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Abstract
Understanding how genome structure and gene content evolve within and among plant species requires analytical frameworks 
that capture the full spectrum of allelic and structural variation. Plant pangenomes have progressed from gene-focused and 
linear representations to chromosome-scale, haplotype-resolved graphs that preserve allelic and structural diversity across 
populations. Attention is increasingly focused on the evolutionary processes that generate and maintain pangenome 
architecture, alongside the adoption of graph-based coordinate systems that reduce reference bias and enable multi-omics 
integration. Here, we review plant pangenome paradigms, from early homology-based gene sets to haplotype-resolved 
graph models, and summarize tradeoffs in construction, mapping, and variant analysis. We synthesize patterns of core and 
variable gene compartments across studies and examine how transposable elements, gene duplication, and selection shape 
their contrasting evolutionary dynamics. Using panNLRomes and crop domestication as case studies, we illustrate how 
graph-based frameworks clarify evolutionary and functional signals obscured by single references, including birth-death 
dynamics at resistance loci and structural variants associated with domestication. Finally, we discuss emerging applications 
in pantranscriptomics and panepigenomics and outline key methodological and infrastructural challenges.
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Introduction: Beyond the single 
reference genome
Plant genomic diversity spans multiple scales, from point mutations 
and transposable element (TE) insertions to large structural rear
rangements and whole-genome duplications that reshape genome 
size, structure, and gene content (Bennetzen and Wang 2014; 
Wendel et al. 2016; Soltis and Soltis 2021). Extensive genomic vari
ation is evident even within a single species, where structural and 
genic configurations arise through diverse mutational mechanisms 
and are shaped by the interplay of natural selection, demographic 
history, and genetic drift (Gaut et al. 2018; Exposito-Alonso et al. 
2022; Leventhal et al. 2025). At the individual scale, many plant ge
nomes carry deeply diverged haplotypes that maintain high levels 
of heterozygosity across large genomic regions (Hu et al. 2021; Li 
et al. 2023a; Chen et al. 2025a). In long-lived perennials and clonally 
propagated species, somatic mutations and epigenetic drift further 
amplify divergence among individuals (Vondras et al. 2019; Zhou 
et al. 2019; Ibañez and Quadrana 2023; Cochetel et al. 2025).

Until recently, nearly all genomic analyses depended on a single 
reference assembly, in which one haploid representation served as 
the coordinate system for an entire species. This approach 

facilitated comparability across studies and provided a common 
framework for research communities (Kaye and Wasserman 
2021). Yet as population-scale sequencing expanded, it became 
clear that a single reference captures only a fraction of the struc
tural variation within a species. Insertions, deletions, and duplica
tions absent from the reference lead to read misalignment and 
inaccurate variant calls (Fig. 1a) (Igolkina et al. 2025). These struc
tural variants (SVs) directly affect loci in reference genomes that 
may lack genes and regulatory sequences present in other individ
uals (Fig. 1b), obscuring lineage-specific features (Sherman and 
Salzberg 2020; Lei et al. 2021). Moreover, most references are re
duced to a haploid representation, discarding allelic and haplotype 
diversity (Wong et al. 2020; Della Coletta et al. 2021). 
Lineage-specific sequences absent from the reference may include 
regions carrying signatures of recent selection or adaptive diver
gence (Beaulieu et al. 2025; Feng et al. 2025a). Because evolution
ary analyses rely on accurate estimates of allele frequency, linkage, 
and structural variation, reference bias can distort conclusions 
about selection, demographic history, and adaptive dynamics 
(Paten et al. 2017; Sirén et al. 2021; Wu et al. 2024; Akopyan et al. 
2025).
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Reference bias propagates through any mapping-dependent 
analysis. In transcriptomics, reads from paralogous genes or di
vergent alleles may be misassigned or lost entirely (Fig. 1c) 
(Stevenson et al. 2013), and genotype-specific references have 
proven essential for accurate transcript quantification in barley 
(Guo et al. 2022), rice (Slabaugh et al. 2019), and wheat 
(Coombes et al. 2024). In epigenomics, methylation sites absent 
from the reference cannot be detected (Fig. 1c) (Liu et al. 2012; 
LaBarre et al. 2019; Wulfridge et al. 2019; Zhou et al. 2020), as 
demonstrated in Arabidopsis (Kawakatsu et al. 2016) and grape
vine (Cochetel et al. 2025). Similarly, genome-inferred annota
tions constrain proteomic analysis to reference-encoded 
proteins, limiting peptide identification, enzyme discovery, and 
pathway prediction (Mudge and Harrow 2016).

Pangenomics addresses these limitations by integrating mul
tiple genome assemblies into a unified framework that captures 
both shared and lineage-specific sequences, including SVs, alter
native haplotypes, and gene presence–absence variation (PAV) 
(Golicz et al. 2016a; Sherman and Salzberg 2020). As high-quality 
assemblies accumulate across species, pangenomes provide a 
coherent framework for organizing and comparing genomic di
versity (Bayer et al. 2020). Graph-based representations are par
ticularly well suited to this task, offering a scalable coordinate 

system that extends from single genomes to population-level 
resolution and facilitates the integration of multiple omics layers 
(Eizenga et al. 2020).

While pangenomes typically represent individuals from a 
single species, they can be extended to broader taxonomic 
scales. By integrating multiple species within a genus, super- 
pangenomes provide a comparative framework for studying gen
ome evolution across species boundaries, including patterns of 
introgression, lineage-specific gene family dynamics, and the 
structural basis of species divergence (Li et al. 2023b; Khan 
et al. 2024; Shi et al. 2024). In plants, super-pangenomes are par
ticularly valuable for incorporating crop wild relatives, which re
present the broader diversity from which domesticated gene 
pools were derived and often harbor adaptive alleles absent 
from modern cultivars (Khan et al. 2020; Secomandi et al. 2025).

As plant pangenomics matures, two shifts are becoming clear. 
First, the field is moving beyond enumerating gene content and 
structural variation toward interpreting the evolutionary mecha
nisms that create and maintain pangenome architecture, includ
ing the roles of TEs, duplication, selection, and demographic 
history. Second, pangenome graphs are increasingly used as 
population-level coordinate systems for functional panomics, 
supporting expression and epigenomic analyses that reduce refer
ence bias and explicitly model structural diversity. In this review, 
we outline major pangenome paradigms from gene-based cata
logs to haplotype-resolved graphs, synthesize what plant pange
nomes have revealed about core and variable compartments, 
and use panNLRomes (the full repertoire of nucleotide-binding 
leucine-rich repeat (NLR) loci of a pangenome) and domestication 
studies to illustrate how graph-based frameworks enable analyses 
that are difficult with single linear references.

Different types of plant 
pangenomes
Gene-based pangenomes
Gene-based pangenomes were the first approach developed to de
scribe how gene content varies within a clade. They represent the 
non-redundant set of genes observed across a collection of individ
uals sampled from that clade. The concept was first introduced in a 
comparative study of the bacterium Streptococcus agalactiae 
(Tettelin et al. 2005), which showed that no single genome contains 
the full repertoire of a species but rather a mixture of core genes 
shared across isolates and variable genes present in only some.

Gene-based pangenomes comprise a core genome with genes 
present in all individuals and a dispensable (or accessory) genome, 
consisting of genes not shared by all individuals (Fig. 1b) (Golicz 
et al. 2020; Lei et al. 2021; Matthews et al. 2024). The term “variable” 
is sometimes preferred to avoid implying limited biological rele
vance (Marroni et al. 2014; Lei et al. 2021). Private (or unique) genes 
are defined as genes found in only one individual and represent a 
subset of the variable genome (Fig. 1b). Using fixed thresholds is 
sensitive to technical artifacts; a single annotation or assembly error 
in any sample is sufficient to incorrectly reassign a true core gene to 
the dispensable compartment. Such misclassification can be miti
gated by evaluating gene presence/absence using frequencies, ran
ging from core genes present in all individuals to soft-core 

(a)

(b)

(c)

Figure 1 Sequence graphs as a support for panomics. a) Single reference 
genome fails to capture the genomic diversity of a population. 
b) Pangenome compartments. The core genome contains sequences/ 
genes present in all individuals, while the dispensable and private 
genomes are sequences/genes present in some or in a single individual, 
respectively. c) A sequence graph representing a pangenome can be used 
to map omics data such as resequencing data, transcriptomics, and 
epigenomics.
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(>90-95%), shell (intermediate frequency), and cloud genes de
tected only rarely (<1%) (Matthews et al. 2024; Loegler et al. 2026).

Gene-based pangenomes can be constructed using two different 
strategies. Homology-based approaches compare annotated ge
nomes directly, making results sensitive to annotation and assembly 
errors as well as to user-defined thresholds for sequence identity and 
coverage (Matthews et al. 2024; Brůna et al. 2026; Loegler et al. 2026) 
(Table 1). In contrast, map-to-pan approaches align reads from mul
tiple individuals to a representative set of genome sequences and in
fer gene presence/absence from read coverage, a process that 
depends strongly on the accuracy and completeness of the reference 
annotation (Hu et al. 2017; Wang et al. 2018; Gao et al. 2019) (Table 1). 
Given the limitations of single references discussed above, the 
map-to-pan strategy tends to underestimate gene presence at highly 
copy-number-variable loci, such as disease resistance regions, where 
collapsed assemblies or ambiguous read mapping may lead to false 
negatives (Tao et al. 2019; Barragan and Weigel 2021).

