0�00

0�25

0�50

0�75

1�00
0�00

0�25

0�50

0�75

1�00

0�00

0�25

0�50

0�75

1�00

DeleterioXsness �−Ȗ = −Nes)

Pr
op

or
tio

n

G

F

Pr
op

or
tio

n

AW
AC
AI

CNEE Exon Intron Intergenic S
N

P
SV

 (>50 bp)

0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30

0�0
0�2
0�4
0�6
0�8

0�0
0�2
0�4
0�6
0�8

Derived allele count

A B C D
SNP SV

Bi-allelic Multi-allelic Bi-allelic Multi-allelic
     0

100

200

300

0

 5

10

15

C
ou

nt
 (m

illi
on

s)

C
ou

nt
 (t

ho
us

an
ds

)

0�1

0

Pr
op

or
tio

n 
sh

ar
edAll

AW
AC
AI

0�0

0�1

0�2

0�3

AW AC AI

SNP
INDEL
SV

E

0�0

0�1

0�2

0�3

0�4

SV/SNP INDEL/SNP

R
at

io

HF
AW
AC
AI

SNPs
structural
variants



Indirect evidence for an interaction between 
selection and genetic drift for structural variants

Figure 4
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substitution rate? Some researchers assume, as a
working model, that fluctuations in rate will be scat-
tered randomly over the phylogeny. If so, then local
variations in substitution rate might average out over
long timescales, and simply add noise to the molecu-
lar clock, making date estimates imprecise. Molecular
clock techniques can be designed to express the slop-
piness that arises from the variation in substitution
intervals by modelling the substitution process as a
Poisson process25,26. The confidence intervals around
the date estimates using this technique can be very
large, showing the importance of considering variabil-
ity when using molecular clocks to estimate dates of
divergence27. But, in addition to imprecision arising
from the variability in the substitution process, the
tick rate of the clock can also vary consistently
between different species, such that some branches of
the phylogeny have a faster rate of molecular evolu-
tion than others. In this case, molecular date estimates
could be systematically inaccurate28.

Different rates for different groups
Although it is broadly true that the longer two species
are separated, the more protein or DNA differences
will accumulate between them, the nearly neutral
theory of molecular evolution (BOX 4) leads us to
expect that the rate of molecular evolution can vary
in three ways: through changes to mutation rate,
population size or selective coefficients. Because these
factors can differ between species or over time, they
give rise to lineage effects (variation in substitution
rate between species)11.

Mutation rate clearly varies between taxa29 and much
of this variation is due to differences in repair equip-
ment (biochemical factors). Mutations arise both
through errors during DNA replication, and through

example, sequences for which many sites can change
and maintain three-dimensional structure will tend to
have neighbouring sequences that also have many
variable sites, and so neighbours will tend to have simi-
lar rates of molecular evolution. This autocorrelation
between substitution rates for neighbouring sequences
will also show a higher variance in the number of sub-
stitutions per unit time than is expected from a simple
Poisson process. As the three-dimensional structure of
a protein evolves, the position and proportion of vari-
able sites in the sequence is expected to change over
time — a process described by the covarion model of
protein evolution6,16.

In addition, the strength of selection on particular
sites can change, producing bursts of substitutions as a
molecule is adapted to a new role or responds to
changes in another part of the genome. For example,
ruminants (such as cattle) and leaf-eating langur mon-
keys have independently evolved herbivory, exploiting a
food resource that poses biochemical challenges. They
have co-opted several existing enzymes (such as
lysozyme and ribonuclease) into the task of leaf diges-
tion and the genes that code for these proteins show a
burst of amino-acid changes as the proteins evolve into
their new role17,18.

Not only can particular sites in a gene undergo a
change in selection pressure, but also the selection co-
efficient of an entire gene can change. This is most
obvious in pseudogenes — copies of a gene that have
been rendered non-functional by mutation. Thereafter,
any change to the non-functional sequence has no fur-
ther effect on fitness, so all substitutions are neutral.
Pseudogenes, and other sequences with no effect on
fitness, have a fast rate of molecular evolution because
most changes to the sequence are allowed. Similarly,
the patterns of selection in duplicated copies of a gene
might change as they evolve new roles, and this might
be reflected in the rates of molecular evolution.
Although it is possible that the overall rate of adapta-
tion or morphological change of a species might
influence the molecular clock, so far there has been
little evidence to support this proposition from either
experimental studies19 or comparative analyses20,21.

