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Abstract 

Background: Pangenomes are crucial for understanding species-wide genetic diversity, delineating core and variable genes. This study 
compares 3 key pangenome graph assembly pipelines: Minigraph, PGGB, and Minigraph-Cactus, using publicly available Sorghum 

data. We introduce tailored metrics for comprehensive pangenome graph evaluation, including completeness, duplication levels, and 

fidelity of structural variants. 

Results: By assessing the tools on Sorghum datasets, we gauge their efficacy in handling diverse genomic features. The analysis pro- 
vides detailed insights into the strengths and limitations of Minigraph, PGGB, and Minigraph-Cactus, aiding researchers in informed 

tool selection. The metrics developed contribute to standardizing pangenome graph assessments, enabling robust and objective tool 
comparisons. We further demonstrate the utility of the metrics by applying them to pangenome graphs of 3 crops: soybean, barley, 
and oilseed rape. 

Conclusions: This benchmarking study advances our understanding of pangenome assembly tools and establishes a foundation for 
standardized evaluation metrics. We plan to further use these insights to optimize tool selection for specific applications, such as 
genome-wide association studies, improving the accuracy of downstream analyses. 
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Introduction 

Pangenomics, a field focused on capturing the complete genetic 
diversity within a species, has gained significant attention in ge- 
nomics, agriculture, and microbial studies [ 1 ]. Pangenomes offer a 
more comprehensive view of genetic variation within populations, 
species, or genera by moving beyond the limitations of a single ref- 
erence genome, such as its failure to represent the full genetic di- 
versity, introduce reference bias, and overlook structural variants 
[ 2 ]. Pangenomes are structured collections of genomic data that 
enable the study of genetic variant relationships while preserving 
the continuity of sequences and structural variations across indi- 
viduals, allowing for the identification of complex DNA polymor- 
phisms like structural variations (SVs), copy number variations 
(CNVs), and presence/absence variants (PAVs) [ 3 , 4 ]. 

Pangenomes have been applied in plant research to understand 

genetic mechanisms underlying trait variation, accelerate breed- 
ing processes, and improve crop performance [ 5 ]. Pangenomes al- 
low for the capture of genetic diversity essential for enhancing 
agronomical traits by incorporating wild species and multiple va- 
rieties and have been instrumental in studying transposable el- 
ements and accessory genomes, shedding light on their impact 
on genetic variation [ 6 ]. Pangenome analysis has been particu- 
larly valuable in crops like rice ( Oryza sativa ), maize ( Zea mays ),
and rapeseed ( Brassica napus ), where it has revealed previously un- 
Received: March 4, 2025. Revised: August 8, 2025. Accepted: September 24, 2025
© The Author(s) 2025. Published by Oxford University Press on behalf of GigaScienc
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), whic
medium, provided the original work is properly cited.
nown genetic variations, aiding in accelerated genetic improve- 
ent [ 7–9 ]. 
Sorghum’s significance for pangenome research lies in its ge- 

omic characteristics in addition to its applications in food, feed,
r biofuel. Sorghum has a relatively small ( ∼730 Mb) diploid
enome (2n = 20), which simplifies genome assembly. Repeat 
ontent constitutes approximately 61% of its genome, signifi- 
antly influencing its SV [ 10 ]. Studies have identified extensive
ingle-nucleotide polymorphisms (SNPs), insertions/deletions (in- 
els), and large-size PAVs that contribute to sorghum’s genetic 
iversity, an important factor for breeding [ 11 ]. Additionally, the
angenome approach in sorghum has revealed crucial structural 
ariations, especially in genes related to stress responses, resis- 
ance to diseases, and adaptation to various environments. Known 

tructural variants include numerous large-size PAVs and mobile 
lements, which further diversify sorghum’s genome. This genetic 
ariability is valuable for understanding the evolutionary dynam- 
cs and guiding crop improvement strategies [ 12 , 13 ]. 

Several tools and pipelines enable the creation of pangenome 
ariation graphs, which are a graph-based representation of mul- 
iple genomes. These graphs model genetic diversity by encod- 
ng genomic sequences as nodes and their relationships, such 

s continuity or variation (e.g., SNPs, insertions, deletions, and 

tructural variations), as edges. This allows for the efficient 
e. This is an Open Access article distributed under the terms of the Creative
h permits unrestricted reuse, distribution, and reproduction in any
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omparison, alignment, and analysis of genetic variation within
 population. Minigraph, PanGenome Graph Builder (PGGB), and
inigraph-Cactus are among these tools and pipelines used for