Gene-based pangenomes remain widely used because they are 
relatively straightforward to construct. However, they do not cap
ture variation in noncoding regions, including regulatory sequen
ces and repetitive elements, particularly TEs, which are major 
drivers of eukaryotic genome evolution (Bennetzen and Wang 
2014). This limits evolutionary inference, as much adaptive diver
gence in plants is mediated by regulatory and repetitive sequence 
variation rather than by changes in coding sequence alone (Lisch 
2013; Olsen and Wendel 2013a; Bennetzen and Wang 2014).

Sequence-based linear pangenomes
Sequence-based linear pangenomes extend gene-based models 
by incorporating noncoding and intergenic sequences alongside 
annotated genes. This approach was introduced to capture forms 
of variation that gene-based methods miss, including regulatory 
sequences, intergenic regions, and repetitive elements (Table 1). 
In its simplest implementation, a sequence-based linear pange
nome is built by performing pairwise whole-genome alignments 
between complete assemblies; sequences absent from the refer
ence are extracted and concatenated to produce an expanded lin
ear sequence (Matthews et al. 2024). When multiple assemblies are 
available, this process can be applied iteratively, although a refer
ence genome must still be designated as the initial backbone.

Most approaches to constructing sequence-based pangenomes 
share two limitations. First, their reliance on a single reference 
genome introduces reference bias, particularly when SVs or diver
gent haplotypes are absent from the reference. Second, a linear 
representation cannot naturally accommodate alternative alleles 
or complex structural variation, making it difficult to represent re
gions where multiple structural configurations coexist within a 
species. Despite these constraints, sequence-based linear pange
nomes provided a practical stepping stone between gene-based 
approaches and graph-based pangenomes (Bayer et al. 2020).

Graph-based pangenomes
Graph-based pangenomes expand on linear approaches by embed
ding multiple haplotypes within a unified graphical framework. In 
plants, they are commonly implemented as sequence graphs 
(Table 1), which reduce redundancy among input genomes by 

merging identical regions and representing variable segments as 
nodes connected by edges (Fig. 1c) (Eizenga et al. 2020). Each gen
ome corresponds to a walk through the graph, that is, an ordered 
series of connected nodes reflecting its linear sequence. In variation 
graphs, walks are formalized as paths, which record the linear gen
ome sequences used to construct the graph (Garrison et al. 2018). 
The coordinate system defined by these paths establishes a direct 
correspondence between positions in the graph and positions in 
the linear genomes. Sequence variation is represented as bubbles, 
subgraphs in which paths diverge from a shared node and recon
nect downstream, with each path corresponding to an alternative 
allele. Snarls generalize this concept to accommodate nested and 
more complex variant structures (Paten et al. 2018).

An alternative graph format, the de Bruijn graph, represents se
quences by decomposing them into all overlapping substrings of 
fixed length k (k-mers), using these as nodes connected by edges 
encoding consecutive overlaps (Table 1). Stretches of the graph 
where each node has exactly one predecessor and one successor 
can be collapsed into longer, unambiguous sequence segments 
called unitigs, which serve as the practical units of sequence ana
lysis in de Bruijn-based pangenome tools (Eizenga et al. 2020). 
Colored de Bruijn graphs extend this framework by tagging each 
node with the sample or samples from which it originates, enab
ling multi-sample presence/absence comparisons. However, be
cause sequence identity is fragmented into k-mer-sized pieces, 
long-range haplotype context is not preserved, and SVs spanning 
repeat-rich regions are difficult to represent faithfully. Although 
tools such as PanGenie (Ebler et al. 2022) have been developed 
to mitigate some of these limitations, de Bruijn approaches do 
not provide the integrative coordinate framework required for 
panomic inferences. As variation graphs represent both the meth
od of choice in the field and the most suitable framework for the 
evolutionary and integrative analyses discussed in this review, we 
focus exclusively on this approach hereafter.

Compared to linear and gene-based representations, graph- 
based pangenomes place all input haplotypes within a shared 
coordinate system, allowing alternative alleles, insertions, dele
tions, and rearrangements to be represented explicitly as parallel 
paths. This structure enables unbiased read mapping across hap
lotypes (Fig. 1c) and supports more accurate genotyping in diver
gent or structurally complex regions, many of which are enriched 
for loci under balancing selection, local adaptation, or rapid gene 
family turnover in plants (Igolkina et al. 2025; Teasdale et al. 
2025; Huang et al. 2026).

Among the popular tools to build variation graphs, the variation 
graph toolkit (vg) (Garrison et al. 2018) relies on variant call format 
(VCF) input. Although vg graphs have been successfully used to re
present SVs (Hickey et al. 2020), they rely on reference-based vari
ant calling. As a result, nested or complex variants remain difficult 
to capture. Minigraph, another popular approach, constructs 
graphs that represent variants of at least 100 bp in length (Li 
et al. 2020). While valued for its computational efficiency, mini
graph’s omission of small variants such as SNPs limits its use as 
a complete representation. To address these limitations, recent 
methods leverage multiple genome assemblies to build base- 
level pangenome graphs (Garrison et al. 2024; Hickey et al. 2024).

Minigraph-Cactus (MC) begins by constructing an SV graph using 
minigraph (Li et al. 2020; Hickey et al. 2024), followed by alignment 
of all assemblies to this graph to produce a base-level pangenome 
(Hickey et al. 2024). In contrast, the PanGenome Graph Builder 
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(PGGB) does not require selecting an initial reference genome; in
stead, it infers the graph directly from all-vs-all whole genome 
alignments (Garrison et al. 2024). After aligning input genomes 

with wfmash (https://github.com/waveygang/wfmash), the graph 
is inferred using seqwish (Garrison and Guarracino 2023; Garrison 
et al. 2024) and polished with smoothxg (Garrison et al. 2024).

Table 1 Summary of the main methods used to build plant pangenomes.

Method Principle Advantages Limits Common usage Examples

Homology-based Annotated genes 
from multiple 
assemblies are 
clustered into 
orthogroups based 
on sequence 
similarity

Computationally 
tractable; 
well-supported tools 
(OrthoFinder, 
OrthoMCL); intuitive 
output

Ignores intergenic 
variation; sensitive to 
assembly/annotation 
quality and clustering 
thresholds; limited 
syntenic context

Frequently used as a 
standalone gene 
classification layer to 
build gene-based 
pangenome; often 
combined with 
complementary 
graph-based 
approaches focused 
on SVs

Broomcorn 
millet (Chen 
et al. 2023a); 
Potato (Tang 
et al. 2022); 
Sorghum (Tao 
et al. 2021)

Map-to-pan Reads or contigs 
from additional 
accessions are 
mapped to an 
iteratively updated 
pangene reference; 
unmapped 
sequences extend 
the pangenome

Captures genes 
absent from initial 
reference; scalable 
to large accession 
sets without full 
assemblies

Reference-guided; may 
miss highly diverged 
sequences; mapping 
quality limited in 
repeat-rich regions

Can be used 
standalone to class 
the pangene set; 
compatible with 
further 
homology-based 
classification

Brassica oleracea 
(Golicz et al. 
2016b); Cotton 
(Li et al. 2021); 
Rice (Wang et al. 
2018)

Iterative/ 
stepwise linear

Non-redundant 
sequence absent 
from a reference is 
extracted from 
additional 
assemblies and 
concatenated to 
build a linear 
pan-sequence 
reference

Captures full 
sequence diversity 
including intergenic 
regions; compatible 
with standard linear 
genome tools

Linear structure 
cannot represent 
overlapping or 
conflicting haplotypes; 
reference bias in 
iterative approaches

Often combined with 
homology-based 
classification

Brassica napus 
(Song et al. 
2020); Cucumber 
(Li et al. 2022); 
Rice (Qin et al. 
2021)

Variation graph Multiple haplotype 
sequences are 
embedded in a 
single directed 
graph; nodes 
represent sequences 
and each genome is 
a named path; 
variation is encoded 
as bubbles

Preserves long-range 
haplotype context; 
explicit SV encoding; 
reference-free read 
mapping

Computationally 
intensive; graph 
complexity increases 
with divergence; 
topology-based 
inference not as 
intuitive

Combined with 
independent gene 
annotations; 
standalone 
topology-based gene 
classification remains 
rare

Arabidopsis 
(Igolkina et al. 
2025); Barley 
(Jayakodi et al. 
2024); Cannabis 
(Lynch et al. 
2025)

(colored) de 
Bruijn

Sequences are 
decomposed into 
k-mers (fixed-length 
substrings) used as 
nodes; colored de 
Bruijn graphs tag 
each k-mer with its 
sample of origin, 
enabling 
multi-sample k-mer 
presence/absence 
comparisons

Reference-free 
construction; 
efficient for large 
populations; enables 
k-mer-based GWAS

Long-range context 
fragmented into k-mer 
units; SVs in 
repeat-rich regions 
difficult to represent; 
choice of k affects 
resolution

Rarely used as a 
standalone plant 
pangenome method; 
primarily applied in 
population-scale 
k-mer analyses and 
GWAS

Arabidopsis, 
tomato, maize 
(Voichek and 
Weigel 2020); 
Aegilops tauschii 
(Gaurav et al. 
2022); Wheat 
(Zhang et al. 
2024a)
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Pipeline choice depends on the intended application, but regard
less of pipeline, pangenome graphs consistently improve read 
mapping and variant calling (Kopalli et al. 2025). MC graphs are typ
ically preferred for large resequencing projects due to their compu
tational efficiency (Kopalli et al. 2025). PGGB graphs, by contrast, 
are better suited for detailed analyses of specific regions because 
of their completeness (Secomandi et al. 2025). Importantly, the 
shared graphical format enables interoperability across pipelines; 
for example, a PGGB graph can be simplified and used for read 
mapping with the vg toolkit (Garrison et al. 2018).