Another source of variability comes from the
effect of population size on the rate of fixation of
mutations. Tomoko Ohta22,23 extended the neutral
theory by recognizing the critical role of effective
population size (FIG. 1c ; BOX 4). Small populations are
more severely affected by stochastic fluctuations in
allele frequencies, so genetic drift (random sampling
error on allele frequencies) can overpower selection
for alleles with small selection coefficients. Therefore,
the fixation of nearly-neutral alleles of small selective
effect is expected to be greatest in small popula-
tions23,24. So, if a population undergoes a marked
reduction in population size due to an environmental
catastrophe, this event might be accompanied by a
burst of fixation of nearly-neutral alleles. In this way,
population fluctuations might add to the sloppiness
of the molecular clock.

What is the practical effect of the unevenness of

Selection theory

Neutral theory

Nearly neutral
theory

Deleterious

Advantageous

Neutral

Nearly neutral

Figure 1 | Selectionist, neutral and nearly neutral theories.
a | Selectionist theory: early neo-Darwinian theories assumed
that all mutations would affect fitness and, therefore, would be
advantageous or deleterious, but not neutral. b | Neutral
theory: the neutral theory considered that, for most proteins,
neutral mutations exceeded those that were advantageous,
but that differences in the relative proportions of neutral sites
would influence the rate of molecular evolution (that is, more
neutral sites would produce a faster overall rate of change)
(BOX 3). c | Nearly neutral theory: the fate of mutations with
only slight positive or negative effect on fitness will depend on
how population size affects the outcome (BOX 4). Figure
modified with permission from REF. 22.

Bromham and Penny. 2003. Nature Reviews Genetics



Weakly deleterious mutations reduce 
nearby genetic diversity

A B C

Fig. 1. The frequency spectrum of focal selected alleles in the weak mutation limit (� ⌧ 1). The site frequency spectrum observed in simulations (points) are 
compared to theoretical predictions (lines) for focal alleles under varying strengths of direct selection, assuming a background selection intensity of B ⇡ 0.82 
(the human average). The site frequency spectrum is scaled relative to the standard neutral expectation (✓/q). Focal alleles are (A) nearly neutral (2Ns = �1.5), 
(B) moderately deleterious (2Ns = �10), and (C) strongly deleterious (2Ns = �2,000). Di�erent colors represent simulations where the same total reduction in 
e�ective population size (B) is achieved using di�erent selection coe�icients or a distribution with an equal mixture of all three for the background deleterious 
mutations (sb). The dashed lines represent the approximation developed in Eq. 4 for panels (A and B), and Eq. 5 for panel (C). Insets show the relative density of 
alleles across frequency bins, comparing scenarios with background selection to those without, with theoretical prediction plotted in a dashed line. 

Because of the independence among sites, the impact of 
background selection on each site is captured entirely by the local 
reduction in effective population size. This leads to a rescaled 
fixation asymmetry p+(� B) = (1 + e2� B)�1 , driving a large shift 
in the mean phenotype. For weakly selected sites, this shift is 
much larger than the scale of the standing genetic variation (i.e., 
(ḠB � Ḡ)/

p
VG � 1), resulting in a significant decline in the 

mean fitness of the population (SI Appendix, Text C). 
The impact on the variance follows from the relationship 

between heterozygosity and fixation rates established in Eq. 7. 

Specifically, the variance is reduced by a factor 

VG,B 

VG 
= 

b(� B) 
b(� ) 

= 
tanh(� B) 
tanh(� ) 

[11] 

(Fig. 2C ; 37). This reduction is greatest for effectively neutral al-
leles (VG,B/VG ⇡ B for � ⌧ 1) but weakens as selection strength 
increases, vanishing entirely for strongly selected sites (� � 1). 
This fading reflects the fact that strong negative selection purges 
alleles faster than BGS can remove the background, rendering 
the reduction in Ne irrelevant. Because the selection coefficient 