hese purposes. Minigraph, PGGB, and Minigraph-Cactus were se-
ected as they are among the most widely used and well-regarded
ools for constructing pangenome graphs, offering robust and
omplementary capabilities. Minigraph is a versatile tool de-
igned to construct and manipulate sequence graphs, is particu-
arly effective in handling large SVs, and is optimized for speed
nd scalability. It constructs pangenomes by aligning multiple
enome assemblies against a reference, facilitating the detection
f large insertions, deletions, and complex rearrangements [ 14 ],
nd was used to build the pangenome graph database represent-
ng presence/absence variation across 16 bread wheat genomes
 15 ]. PGGB is an innovative, reference-free pipeline designed to
onstruct unbiased pangenome graphs. By utilizing all-versus-
ll whole-genome alignments and advanced graph embeddings,
GGB builds and continuously refines a model that allows for the
dentification of genetic variation, assessment of conservation, de-
ection of recombination events, and inference of phylogenetic re-
ationships [ 16 ]. It was utilized to build a pangenome graph for
 comprehensive genetic variation analysis of Neisseria meningi-
idis [ 17 ]. Minigraph-Cactus pipeline combines 2 methodologies:
inigraph and Cactus. Minigraph excels in building compact and

ccurate graphs from multiple genomes by aligning reads to a
eference graph, while Cactus enhances this by integrating these
raphs into a comprehensive pangenome structure. This combi-
ation facilitates both visualization and exploration of genetic
ariation, structural differences, and evolutionary relationships
cross diverse genomes, offering valuable insights into genomic
iversity and complexity [ 18 ]. This pipeline was successfully uti-

ized to build a pangenome graph and reveal extensive effector
opy-number variation in spinach downy mildew [ 19 ]. 

Unlike linear pangenomes, which aim to encode all variation
n a linear data structure built around a reference genome [ 1 , 20 ],
angenome variation graphs encode multiple haplotypes, alleles,
nd structural variations directly into the graph topology [ 15 , 21 ,
2 ]. As a result, these graph-based models preserve complex vari-
nt relationships and allow for improved alignment and variant
iscovery across divergent genotypes. This is particularly advan-
ageous for crops like sorghum, where large structural variations,
resence/absence variants, and repetitive content are prevalent.
raph-based approaches can reduce false negatives in SV de-

ection, improve read mapping accuracy in structurally complex
egions, and enable downstream analyses such as graph-based
enotyping and structural variant and haplotype-aware associa-
ion studies [ 23–25 ] As such, pangenome graphs offer a powerful
lternative to linear [ 22 ] approaches for capturing true biological
iversity in plant genomes [ 26 , 27 ]. 

SV detection and comparative genomics have traditionally re-
ied on linear reference-based approaches to identify genomic
ifferences between individual assemblies. To fully understand
he benefits of a pangenome-based approach, we compared Mini-
raph, PGGB, and Minigraph-Cactus with 2 linear SV callers, SVIM-
sm and SyRI. SVIM-asm is a linear variant caller designed specif-
cally for long-read assemblies, enabling the accurate detection of
omplex structural variants, such as insertions, deletions, dupli-
ations, and translocations, by leveraging the detailed structural
nformation encoded in such assemblies [ 28 ]. SyRI is a compre-
ensive tool for predicting genomic differences between related
enomes using whole-genome assemblies (WGAs). The assem-
lies are aligned using whole-genome alignment tools, and these
lignments are then used as input to SyRI. SyRI identifies the syn-
enic path (longest set of colinear regions), structural rearrange-
ents (inversions, translocations, and duplications), local varia-

ions (SNPs, indels, CNVs, etc.) within syntenic and structural re-
rrangements, and unaligned regions [ 29 ]. In this article, we re-
ort extensive comparisons of the 3 leading pangenome varia-
ion graph construction pipelines using simulated and real-world
ata representing a sorghum diversity set. We assess the prop-
rties of the resulting pangenome graphs in terms of their com-
leteness and encoded variation, but also suitability for down-
tream applications, including read mapping. Our work expands
he knowledge base and toolbox necessary to build high-quality
angenome graphs in plants and especially crops, which often
oast genomes affected by high levels of duplication, sequence
iversity, and transposable element activity [ 30 , 31 ]. 

ethods and Tools 

his study employed a comprehensive workflow encompass-
ng genome assembly, chromosome splitting, simulated genome
eneration, pangenome construction, variant calling, and down-
tream analyses. The workflow, as shown in Fig. 1 , provides an
verview of the key steps, tools, and methods used across the
tudy, linking each stage of the analysis pipeline. 