Haplotype-resolved graph-based 
pangenomes
Haplotype-resolved graph-based pangenomes extend graph repre
sentations by preserving full phasing information for each input gen
ome. Although sequence graphs can be used for haplotype 
inference (Matthews et al. 2024), many plant genomes are now gen
erated as fully phased assemblies (Chin et al. 2016; Zhang et al. 
2025a). Accurate phasing is particularly important for highly hetero
zygous species and has become increasingly achievable at scale 
with long-read sequencing. Several assembly strategies now pro
duce phased diploid genomes, including trio binning and hifiasm 
with or without Hi-C integration (Koren et al. 2018; Cheng et al. 
2021, 2022). These approaches yield representations that are sub
stantially more accurate than traditional consensus assemblies, 
which collapse haplotypes and introduce phasing errors (Lian 
et al. 2025). By preserving full haplotype structure, these approaches 
enable direct investigation of how recombination, selection, and 
demographic history shape genome architecture (Lian et al. 2025; 
Secomandi et al. 2025; Cheng et al. 2025b; Zhang et al. 2025a).

Haplotype-resolved pangenomes enable analyses that were previ
ously difficult or impossible (Garg et al. 2022). At the evolutionary level, 
their graph structure supports tracking of haplotype block conserva
tion across populations and examination of chromosomal divergence, 
recombination suppression, and introgression patterns (Lian et al. 
2025). They also enable haplotype-specific SV discovery and high- 
confidence annotation of variant effects on gene function (Lian 
et al. 2025). At the functional level, accurate representation of allelic 
gene models facilitates analyses of dominance relationships (Zhang 
et al. 2021), and allele-specific expression can be quantified by map
ping RNA-seq reads directly to a spliced pangenome graph (Sibbesen 
et al. 2023). Haplotype-aware pangenomes also provide a framework 
for allele-specific epigenetic analyses, now feasible with long-read se
quencing (Fu et al. 2025; Liu and Conesa 2025). Most current tools, in
cluding genome assemblers and variant callers, are optimized for 
diploid assemblies, but graph-based approaches have recently been 
extended to polyploid genomes (Cheng et al. 2025a).

Biological and evolutionary 
insights from pangenomes
Patterns of gene content variation across 
pangenomes
Allelic variation, as well as expansions, contractions, and diversi
fication of paralogous gene families, can strongly influence gene 

function and regulation, and contribute to key adaptive and 
agronomic traits (Frary et al. 2000; Ye et al. 2000; Tian et al. 
2019). Accurately capturing these dimensions of gene variation 
is essential for linking pangenome structure to phenotypic diver
sity and for enabling meaningful functional and evolutionary in
ference (Jayakodi et al. 2025; Loegler et al. 2026).

Most plant pangenome studies classify genes using categories 
defined by their frequency across individuals. Unless specified 
otherwise, we use core to denote genes present in all or most in
dividuals (including soft-core genes, to facilitate comparisons 
across studies), dispensable for genes present in several but 
not all individuals, and private for genes specific to a single indi
vidual or present at very low frequency. The use of these three 
terms has been widely recommended to promote consistency 
in the field (Loegler et al. 2026).

To survey the current state of the field, we compiled gene- 
based pangenome studies from the literature, yielding a dataset 
of 57 studies encompassing 38 species and relatives from 16 
plant families, spanning basal land plants (Marchantia) to diverse 
angiosperms, and ranging from major staple cereals and grain le
gumes to fruit crops, vegetables, trees, and industrial species 
(Table 2, see Table S1 for the extended version). Most studies 
were published between 2022 and 2026 reflecting the rapid 
growth of the field. Panel sizes varied considerably, from as 
few as 5 accessions to over 1,000 resequenced individuals.

Homology-based approaches, predominantly OrthoFinder, re
main the most widely used strategy to construct gene-based 
pangenomes (Table S1). Gene families or orthology groups 
(orthogroups) are identified for all the individuals included in 
the pangenome. Compartments are then defined by categorizing 
gene clusters into core, dispensable, and private orthogroups, 
and are usually expressed as the proportion of total orthogroups. 
Private gene clusters consistently represent the smallest cat
egory, usually below 10% of orthogroups, though this fraction 
can reach 25% to, 33% in rice (Long et al. 2024), kiwifruit (Yu 
et al. 2025), tea (Chen et al. 2023b), poplar (Shi et al. 2024), 
and oak (Liang et al. 2025). The pangene set, defined as the non- 
redundant union of all genes in the pangenome, is consistently 
larger than the gene content of any single accession and can 
reach up to ∼2.5 times its size (Hufford et al. 2021).

Reported core genome fractions vary substantially not only across 
species but also within the same species across studies. Among the 
six rice pangenomes compiled in Table 2, for instance, core fractions 
range from ∼10% to ∼60%. This variation arises from three com
pounding methodological factors. First, the threshold stringency 
has a direct and deterministic effect on the gene partitioning: studies 
requiring soft frequency-based thresholds will allow more genes or 
orthogroups to be considered as core. Second, the choice of compu
tational framework introduces further requirements: orthology- 
based methods (e.g. OrthoFinder, OrthoMCL), resequencing-based 
approaches (e.g. map-to-pan, SGSGeneLoss), and graph-based infer
ences differ fundamentally in how they define gene family member
ship, handle paralogs, and represent SVs. Third, sampling size and 
composition have a noticeable impact on the pangenome compart
ments, large panels, and studies enriched with wild relatives tend to 
yield lower core fractions (Fig. 2a). For example, in barley, comparing 
wild to domesticated accessions and increasing sample size reduce 
the core genome size (Fig. 2a). In rice, including wild relatives in the 
panel had a significant impact on the core genome size. It is also 
worth mentioning that comparing accessions sequenced with 

Molecular Biology and Evolution, 2026, Volume 43, Issue 4                                                                                                                                                                                             5

http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag087#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msag087#supplementary-data


Ta
bl

e 
2 

Ge
ne

 c
on

te
nt

 v
ar

ia
tio

n 
in

 p
la

nt
 p

an
ge

no
m

e 
st

ud
ie

s.

Pl
an

t
Ec

on
om

ic
 u

sa
ge

Fa
m

ily
O

rt
ho

gr
ou

ps
/G

en
es

 (p
er

 in
di

vi
du

al
, i

f a
va

ila
bl

e)
  

(C
|D

|P
%

)
Sa

m
pl

in
g 

(S
pe

ci
es

 | 
ty

pe
)

Re
fe

re
nc

es

M
ar

ch
an

tia
Ba

sa
l l

in
ea

ge
/b

ry
op

hy
te

M
ar

ch
an

tia
ce

ae
28

.4
57

.8
13

.8
2 

| w
ild

Be
au

lie
u 

et
 a

l. 
(2

02
5)

…
…

…
35

.2
49

.2
15

.6
1 

| w
ild

Be
au

lie
u 

et
 a

l. 
(2

02
5)

Ba
rle

y
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
55

.7
29

.2
15

.1
1 

| w
ild

Fe
ng

 e
t a

l. 
(2

02
5b

)
…

…
…

17
.5

 (6
4.

7)
82

 (3
3.

6)
0.

5 
(1

.7
)

1 
| 1

7 
cu

lti
va

rs
, 3

6 
la

nd
ra

ce
s,

 2
3 

w
ild

Ja
ya

ko
di

 e
t a

l. 
(2

02
4)

Br
oo

m
co

rn
 

m
ill

et
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
54

.5
37

.1
8.

4
1 

| 2
4 

cu
lti

va
rs

, 8
 w

ild
Ch

en
 e

t a
l. 

(2
02

3a
)

Fo
xt

ai
l m

ill
et

Ce
re

al
/s

ta
pl

e 
gr

ai
n

Po
ac

ea
e

66
.7

29
.4

3.
9

2 
| 8

2 
cu

lti
va

rs
, 2

9 
w

ild
H

e 
et

 a
l. 

(2
02

3)
M

ai
ze

Ce
re

al
/s

ta
pl

e 
gr

ai
n

Po
ac

ea
e

92
.6

/5
5.

7
7.