A B C 

Fig. 2. The impact of background selection on genetic variation under directional selection. (A) The reduction in genetic diversity for single-site additive 
directional selection model, represented as the ratio of expected heterozygosity with BGS to that without BGS (hd (�B)/hd (�)), is plotted against the population-
scaled selection coe�icient (�). Simulation results (points) are shown alongside the theoretical prediction from Eq. 7 (solid line). The horizontal red dashed line 
indicates the expected diversity reduction for a neutral allele, B ⇡ 0.82. (B) A schematic depicting the relationship between sites that are causal to a focal trait 
(pink bars) and linked deleterious mutations that contribute to other fitness components (gray bars), which are responsible for BGS e�ects. (C) We compare the 
genetic variance reduction (VG,B/VG) for the exponential fitness model (green) and the single e�ect size liability threshold model (purple). Simulation results are 
plotted as points, and the prediction for the exponential fitness function from Eq. 11 is plotted as a green dashed line. The horizontal red dashed line indicates 
the expected diversity reduction for a neutral allele, B ⇡ 0.82. The vertical dotted line marks � ⇡ 6, which corresponds roughly to pT ⇡ 1/2L given that we use 
L = 105 to simulate. The chromosome structure we used to simulate the threshold model is depicted at Right Top, showing trait loci (pink bars) interspersed 
among BGS sites (gray regions). 
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Figure S1. The effects of background selection across simulated chromosomes. B was 
calculated for simulated data by comparing observed ! to the neutral expectation of 
4#!$ = 0.01. The lines show the theoretical expectation calculated using formulae from 
Nordborg et al (1996). 

0.5

0.6

0.7

0.8

0.9

1.0

0 5 10 15 20 25

Position in chromosome (Kbp)

B
λ

0.1
1
10

N
ba

ck
gr

ou
nd

 s
el

ec
tio

n 
/ 

N
ne

ut
ra

lit
y

l = change in recombination rate

Booker et al. 2022. Proc. R. Soc. Lond. B. 289:20220782 



SVs are on average more deleterious
than SNPs

Tomoko Ohta

Barton HJ, Zeng K: New Methods for Inferring the Distribution of Fitness Effects for INDELs and SNPs. Mol Biol Evol 2018, 35:1536-1546.
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Estimating the fraction of sites fixed adaptively

Smith NG, Eyre-Walker A. 2002. Nature: 415:1022-1024.
Stoletzki N, Eyre-Walker A. 2011. Mol. Biol. Evol. 28:63-70

• Intergenic SNPs used as the neutral standard (Ds, Ps)
• SVs used as non-neutral test cases (Dn, Pn)
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Longer SVs rise to higher frequencies 
in island population

Density of ~485,000 structural variants extracted from PGGB pangenome graph

Figure 5
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Inversions are common and track population size

Chr. 1A Chr. 5



382 inversions identified by pangenome 
and reference-based methods
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Assembly errors can mimic gene deletions
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Gene copy number variants exhibit 
a surprising pattern

gene deletion is most common type of CNV
and most common in Island Scrub-Jay

Using miniprot and pangene
Li et al. 2024. Bioinformatics
Li, H. 2023. Bioinformatics

Gene duplications are rarest in Island Scrub-Jay
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as many as found in AC and AW across filtering strategies (Fig. 6, D 
and E). For CNVs found in at least two haplotypes, we detected 2839 
in AI, 696 in AC, and 578 in AW (tables S12 and S13). Approximately 
83.9% of CNVs in AI were AI specific, whereas this number was much 
lower in AC (37.3%) and AW (19.5%) (table S13). Across species, AI birds 
experienced the greatest number of genotypes homozygous for in-
ferred deletion or truncation of genes, about 27 to 50% more than AC 
and AW (Fig. 6, D and F, and table S13), a result unlikely to be driven 
by variation in assembly quality (63). Whereas AI (Fig. 6A) and AC 
experienced complete loss of 14 and 15 autosomal genes, respectively, 
AW has lost only one (EDMPN2; table S13). Across loci within species, 
deletions of genes were between 2 and 68 times as common as multi-
plications (Fig. 6, F and G). In contrast to gene deletions, gene multi-
plications were less common in AI (119 genes) than in AC (204) or AW 
(266) (Fig. 6G, table S13, and figs. S47 and S48).