4/
44

.3
…

M
ul

tip
le

 | 
50

8 
in

br
ed

 li
ne

s,
 1

83
 w

ild
Gu

i e
t a

l. 
(2

02
2)

…
…

…
66

32
2

1 
| 2

6 
in

br
ed

 li
ne

s
H

uf
fo

rd
 e

t a
l. 

(2
02

1)
O

at
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
24

61
15

23
 | 

14
 c

ul
tiv

ar
s,

 2
1 

w
ild

Zh
an

g 
et

 a
l. 

(2
02

5b
)

Pe
ar

l m
ill

et
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
46

.6
-5

2.
1

39
.8

-4
9.

9
0.

7-
8.

7
1 

| M
ix

ed
 c

ul
tiv

ar
s,

 la
nd

ra
ce

s,
 w

ild
Ya

n 
et

 a
l. 

(2
02

3)
Ri

ce
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
20

.8
78

.9
0.

3
21

 | 
2 

cu
lti

va
rs

, 1
9 

w
ild

Fo
rn

as
ie

ro
 e

t a
l. 

(2
02

5)
…

…
…

53
.2

39
.4

7.
4

2 
| 1

29
 w

ild
, 1

6 
cu

lti
va

rs
Gu

o 
et

 a
l. 

(2
02

5a
)

…
…

…
9.

7 
(3

3.
2)

56
.8

 (6
2.

6)
33

.5
 (4

.2
)

16
 | 

3 
cu

lti
va

rs
, 1

4 
w

ild
Lo

ng
 e

t a
l. 

(2
02

4)
…

…
…

42
.6

57
.4

…
4 

| 2
13

 c
ul

tiv
ar

s,
 3

8 
w

ild
Sh

an
g 

et
 a

l. 
(2

02
2)

…
…

…
30

.6
47

.5
21

.9
2 

| 3
3 

cu
lti

va
rs

Q
in

 e
t a

l. 
(2

02
1)

…
…

…
53

.5
-6

2.
1 

(6
3.

4-
73

.5
)

≥
37

.9
 (≥

26
.5

)
…

1 
| c

ul
tiv

ar
s

W
an

g 
et

 a
l. 

(2
01

8)
So

rg
hu

m
Ce

re
al

/s
ta

pl
e 

gr
ai

n
Po

ac
ea

e
36

 (5
8.

8)
63

.6
 (3

7.
9)

0.
4 

(3
.3

)
2 

| 1
5 

cu
lti

va
rs

, 1
 w

ild
Ta

o 
et

 a
l. 

(2
02

1)
W

he
at

Ce
re

al
/s

ta
pl

e 
gr

ai
n

Po
ac

ea
e

73
27

…
1 

| c
ul

tiv
ar

s
Ji

ao
 e

t a
l. 

(2
02

5)
Su

ga
rc

an
e

Su
ga

r/
in

du
st

ria
l

Po
ac

ea
e

88
.6

11
.1

0.
3

4 
| i

nc
lu

di
ng

 3
 c

ul
tiv

ar
s

H
ua

ng
 e

t a
l. 

(2
02

6)
Ap

pl
e

Fr
ui

t/
ho

rt
ic

ul
tu

ra
l

Ro
sa

ce
ae

48
.9

/6
9.

7
49

.6
/2

7
1.

5/
3.

3
5 

| 9
 c

ul
tiv

ar
s,

 4
 w

ild
W

an
g 

et
 a

l. 
(2

02
3)

…
…

…
81

.3
-8

7.
3

18
.7

-1
2.

7
…

3 
| 1

 c
ul

tiv
ar

, 2
 w

ild
Su

n 
et

 a
l. 

(2
02

0)
Ci

tr
ul

lu
s

Fr
ui

t/
ho

rt
ic

ul
tu

ra
l

Cu
cu

rb
ita

ce
ae

51
.6

45
.9

2.
5

7 
| M

ix
ed

 c
ul

tiv
ar

s,
 la

nd
ra

ce
s,

 w
ild

Zh
an

g 
et

 a
l. 

(2
02

4b
)

Ci
tr

us
Fr

ui
t/

ho
rt

ic
ul

tu
ra

l
Ru

ta
ce

ae
35

.8
55

.4
8.

8
18

 | 
cu

lti
va

rs
, w

ild
H

ua
ng

 e
t a

l. 
(2

02
3)

Gr
ap

e
Fr

ui
t/

ho
rt

ic
ul

tu
ra

l
Vi

ta
ce

ae
27

71
2

M
ul

tip
le

 | 
26

 c
ul

tiv
ar

s,
 4

6 
w

ild
Gu

o 
et

 a
l. 

(2
02

5b
)

…
…

…
39

.5
56

.6
3.

9
4 

| 1
2 

cu
lti

va
rs

, 5
 w

ild
, 1

 in
br

ed
Li

u 
et

 a
l. 

(2
02

4a
)

…
…

…
67

.8
24

.2
8

9 
| w

ild
Co

ch
et

el
 e

t a
l. 

(2
02

3)
Ki

w
ifr

ui
t

Fr
ui

t/
ho

rt
ic

ul
tu

ra
l

Ac
tin

id
ia

ce
ae

52
47

1
7 

| 2
 c

ul
tiv

ar
s,

 5
 w

ild
W

u 
et

 a
l. 

(2
02

5)
…

…
…

32
.4

34
.6

33
8 

| 6
 c

ul
tiv

ar
s,

 9
 w

ild
Yu

 e
t a

l. 
(2

02
5)

Pe
ac

h
Fr

ui
t/

ho
rt

ic
ul

tu
ra

l
Ro

sa
ce

ae
51

.8
36

.4
11

.8
1 

| c
ul

tiv
ar

s
Ch

en
 e

t a
l. 

(2
02

5b
)

…
…

…
80

.6
11

.5
7.

9
5 

| 6
10

 im
pr

ov
ed

 c
ul

tiv
ar

s,
 2

83
 la

nd
ra

ce
s,

  
48

 o
rn

am
en

ta
l, 

80
 w

ild
Li

 e
t a

l. 
(2

02
5a

)

St
ra

w
be

rr
y

Fr
ui

t/
ho

rt
ic

ul
tu

ra
l

Ro
sa

ce
ae

41
.5

/4
2.

9
53

.6
/-

4.
9/

-
7 

| w
ild

Q
ia

o 
et

 a
l. 

(2
02

1)
Te

a
Le

af
/h

or
tic

ul
tu

ra
l

Th
ea

ce
ae

29
.8

43
.9

26
.3

1 
| c

ul
tiv

ar
s

Ch
en

 e
t a

l. 
(2

02
3b

)
Ar

ab
id

op
si

s
Br

as
si

ca
ce

ae
/m

od
el

Br
as

si
ca

ce
ae

89
7

4
1 

| w
ild

 in
br

ed
s

Ig
ol

ki
na

 e
t a

l. 
(2

02
5)

…
…

…
65

17
18

1 
| w

ild
 in

br
ed

s
Li

an
 e

t a
l. 

(2
02

4)
…

…
…

80
.7

12
.6

6.
7

1 
| w

ild
 in

br
ed

s
Ka

ng
 e

t a
l. 

(2
02

3)

(c
on

tin
ue

d)

6                                                                                                                                                                                             Molecular Biology and Evolution, 2026, Volume 43, Issue 4



Ta
bl

e 
2 

Co
nt

in
ue

d

Pl
an

t
Ec

on
om

ic
 u

sa
ge

Fa
m

ily
O

rt
ho

gr
ou

ps
/G

en
es

 (p
er

 in
di

vi
du

al
, i

f a
va

ila
bl

e)
  

(C
|D

|P
%

)
Sa

m
pl

in
g 

(S
pe

ci
es

 | 
ty

pe
)

Re
fe

re
nc

es

Br
as

si
ca

 
ol

er
ac

ea
Ve

ge
ta

bl
e/

ho
rt

ic
ul

tu
ra

l
Br

as
si

ca
ce

ae
55

.1
43

.9
1

1 
| 1

0 
cu

lti
va

rs
, 1

 w
ild

Gu
o 

et
 a

l. 
(2

02
4)

…
…

…
34

.8
 (6

2)
63

.1
 (3

2.
9)

2.
1 

(5
.1

)
1 

| 2
5 

cu
lti

va
rs

, 2
 w

ild
Li

 e
t a

l. 
(2

02
4)

…
…

…
81

.3
16

.5
2.

2
2 

| 9
 c

ul
tiv

ar
s,

 1
 w

ild
Go

lic
z 

et
 a

l. 
(2

01
6b

)
Br

as
si

ca
 ra

pa
Ve

ge
ta

bl
e/

ho
rt

ic
ul

tu
ra

l
Br

as
si

ca
ce

ae
50

.2
46

.6
3.

2
1 

| M
ul

tip
le

 m
or

ph
ot

yp
es

M
a 

et
 a

l. 
(2

02
6)

Cu
cu

m
be

r
Ve

ge
ta

bl
e/

ho
rt

ic
ul

tu
ra

l
Cu

cu
rb

ita
ce

ae
69

.5
 (8

0)
30

.5
 (−

)
…

1 
| 9

 c
ul

tiv
ar

s,
 3

 w
ild

Li
 e

t a
l. 

(2
02

2)
Le

tt
uc

e
Ve

ge
ta

bl
e/

ho
rt

ic
ul

tu
ra

l
As

te
ra

ce
ae

54
43

3
5 

| 7
 c

ul
tiv

ar
s,

 1
 la

nd
ra

ce
, 4

 w
ild

Ca
o 

et
 a

l. 
(2

02
5)

To
m

at
o

Ve
ge

ta
bl

e/
ho

rt
ic

ul
tu

ra
l

So
la

na
ce

ae
54

38
.4

7.
6

11
 | 

3 
cu

lti
va

rs
, 1

0 
w

ild
Li

 e
t a

l. 
(2

02
3b

)
…

…
…

82
.2

14
.6

3.
2

3 
| 5

20
 c

ul
tiv

ar
s,

 6
7 

w
ild

Ga
o 

et
 a

l. 
(2

01
9)

M
ed

ic
ag

o
Le

gu
m

e/
m

od
el

Fa
ba

ce
ae

35
61

4
1 

| i
nc

lu
di

ng
 1

0 
cu

lti
va

rs
, 1

1 
la

nd
ra

ce
s,

  
2 

w
ild

H
e 

et
 a

l. 
(2

02
5)

Ch
ic

kp
ea

Le
gu

m
e/

oi
ls

ee
d/

pr
ot

ei
n

Fa
ba

ce
ae

71
25

4
9 

| 2
 c

ul
tiv

ar
s,

 8
 w

ild
Kh

an
 e

t a
l. 

(2
02

4)
Co

m
m

on
 b

ea
n

Le
gu

m
e/

oi
ls

ee
d/

pr
ot

ei
n

Fa
ba

ce
ae

59
41

…
1 

| M
ix

ed
 d

om
es

tic
at

ed
, w

ild
Co

rt
in

ov
is

 e
t a

l. 
(2

02
4)

Pe
a

Le
gu

m
e/

oi
ls

ee
d/

pr
ot

ei
n

Fa
ba

ce
ae

50
.7

44
.3

5
3 

| M
ix

ed
 c

ul
tiv

ar
s,

 w
ild

Ya
ng

 e
t a

l. 
(2

02
2)

Pe
an

ut
Le

gu
m

e/
oi

ls
ee

d/
pr

ot
ei

n
Fa

ba
ce

ae
44

.4
44

.3
11

.3
4 

| 4
 im

pr
ov

ed
 c

ul
tiv

ar
s,

 1
 la

nd
ra

ce
,  

3 
w

ild
Zh

ao
 e

t a
l. 

(2
02

5)

So
yb

ea
n

Le
gu

m
e/

oi
ls

ee
d/

pr
ot

ei
n

Fa
ba

ce
ae

50
.1

 (7
9.

8)
49

.9
 (1

9.
1)

<
0.

1 
(1

.1
)

2 
| 1

5 
cu

lti
va

rs
, 9

 la
nd

ra
ce

s,
 3

 w
ild

Li
u 

et
 a

l. 
(2

02
0)

Po
ta

to
Ro

ot
/t

ub
er

So
la

na
ce

ae
17

.4
63

.1
19

.5
∼

60
 | 

M
ix

ed
 c

ul
tiv

ar
s,

 la
nd

ra
ce

s,
 w

ild
Bo

za
n 

et
 a

l. 
(2

02
3)

…
…

…
36

.7
55

.4
7.

9
22

 | 
in

cl
ud

in
g 

20
 la

nd
ra

ce
s,

 2
4 

w
ild

Ta
ng

 e
t a

l. 
(2

02
2)

Br
as

si
ca

 n
ap

us
O

ils
ee

d/
in

du
st

ria
l

Br
as

si
ca

ce
ae

56
42

2
1 

| c
ul

tiv
ar

s
So

ng
 e

t a
l. 

(2
02

0)
Su

nfl
ow

er
O

ils
ee

d/
in

du
st

ria
l

As
te

ra
ce

ae
72

.7
21

.9
5.

4
1 

| c
ul

tiv
ar

s
H

üb
ne

r e
t a

l. 
(2

01
9)

Ca
nn

ab
is

In
du

st
ria

l/fi
be

r
Ca

nn
ab

ac
ea

e
78

21
1

1 
| c

ul
tiv

ar
s

Ly
nc

h 
et

 a
l. 

(2
02

5)
Co

tt
on

In
du

st
ria

l/fi
be

r
M

al
va

ce
ae

62
.5

35
.5

2
1 

| 3
 c

ul
tiv

ar
s,

 2
 la

nd
ra

ce
s,

 7
 p

rim
iti

ve
 

lin
es

M
en

g 
et

 a
l. 

(2
02

5)

…
…

…
81

.1
4.

4
14

.5
1 

| M
ix

ed
 la

nd
ra

ce
s,

 im
pr

ov
ed

 li
ne

s
Li

 e
t a

l. 
(2

02
1)

…
…

…
89

.8
7.

5
2.

7
1 

| i
m

pr
ov

ed
 li

ne
s

Li
 e

t a
l. 

(2
02

1)
Po

pl
ar

Tr
ee

/m
od

el
Sa

lic
ac

ea
e

32
 (7

4.
1)

31
.8

 (2
2.

3)
36

.2
 (3

.6
)

18
 | 

in
cl

ud
in

g 
18

 w
ild

Sh
i e

t a
l. 

(2
02

4)
O

ak
Tr

ee
/n

ut
Fa

ga
ce

ae
32

.7
35

.4
31

.9
1 

| 2
2 

ac
ce

ss
io

ns
Li

an
g 

et
 a

l. 
(2

02
5)

C|
D|

P:
 c

or
e,

 d
is

pe
ns

ab
le

, a
nd

 p
riv

at
e.

 In
 th

e 
O

rt
ho

gr
ou

ps
/G

en
es

 c
ol

um
n,

 v
al

ue
s 

re
pr

es
en

t t
he

 p
ro

po
rt

io
n 

of
 o

rt
ho

gr
ou

ps
 in

 e
ac

h 
pa

ng
en

om
e 

co
m

pa
rt

m
en

t. 
W

he
n 

av
ai

la
bl

e,
 th

e 
av

er
ag

e 
pe

rc
en

ta
ge

 o
f o

rt
ho

gr
ou

ps
 p

er
 

in
di

vi
du

al
 is

 re
pr

es
en

te
d 

be
tw

ee
n 

pa
re

nt
he

se
s.

 W
he

n 
no

 c
lu

st
er

in
g 

w
as

 p
er

fo
rm

ed
, v

al
ue

s r
ep

re
se

nt
in

g 
pr

op
or

tio
ns

 o
f t

he
 p

an
ge

ne
 se

t a
re

 u
nd

er
lin

ed
. S

am
pl

e 
si

ze
 is

 re
st

ric
te

d 
to

 th
e 

ac
ce

ss
io

ns
 u

se
d 

fo
r t

he
 g

en
e-

ba
se

d 
pa

ng
en

om
e 

co
ns

tr
uc

tio
n.

Molecular Biology and Evolution, 2026, Volume 43, Issue 4                                                                                                                                                                                             7



different technologies, short and/or long read sequencing, can have a 
strong impact on the results. In Marchantia, the authors observed 
that private orthogroups were enriched in genes from long-read ge
nomes revealing a clear technical bias from the sequencing technol
ogy (Beaulieu et al. 2025).

In some studies, the core gene fraction exceeds 80%, as reported 
for sugarcane (Huang et al. 2026), peach (Li et al. 2025a), Arabidopsis 
(Igolkina et al. 2025), apple (Sun et al. 2020), Brassica oleracea 
(Golicz et al. 2016b), tomato (Gao et al. 2019), and cotton (Li et al. 
2021). These high values are most likely due to the method used 
for gene classification; resequencing-based approaches with a lim
ited number of references tend to output a smaller variable genome 
(Table S1). Moreover, because of the frequent genome rearrange
ments observed in plant lineages, the presence of large syntenic re
gions can be limited, which complicates the homology-based 
methods and thus, the reliability of the resulting gene-based pange
nome compartmentalization (Manzano-Morales et al. 2023). We also 
observed that gene classification using graph-inferred methods was 
far more conservative than homology-based strategies (Table S1); 
the largest core genome size was observed using such a strategy 
in Arabidopsis when compared to homology-based inferences. In 
the few studies reporting the orthogroups proportions at both pan
genome and individual level, the percentage of core clusters was 
consistently higher in single individuals than in the pangenome 
(Fig. 2b). This pattern is primarily mathematical: as more accessions 
are added, each new genome contributes novel dispensable and pri
vate gene families that increase the total orthogroup count while 
leaving the core mostly unchanged, thereby diluting the core frac
tion at the pangenome level. The practical implication of the dilution 
effect is that the core fraction is not a fixed species property but 
shrinks as sampling increases, a saturation behavior first formalized 
in bacteria (Tettelin et al. 2005) and well documented in plants 
(Golicz et al. 2020). Some studies also suggest the potential contri
bution of multi-copy gene families, as paralogs would fall into the 
same orthogroup while being counted as distinct genes when char
acterized within a single accession. (Wang et al. 2023).