CNVs could have direct consequences for organismal or cellular 
phenotypes, such as gene expression. To detect the effect of CNVs on 
gene expression, we sequenced transcriptomes of five tissues across 
each of the 15 AW birds (brain, eye, liver, heart, and gonad) and blood 
for each of the 14 AC birds, for a total of 62 transcriptomes. We quanti-
fied gene expression across 15,870 genes, of which 10,671 both had 
expression levels greater than 1 transcript per million (TPM) in at least 
one tissue in AW birds and were included in the pangene analysis (fewer 

genes—7581—had TPM >1 in AC birds, as expected given 
our use of whole blood). A linear mixed model fit to 
autosomal genes with TPM as the response variable, 
copy number as the independent variable, and gene and 
tissue as random effects revealed a significant effect of 
AW gene copy number on TPM within and across tissues 
(P = 0.048; Fig. 6H) (63).

Discussion
Comparative population genomics has traditionally fo-
cused on SNPs as the primary metric of genomic diversity 
across species. Studies of indels and SVs are increasing, 
but few have comprehensively analyzed variation across 
the full spectrum of genomic changes, including inver-
sions, across multiple species. In this study, we leveraged 
long- read sequencing at the population level and pange-
nome computational tools to investigate the dynamics 
of structural variation across three closely related avian 
species with notably different effective population sizes. 
Whereas human pangenome studies (32) benefit from 
exceptionally high- quality assemblies, they are limited 
to a single species with relatively low genetic diversity. 
By contrast, our pangenomes of 44 Aphelocoma jays span 
three species about half as diverged from each other as 
humans are from chimpanzees, with outgroups about half 
as diverged as the human- orangutan split (84). Advances 
in long- read sequencing and computational methods 
have now revealed that structural variation within humans 
and other species is far more widespread than pre viously 
appreciated, even in birds, whose mode of genome evolu-
tion is generally thought to be conservative (11, 113). Our 
findings underscore the power of multispecies pangenome 
approaches to scale across the species boundary (84) and 
reveal how demographic processes influence genome 
architecture and diversification.

Our results provide a high- resolution lens on how ge-
nome size and architecture evolve between closely related 
species; significantly, the majority of the genomic events 
that we document in Aphelocoma can plausibly be as-
cribed to demographic processes, as opposed to muta-
tional events (Fig. 7) (81, 114–116). The smaller assembly 
size of island scrub- jays compared with close relatives 

contrasts with theoretical predictions that genetic drift associated with 
bottlenecks should lead to expansion of deleterious transposable ele-
ments, increasing genome size. Recent surveys in animals also reject 
this association (117); our data suggest that the relationship between 
population size and genome size in the short term is complex. We 
detected highly heterogeneous shifts in satellite abundance not predict-
able from population size alone but that instead suggest that both 
founder events and mutational processes—such as the burst of satellite 
abundance in the Aphelocoma ancestor—influence the distribution of 
satellites and genome size across species (Fig. 7). The discovery of un-
expectedly long satellite repeat units (>10 kb) in Aphelocoma adds an-
other layer of complexity to avian genome structure: Such long repeats 
may play roles in genome plasticity, with potential functional conse-
quences (118, 119) and roles in the evolution of complex traits (115).

SVs have played major roles in adaptive evolution across diverse taxa, 
especially inversions (120–122) and regulatory and dosage changes 
precipitated by indels and CNVs (123, 124). Our findings indicate that 
most SVs behave as weakly deleterious variants and that adaptive 
variants are rare, consistently detected only in AW—the species with 
the largest Ne. This discrepancy likely reflects a bias in the literature, 
where inversions and other SVs with clear adaptive functions or pheno-
typic effects are more readily identified and studied, whereas the many 
inversions with neutral or deleterious effects remain underreported. 
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Fig. 6. Copy number variation and gene expression. (A to C) Three examples of gene presence- 
absence variation and copy number variation within the pangenome gene graph constructed using 
Pangene (left), and bar plots of average copy number per haplotype across species (right). Not all gene 
haplotypes are shown. (D) Number of genes (y axis) for which a given “absence allele count” (x axis) 
was detected per species. (E) Total number of CNVs per species, requiring at least two haplotypes to 
exhibit a CNV. (F) Number of genes with homozygous deletions per species. (G) Genes with copy 
number increases (multiplications) for each species. (H) Log10- transformed TPM values in AW across 
tissues (brain, eye, heart, testes, gonad, and liver) by gene copy number, indicating that elevated 
expression is associated with higher gene copy number (P = 0.048).
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Copy number variants influence gene expression
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Population size influences diversity of 
structural variants in scrub-jaysFigure 7
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• Long-read pangenomes reveal increased complexity of 
bird genomes
• Telomeres, but not genome size, follow predictions of Ne