Although many studies generated both gene-based and 
sequence-based pangenomes, the two representations are often 
analyzed separately, with sequence-based pangenomes primar
ily used to study variants and gene-based pangenomes used to 
analyze gene diversity. In only a few cases have gene compart
ments been inferred directly from graph-based pangenomes by
passing the annotation and homology-clustering limits, for 
example, from graph topology in wild grapes (Cochetel et al. 
2023) and from graph-informed annotation reconciliation in 
Arabidopsis (Igolkina et al. 2025). Recently, Huang et al. (2026)
proposed an elegant strategy by inferring the gene content dir
ectly from graph-based alignments which they successfully ap
plied on a mixed-ploidy sugarcane panel. To our knowledge, 
topology-based inference was only attempted using graphs con
structed with PGGB, the use of other methods such as the 
reference-guided Minigraph-Cactus might lead to different re
sults, yet it should still overcome homology-based limitations.

Gene characteristics per pangenome 
compartment
Core genes are typically characterized by longer coding sequen
ces, a higher number of exons, and higher expression levels; they 

are less affected by nonsynonymous substitutions and generally 
perform essential cellular functions (Shang et al. 2022; Chen et al. 
2023a; Lian et al. 2024). In contrast, variable genes tend to be 
shorter, exhibit higher nucleotide diversity, and show lower or 
more context-dependent expression across tissues or environ
ments. They are frequently associated with TEs and often belong 
to gene families undergoing expansion or contraction (Qiao et al. 
2021; Tao et al. 2021; Wu et al. 2025).

Variable genes are often located in TE-rich regions, where in
sertions and rearrangements promote PAV and structural diver
sity. In citrus, TE insertions influence gene expression levels, 
particularly for genes located near long terminal repeat (LTR) ret
rotransposons and solo LTRs, which are frequently associated 
with reduced or more variable expression (Huang et al. 2023). 
Similarly, LTR retrotransposons, mainly from the Gypsy and 
Copia families, are major drivers of genome size in lettuce, where 
enrichment of PAVs near TEs indicates a strong link between 
structural variation and TE activity (Cao et al. 2025). In soybean, 
nearly 80% of PAVs derive from repetitive DNA, further highlight
ing the pervasive contribution of TEs to the variable gene com
partment (Liu et al. 2020).

Compared with core genes, variable genes are consistently en
riched for biotic and abiotic stress response functions, with 
NBS-LRR disease resistance gene families particularly overrepre
sented in the dispensable compartment across diverse species 
(Golicz et al. 2016b; Dolatabadian et al. 2020; Liu et al. 2020; 
Kang et al. 2023; Long et al. 2024). Variable genes also contribute 
to phenotypic diversification beyond stress responses; for ex
ample, dispensable genes involved in nutrient metabolism 
underlie flavor differences among Brassica oleracea morpho
types (Li et al. 2024).

SVs, including PAVs, copy number variants (CNVs), and larger 
insertions or deletions, are a primary mechanism by which this 
functional diversity is generated and maintained (Gabur et al. 
2019; Alonge et al. 2020; Göktay et al. 2021). Ubiquitous across 
genomes, SVs simultaneously affect gene dosage, chromatin 
state, and the spatial relationship between genes and their regu
latory elements; they shape ecological and evolutionary proc
esses at multiple levels of biological organization, from gene 
expression within cells to ecotype differentiation and speciation 
across populations (Mérot et al. 2020).

Altogether, the gene patterns inferred from pangenomic stud
ies are consistent with an evolutionary model in which core genes 
are maintained by purifying selection due to their essential func
tions, while the variable compartment serves as a reservoir of 
adaptive potential shaped by TE-mediated structural rearrange
ment, gene duplication, and diversifying or balancing selection 
(Bayer et al. 2020; Jayakodi et al. 2025). However, distinguishing 
adaptive variation from neutral turnover driven by drift remains 
a challenge, particularly in species with small effective population 
sizes or recent bottlenecks, where dispensable genes may persist 
or be lost stochastically rather than through selection (Gaut et al. 
2018). As pangenome datasets expand to include more individu
als and broader sampling of wild populations, frequency-based 
analyses of PAVs, analogous to site frequency spectrum ap
proaches for SNPs, may help resolve the relative contributions 
of selection and drift to pangenome structure. However, realizing 
this potential will require overcoming substantial technical ob
stacles, including the higher error rates of PAV genotyping relative 
to SNPs, the more complex mutational processes underlying 
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PAVs, and the fact that population genetic theory developed for 
point mutations might need to be extended for gene gain and 
loss dynamics (Gaut et al. 2018; Pokrovac and Pezer 2022).

panNLRomes as a case study of gene 
family-focused pangenomes
Among gene families, those evolving under strong diversifying or 
balancing selection are the most structurally dynamic and there
fore the most likely to be misrepresented by single references. 
Pangenomes provide a powerful framework to study the evolu
tion of such families and to identify variants associated with 
agronomic traits (Schreiber et al. 2024). Disease resistance re
mains a primary target in plant breeding. Consequently, many 
pangenomic studies have focused on the NLR loci that encode 
key components of plant immunity, giving rise to the concept 
of the panNLRome, the NLR complement of a species pange
nome (Barragan and Weigel 2021). Across plant systems, 
panNLRomes reveal extreme structural and copy-number vari
ability. In the Solanum section Petota, a pangenome integrating 
wild and cultivated species found that potato has substantially 
expanded its NLR repertoire relative to closely related seed- 

propagated solanaceous crops, consistent with a possible co- 
evolutionary response to tuber-borne diseases associated with 
the emergence of vegetative propagation (Tang et al. 2022). A 
251-accession rice pangenome graph spanning Asian and 
African populations showed large variation in NLR copy number 
at collinear loci across subpopulations (Shang et al. 2022) and 
the inclusion of wild relatives highlighted their role as major res
ervoirs of disease resistance (Guo et al. 2025a). In grape popula
tions, a panNLRome revealed an expansion of TIR-NB-LRR genes 
in North American wild species, implicating this subfamily in 
downy mildew resistance (Guo et al. 2025b). Similarly, the wheat 
panNLRome remains unsaturated, reflecting the exceptionally 
dynamic PAV at NLR loci (Jiao et al. 2025). In contrast, a 
panNLRome in Arabidopsis was found to approach saturation 
with approximately 40 wild accessions (Van de Weyer et al. 
2019). In Cicer, a super-pangenome graph enabled systematic 
cataloging of resistance genes, largely composed of NLRs 
(Khan et al. 2024). SV genotyping revealed that NLR loci were af
fected by an average of three SVs per gene, with functional con
sequences illustrated by the disease resistance gene RGA1, where 
three SVs accumulated during chickpea domestication.

Importantly, panNLRome analyses should not be restricted to 
gene-centric representations. NLR clusters often span complex 

(a)

(b)

Figure 2 Pangenome compartments comparison. a) Within-species variation in core genome size. For species with at least two homology-based 
studies, the core genome proportion is represented. Delta values were computed between the minimal and the maximal values for each species. 
b) Pangenome vs. per-individual pangenome compartment proportions. For each study, the pangenome values are represented as circles on the left, 
the per-individual values are represented as diamonds on the right.
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genomic regions (Fig. 3a) that include truncated genes, pseudo
genes, and non-expressed fragments that nonetheless contrib
ute to locus evolution (Barragan and Weigel 2021). Recently, 
Teasdale et al. (2025) introduced a locus-centric strategy for ana
lyzing NLR loci in Arabidopsis by defining NLR neighborhoods 
(Fig. 3b). Rather than solely building a gene atlas and cataloging 
NLRs, they used pangenome graph traversals to capture both the 
de novo emergence and complete loss of NLR loci (Fig. 3c) 
(Teasdale et al. 2025). This locus-centric strategy moves beyond 
cataloging gene counts and provides a dynamic view of how re
sistance loci evolve by simultaneously tracking CNVs, domain 
architecture changes, pseudogenization, and structural re
arrangement within their genomic context. Across accessions, 
the approach reveals how individual loci are born, diversify, de
generate and are entirely lost, processes that are invisible when 
NLR diversity is reduced to presence/absence scores in a 
reference-anchored framework. More broadly, panNLRomes il
lustrate how birth-death evolution, unequal crossing over, and 
TE-mediated rearrangement interact to generate the rapid struc
tural turnover characteristic of plant defense loci, processes that 
are likely to operate across other fast-evolving gene families but 
remain largely unexplored at the pangenome scale (Michelmore 
and Meyers 1998; Barragan and Weigel 2021).

Wild relatives and pangenomics of crop 
domestication and adaptive evolution
Crop domestication represents one of the most intensively stud
ied examples of rapid adaptive evolution, characterized by 
strong directional selection on standing genetic variation over 
relatively short evolutionary timescales (Olsen and Wendel 
2013b; Gaut et al. 2018). Pangenomes are particularly well suited 
to investigate this process because domestication traits are often 
associated with SVs, regulatory changes, and gene PAV, classes 
of variation that are incompletely captured by single-reference 
genomes (Olsen and Wendel 2013b; Della Coletta et al. 2021). 
By integrating crop genomes with their wild and landrace rela
tives, super-pangenomes enable explicit comparison of genome 
structure across the domestication continuum, revealing which 
classes of variation were subject to selection and how genome 
architecture was reshaped during the transition from wild to cul
tivated forms (Jayakodi et al. 2025).

In broomcorn millet, a pangenome constructed from 32 acces
sions revealed that TE-derived PAVs contributed to 
domestication-related traits (Chen et al. 2023a). PAV-based 
GWAS identified large SVs associated with reduced seed shatter
ing and darker seed color, both targets of directional selection 
during domestication. In foxtail millet, analysis of 110 globally 
representative genomes distinguished domestication-related 
PAVs (wild vs. landrace accessions) from improvement-related 
PAVs (landraces vs. cultivars), with the greater number of domes
tication PAVs suggesting stronger selective pressure during the 
initial domestication phase (He et al. 2023). This study further 
demonstrated that certain traits were significantly associated 
with SVs but not with SNPs, highlighting SVs as a major, yet his
torically undercharacterized, substrate of selection during crop 
evolution. Similar pangenome-enabled analyses have identified 
SVs associated with domestication and improvement in tomato 

(Alonge et al. 2020), cucumber (Li et al. 2022), cotton (Meng 
et al. 2025), eggplant (Gaccione et al. 2025), and cassava (Xia 
et al. 2025). In sugarcane, graph-based GWAS was tailored to 
the complex polyploid genome in DosageGWAS, improving asso
ciation accuracy and capturing relevant variation missed by con
ventional methods (Huang et al. 2026). Beyond association 
mapping, pangenome graphs are beginning to be used to refine 
population genetic inference more broadly. In Malus, the 
IntervalConnector pipeline projects selective sweep intervals 
from individual genomes onto a shared coordinate system, enab
ling cross-accession comparison of selection signals without the 
reference biases that inflate or obscure sweeps in single-genome 
analyses (Li et al. 2025b). Together with SV-based GWAS, such ap
proaches move toward a pangenome-native framework for dis
secting both the targets and the signatures of selection in crop 
populations.

Sequence graphs for integrating 
multi-omics data in panomics
Plant panomics extends pangenomic frameworks beyond genome 
construction by mapping transcriptomic, epigenomic, and other 
functional data onto population-level references, enabling 
reference-aware quantification across individuals and populations 
(Mishra et al. 2024). The impact of reference choice on functional 
inference is substantial. In Arabidopsis, transcript levels for a subset 
of genes differed significantly when reads were mapped to 
individual-specific genomes rather than to the standard TAIR10 ref
erence (Igolkina et al. 2025). Notably, those genes were enriched 
for CNVs. Methylome analyses were even more sensitive, with non- 
matching references generating spurious differentially methylated 
regions (Igolkina et al. 2025), a predictable consequence of the 
preferential methylation of TEs in plant genomes, whose high 
structural variability across accessions makes them particularly 
prone to misalignment when a non-matching reference is used.

Pantranscriptomics
Transcript quantification is one of the areas most directly im
proved by pangenome-based references. To reduce single- 
reference bias in RNA-seq analyses, a study in barley implemented 
a pantranscriptomics strategy in which genotype-specific refer
ence transcript datasets (GsRTDs) were first constructed from rep
resentative genomes and then merged into a linear pangenome to 
generate a pan-RTD (Guo et al. 2025c). Although transcript quan
tification relied on a conventional linear framework, this approach 
improved robustness by reducing reference dependence, recover
ing between 35,500 and 40,800 expressed genes per accession, 
which improved the overall mapping rates by 11% (Guo et al. 
2025c). The authors further note that the respective GsRTDs offer 
the best performance for RNA-Seq quantification and that the use 
of a pan-RTD is generally better suited than relying on a common 
reference. A similar strategy was applied in oat, where RNA-seq 
reads were mapped to individual genomes and orthology relation
ships were used to compare gene expression across 23 lines (Avni 
et al. 2026). Earlier homology-based clustering approaches also 
reduced reference bias (Contreras-Moreira et al. 2017), but are in
creasingly being superseded by pangenome-based methods.
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Several tools now enable direct quantification of gene expression 
on pangenomes, including HISAT2 (Kim et al. 2019), GraphAligner 
(Rautiainen and Marschall 2020), and RPVG (Sibbesen et al. 2023). 
Recent developments support haplotype-specific transcript quanti
fication by incorporating gene structural annotations into pange
nome graphs, yielding spliced graph representations suitable for 
transcript-level analyses (Sibbesen et al. 2023). Consistently, the 
splice-aware graph mapper VG MPMAP improves read mapping 
and reduces bias in allele-specific expression estimates (Hickey 
et al. 2020; Sibbesen et al. 2023). In Brassica napus, graph-based ex
pression quantification outperformed linear approaches in both 
gene expression and expression Quantitiative Trait Locus (eQTL) 
analyses, particularly for transcripts enriched in sequence variation, 
and most closely matched simulated ground-truth expression levels 
(Yildiz et al. 2025). Among the transcripts whose expression was as
sociated with SVs, approximately a third showed no association 
with SNPs, representing a class of SV-driven expression variation en
tirely invisible to conventional SNP-based eQTL analyses (Yildiz 

et al. 2025). Collectively, these studies demonstrate that graph- 
based transcriptomics improve transcript abundance quantifica
tion particularly for genes affected by SVs, precisely the gene cat
egory that is most poorly represented by single references.

Panepigenomics
Following the development of pantranscriptomics, attention has 
increasingly turned to other omics layers that are strongly affected 
by reference genome choice, particularly epigenomics. Although 
panepigenomics remains at an early stage, initial efforts, mainly 
in non-plant systems, have begun to emerge. In humans, the use 
of pangenome references was shown to improve DNA methylation 
analyses (Dong et al. 2025a). In cattle, MacPhillamy et al. (2024)
demonstrated that reference genome choice strongly influences 
methylation profiling by developing a pairwise coordinate conver
sion framework based on Liftoff (Shumate and Salzberg 2021) to 

(a)

(b)

(c)

Figure 3 panNLRome representation in sequence graph. a) NLR locus. NLR loci are characterized by a high structural variability, a pronounced TE 
density and NLR genes often occur in clusters. b) Classic vs. syntenic-anchor approach. In classic approaches, loci comparison is limited to the 
boundaries of the comparison window defined by alignments. Using syntenic anchors as described by Teasdale et al. (2025), NLR neighborhoods more 
accurately capture comparable NLR loci across accessions. c) In a pangenome graph, the complexity of NLR neighborhoods is compacted into variation 
bubbles extending between the two syntenic anchors.
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enable comparisons between the Angus and Brahman genomes 
(MacPhillamy et al. 2024). While effective for pairwise comparisons, 
such approaches scale poorly as additional genomes are incorpo
rated and would benefit from a unified pangenome reference.

In plants, the first application of a graph-based framework to 
methylation analysis was reported in grapevine (Cochetel et al. 
2025). Methylation data were mapped to individual genomes 
and subsequently projected onto a sequence graph to relate re
gions and perform differential methylation analysis. This work 
demonstrated the substantial bias introduced by single- 
reference genomes, particularly in highly heterozygous species 
where haplotype resolution is critical (Cochetel et al. 2025). 
Nevertheless, these approaches remain indirect, as they rely on 
coordinate projections rather than direct mapping to a pange
nome graph.

To date, only one tool has been proposed for direct DNA 
methylation calling on genome graphs (Zhang et al. 2025c). 
MethylGrapher enables methylation analysis in CG and non-CG 
contexts by mapping bisulfite sequencing data directly to pange
nome graphs using vg giraffe and projecting graph coordinates to 
linear space via surjection (Sirén et al. 2021; Zhang et al. 2025c). 
Advances in sequencing technologies further support the devel
opment of panepigenomics. Long-read platforms from Pacific 
Biosciences and Oxford Nanopore Technologies now enable dir
ect detection of DNA methylation from native reads (Liu and 
Conesa 2025). Because these reads can be used both for genome 
assembly and methylation profiling, they reduce biases associ
ated with short-read approaches. Continued reductions in se
quencing costs, together with improvements in long-read 
graph mappers such as GraphAligner (Rautiainen and Marschall 
2020) and updated versions of vg giraffe optimized for long reads 
(Chang et al. 2025), are expected to accelerate the adoption of 
pangenome-based epigenomic analyses.

Local sequence graphs for targeted 
analysis of genomic loci
While pangenome graphs typically represent complete chromo
some sets, sequence graphs can also be applied at a local scale 
to interrogate specific, highly complex genomic regions. In the 
draft human pangenome reference, local graphs were con
structed for five clinically relevant loci, capturing known haplo
types and revealing additional previously uncharacterized 
variants (Liao et al. 2023). Similarly, a PGGB graph built from 
94 haplotypes was used to study the amylase locus, enabling 
haplotype deconvolution from short-read data in regions that 
were previously difficult to resolve (Bolognini et al. 2024).