• Structural variants generally track population size and 
are estimated to be slightly deleterious
• Gene copy number variants behave as if strongly 

deleterious

Population size influences diversity of 
structural variants in scrub-jays
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Multispecies pangenomes reveal a pervasive  
influence of population size on structural variation
Scott V. Edwards*, Bohao Fang, Danielle Khost, George E. Kolyfetis, Rebecca G. Cheek, Devon A. DeRaad,  
Nancy Chen, John W. Fitzpatrick, John E. McCormack, W. Chris Funk, Cameron K. Ghalambor, Erik Garrison,  
Andrea Guarracino, Heng Li, Timothy B. Sackton 

INTRODUCTION: Structural variants are a diverse class of mutations, 
including insertions, deletions, translocations, inversions, and other 
multinucleotide mutations. The number, chromosomal distribution, 
and fitness effects of structural variants as well as the effect of 
demographic events on their diversity and evolution make up a 
major frontier in evolutionary genomics. Yet what little we know 
about these issues is based on DNA sequencing and computational 
methods that cannot capture the full diversity of structural variants. 
Several recent studies have demonstrated that structural variants 
are often deleterious, but most of these studies have used DNA 
sequencing methods involving short reads and bioinformatics 
pipelines involving mapping variants to a single reference genome. 
Population- scale long- read datasets, involving sequencing and de 
novo assembly of multiple individuals within a species, are better at 
capturing the full spectrum of structural variants, but such datasets 
are rare outside of humans. Pangenome methods using all- versus- all 
approaches to genome alignment without designating a reference 
genome are also rarely applied in nonmodel species, but they allow 
better characterization of the full landscape of structural variants. 
Together, pangenomes based on population- scale long- read datasets 
provide opportunities for understanding the full diversity of 
structural variants and their evolutionary properties.

RATIONALE: We used population- scale long- read sequencing and 
pangenome methods to characterize diversity and evolution of 
structural variants in three species of North American scrub- jays 
(Aphelocoma) that exhibit a strong gradient in effective population 
sizes. Whereas the widespread Woodhouse’s scrub- jay (Aphelocoma 
woodhouseii) has six times the variation found in humans, the island 
scrub- jay (Aphelocoma insularis) underwent a strong bottleneck and 
has one- tenth the variation of humans, resulting in an ~55- fold range 
in effective population size among the species. We sequenced 45 

long- read genomes across three scrub- jay species, reasoning that 
these birds would provide a powerful setting for applying compara-
tive population genomics to understand the evolutionary forces 
acting on structural variants in natural populations.

RESULTS: Our pangenome survey revealed unexpected differences in 
genome size between these closely related species; identified more  
than 3 million insertion- deletion polymorphisms and nearly 450,000 
structural variants; facilitated visualizing the pangenomic signatures of 
these variants; and helped quantify their interaction with prominent 
repetitive features of avian genomes, such as the highly dynamic satellite 
landscape. Structural variants, including more than 300 inversions 
ranging in length up to ~3 megabases, were most abundant in 
A. woodhouseii, followed by Aphelocoma coerulescens and A. insularis.
These variants were estimated to be, on average, more deleterious
than single- nucleotide variants and potentially adaptive only in the
species with large population size. Gene copy number variants, such as
gene deletions, were widespread, yet occurred most frequently in
A. insularis—the species with the smallest population size—suggesting
even greater deleteriousness. Through transcriptomes, we show that
gene copy number variation influences gene expression and therefore
likely has detectable effects on organismal function.

CONCLUSION: Population- scale long- read sequencing and pangenome 
tools provided a high- resolution lens on the rapid evolution of 
genome architecture, repeat landscapes, and structural variant and 
gene copy number diversity in this trio of closely related species. The 
use of pangenome tools in natural populations will facilitate our 
understanding of the evolutionary drivers of structural variation. 

*Corresponding author. Email: sedwards@ fas. harvard. edu Cite this article as S. V. Edwards
et al., Science 390, eadw1931 (2025). DOI: 10.1126/science.adw1931
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