In plants, local sequence graphs have been used to charac
terize complex loci across multiple assemblies. A targeted 
graph constructed from 76 genome assemblies enabled de
tailed analysis of the amy1_1 locus encoding α-amylases 
(Jayakodi et al. 2024). In grapes, local graphs spanning the 
powdery mildew resistance loci Ren6 and Ren7 revealed exten
sive haplotypic diversity and private sequence nodes within 
candidate NLR genes; without haplotype resolution, the NLR 
gene content and the structural variations specific to the allele 
providing the resistance would be confounded with the alter
native allele, preventing the clear identification of disease re
sistance sources (Massonnet et al. 2025). Given the repetitive 

and structurally complex nature of resistance loci, such ana
lyses are difficult using linear references alone. In sorghum, a 
pangenome-based approach was applied to the RMES1 locus 
to identify candidate NLR genes, and the region was subse
quently evaluated within a Poaceae super-pangenome to place 
these variants in an evolutionary context (VanGessel et al. 
2025). Locus-focused analyses have long been central to candi
date gene discovery, and local pangenome subgraphs now pro
vide the resolution these analyses require.

Conclusions and future directions
Although pangenomics has been widely adopted, constructing and 
analyzing sequence graphs remain computationally demanding. 
Graph construction strategies are often constrained by available com
putational infrastructure, and the choice of tools for read mapping 
and variant calling is frequently driven by feasibility rather than by 
graph completeness or biological resolution (Secomandi et al. 
2025). Pangenome graphs are typically stored in the graphical frag
ment assembly (GFA) format, which efficiently captures graph struc
ture and supports community sharing (Eizenga et al. 2020). However, 
most analysis tools developed for linear references are not directly 
compatible with GFA and require intermediate conversions. A com
mon workaround is to decompose graphs into sets of variants stored 
in the VCF (Paten et al. 2018; Liao et al. 2023). While powerful, this 
transformation can be lossy: nested bubbles may be decomposed 
into multiple independent variant sites, and multiallelic records gen
erated during decomposition are often incompatible with standard 
population genomics workflows (Loegler et al. 2026).

Many routine pipelines developed for linear reference genomes 
have yet to be fully adapted for pangenomes. Several pangenome 
browsers have been proposed (Pedersen et al. 2017; Durant et al. 
2021; Liu et al. 2024b; Miao and Yue 2025), but no broadly adopted 
standard has emerged. Although synteny viewers can link annota
tions across genomes (Diesh et al. 2023), defining synteny anchors 
directly within pangenome graphs remains challenging, particularly 
because splicing information across multiple genomes is distributed 
across complex, often nested, graph structures. As a result, synteny 
analyses are frequently performed using separate gene-centric ap
proaches, which undermines the advantages of graph-based repre
sentations, especially for reproducibility and data sharing.

Moreover, public data repositories for pangenomes remain largely 
unstandardized. Dedicated submission routes for pangenome graphs 
through established archives such as NCBI and EMBL-EBI have yet to 
be implemented. The development of centralized repositories, or at a 
minimum the adoption of standardized formats for data submission 
and exchange, would substantially improve data accessibility, inter
operability, and reuse within the community. In the absence of such 
infrastructure, authors frequently develop project-specific websites 
and databases to disseminate their results. Examples include the 
Solanaceae pangenome database (http://www.bioinformaticslab. 
cn/SolPGD/#/)(Zhang et al. 2025d), BryoGenomes (http://www. 
bryogenomes.org/) (Dong et al. 2025b), BnaOmics (https:// 
bnaomics.ocri-genomics.net/)(Cui et al. 2023), SoyOmics (https:// 
ngdc.cncb.ac.cn/soyomics/index)(Liu et al. 2023), GrainGenes 
(https://graingenes.org/GG3/)(Yao et al. 2022), SoyBase (https:// 
www.soybase.org/)(Brown et al. 2021), RPAN (https://cgm.sjtu.edu. 
cn/3kricedb/)(Sun et al. 2017), PanBARLEX (https://panbarlex.ipk- 
gatersleben.de/)(Jayakodi et al. 2024). In addition, Gramene provides 
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curated access to several crop pangenomes through dedicated por
tals (https://www.gramene.org/)(Olson et al. 2026).

Advances in long-read sequencing technologies are reshaping 
pangenome study design. A tiered strategy that combines a lim
ited number of high-quality assemblies with short-read genotyp
ing of larger populations remains cost effective (Schreiber et al. 
2024), but continued reductions in long-read sequencing costs 
may increasingly favor long-read-based genotyping approaches.

Beyond species-level pangenomes, recent studies have begun to 
explore pangenomics at higher taxonomic scales. A large-scale ana
lysis of 123 bryophyte genomes revealed diversification patterns 
driven largely by de novo gene origination and microbial gene acqui
sition, contrasting with trends observed in vascular plants (Dong 
et al. 2025b). Gene-based pangenomes have similarly provided in
sights into legume diversification (Wang et al. 2025) and the evolu
tion of floral regulatory genes in Solanaceae (Zhang et al. 2025d).

Box 1 Glossary

Accessory genes/genome: Genes or sequences present in some but not all individuals of a pangenome, used interchange
ably with dispensable/variable.
Bubbles: Representation of structural variations within a graph. Two or more paths diverge from a shared node and re
converge at a following node.
Cloud genes/genome: On a continuous scale, genes or sequences present in only a few individuals of a pangenome.
Core genes/genome: Genes or sequences present in all the individuals of a pangenome.
Dispensable genes/genome: Genes or sequences present in some but not all individuals of a pangenome, used inter
changeably with accessory/variable.
Gene-based pangenome: Pangenome constructed using genes only.
Haplotypes: A set of genetic variants (alleles) inherited together on the same chromosome. In diploid organisms, each in
dividual has two haplotypes.
Linear reference genome: A single linear genome used as the representative sequence of a species, traditionally termed a 
reference genome.
Local/sub-graph: A selected genomic region or locus extracted from a pangenome graph.
Nested variant/bubble: Complex bubble structure involving the presence of a smaller variant/bubble embedded inside a 
larger one.
Nodes: Fundamental unit of the graph. In a sequence graph, nodes represent genomic sequences ranging from a single 
nucleotide to several base pairs.
Pangenome: In the biological sense, a pangenome is a conceptual term to represent the non-redundant catalog of genome 
sequences of a species or higher taxonomy levels. To estimate the biological pangenome, we construct pangenomes 
through computation using sequencing data (Matthews et al. 2024). Unless specified otherwise, the term pangenome is 
used throughout this review to describe in silico pangenomes.
Pangenome graph: Representation of multiple individual genomes in a sequence graph structure.
Paths: Sequences of nodes within a graph representing the genomes of the individuals used to construct the pangenome.
Phasing: Separating haplotypes of an individual.
Presence–absence variant (PAV): Structural variant consisting of the presence or absence of a gene or a genomic region in 
one individual compared to another, usually to a reference genome.
Private genes/genome: Genes or sequences present in only a single individual of a pangenome. It usually represents an 
exclusive subset of the accessory/dispensable/variable genes/genome.
Sequence graph: Data structure used to store a pangenome as a graph with the nodes representing DNA sequences.
Shell genes/genome: On a continuous scale, genes or sequences present in more than a few (cloud) but less than most 
(soft-core) individuals of a pangenome.
Snarls: A generalization of the bubble concept that accommodates nested and more complex variant structures, including 
variants embedded within other variants.
Splicing graph: Sequence graph representing the splicing junctions of a genome annotation.
Soft-core genes/genome: Genes or sequences present in most of the individuals of a pangenome.
Structural variant (SV): Variation of genomic sequence longer than 50 bp.
Super-pangenome: Pangenome including more than one species, usually combining a cultivar and its wild relatives.
Variable genes/genome: Genes or sequences present in some but not all individuals of a pangenome, used interchange
ably with accessory/dispensable.
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These studies illustrate that pangenomes are increasingly used 
not only as improved references for variant calling but as tools 
for evolutionary inference, enabling analyses of gene birth-death 
dynamics, introgression, and adaptive divergence that were previ
ously inaccessible (Lian et al. 2025; Teasdale et al. 2025). However, 
the evolutionary potential of pangenome data remains underex
ploited. Few studies have systematically applied population genet
ic frameworks to structural variation, for example by analyzing PAV 
frequency spectra to distinguish selection from drift, or by using 
graph topology to infer ancestral versus derived structural states 
(Loegler et al. 2026). Integrating pangenome graphs with phyloge
nomic methods could further enable reconstruction of reticulate 
evolutionary histories, particularly in genera where hybridization 
and introgression are pervasive (Morales-Cruz et al. 2021; Liang 
et al. 2025).

Collectively, these developments position pangenomics as a 
central framework for integrating multi-omics data and advancing 
both comparative and evolutionary genomics. Graph-based pan
genomes are beginning to reshape how we study adaptation, spe
ciation, and genome evolution in plants, while also facilitating the 
discovery of novel breeding targets and enabling population-scale 
analyses (Mishra et al. 2024; Loegler et al. 2026). Moving beyond 
linear reference paradigms will be essential for future progress, al
though widespread adoption of graph-based frameworks will re
quire continued methodological and infrastructural development.
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