enome assembly and chromosome splitting 

ix assemblies were chosen based on the phylogenetic relation-
hips published in a study by Tao et al. [ 32 ]. We chose the ac-
essions to be as diverse as possible to capture extensive vari-
tion. All 6 sorghum assemblies used were generated using a
ybrid sequencing approach and exhibit high contiguity (con-
ig N50 up to 3.5 Mb) and completeness ( > 95% BUSCO). We in-
luded 2 Sorghum bicolor (IS8525 and Rio), 1 Sorghum bicolor verticil-
iforum (AusTRCF317961), 1 Sorghum bicolor drummondii (PI532566),
 Sorghum bicolor margaritiferum (IS19953), and an outlier Sorghum
ropinquum (S369-1). Publicly available sorghum genome assem-
lies were downloaded. [ 32 ]. Similarly, publicly available assem-
lies ( Supplementary Table S7 ) for rapeseed [ 9 ], barley [ 33 ], and
oybean [ 24 ] included in this study were obtained. The reference
enomes used were Darmor v10 [ 34 ] for rapeseed, MorexV3 [ 35 ] for
arley, and Glycine max v4.0 [ 36 ] for soybean. The assemblies were
hen split into individual chromosome files using a shell script. 

imulated genome assemblies 

imulated genomes for all 6 accessions were generated using VI-
OR (version 1.1.2.1) [ 37 ], with S. bicolor v3.0.1 as the reference
ackbone, incorporating real-world SVs identified in the 6 acces-
ions. A filtering step was applied to retain only those SVs present
n at least 2 of the 6 assemblies due to a large number of variants
nique to 1 genotype prior to genome simulation. After filtering,
6,358 SVs remained, and all those exceeding 100 bp in size were
sed to simulate assemblies. 

The headers in the FASTA files of the genome assemblies were
odified to include the genome name as a suffix to the chromo-

ome name. This adjustment simplified tracking individual as-
emblies and ensured efficient downstream analysis. 

angenome construction 

angenomes were constructed per chromosome for the 10 chro-
osomes of S. bicolor using PGGB, Minigraph-Cactus, and Mini-

raph for real-world and simulated datasets separately. The meth-
ds of construction were the same for both datasets. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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Figure 1: This flowchart illustrates the workflow used in our study to evaluate pangenome graph-building pipelines. Public sorghum data were used to 
generate simulated assemblies, which, along with real-world assemblies, were analyzed using pangenome graph-building pipelines and pairwise 
comparison tools. The resulting outputs were then assessed to evaluate their performance and accuracy. 
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PGGB (version 0.5.4) 
For each of the chromosomes, we created a FASTA file contain- 
ing the corresponding 7 sequences, 6 from the selected accessions 
and 1 from the reference. We compressed the resulting FASTA and 

created an index (.fai) file using samtools (version 1.18) [ 38 ] faidx.
FASTA and index files were used as input for graph construction,
running PGGB with default parameters ( k = 19, p = 90, s = 5,000).
The order of the input samples was deemed insignificant as PGGB 

performs an all-versus-all alignment. 

Minigraph-cactus (version 2.7.2) 
The Minigraph-Cactus tool was used with default parameters, us- 
ing the S. bicolor v3.0.1 as the reference along with the 6 genome 
assemblies. The command was run with –gfa, –viz, –draw, –og, and 

–gbz parameters. Minigraph-Cactus calculates the mash distance, 
which is a metric used to estimate the genetic distance or simi- 
larity between 2 genome assemblies, and reorders the input as- 
semblies by placing the reference assembly first, followed by the 
remaining assemblies in decreasing order of mash distance to the 
reference. 

Minigraph (version 0.21) 
The Minigraph pangenome was constructed for each chromo- 
some of the assemblies with the S. bicolor v3.0.1 reference as a 
backbone. Default parameters were used. Since Minigraph does 
not provide instructions for determining the order of input sam- 
ples, a random order was used, assuming that the order is 
insignificant. 

BUSCO (version 6.0.0) 
We assessed the completeness of the newly generated graphs 
with BUSCO, a bioinformatics tool that scores genome assemblies,
gene sets, and transcriptomes by comparing them against a set 
of highly conserved orthologs. BUSCO evaluates the presence and 

quality of expected single-copy orthologs in the given dataset, pro- 
iding insights into the completeness and potential gaps in the
ssembly [ 39 ]. 

We used the odgi flatten command from odgi tools (version
.8.6–0-ge647844f) [ 40 ] to convert the OG files of pangenomes of
ach chromosome into FASTA format and merged all the result-
ng FASTA files to reconstitute full assemblies. We ran BUSCO with
he poales_odb10 lineage dataset and genome mode to assess the
ompleteness of the pangenome. 

anacus (version 0.2.3) 
anacus is a tool designed for quantifying the core size and es-
imating growth curves in pangenome graphs. It calculated sev- 
ral key statistics, including pangenome growth and core curves,
y counting nodes, edges, and base pairs, as well as tracking how
hey were covered across paths. This tool enabled the grouping of
aths, focusing on specific regions, and generated clear, interac- 
ive reports [ 41 ]. 

To analyze pangenome graphs, we first selected the paths cor-
esponding to haplotypes by filtering and excluding specific ref- 
rences. We then used Panacus to calculate the coverage and
angenome growth for nodes with varying coverage and quorum 

hresholds (1/0, 2/0, 1/1, 1/0.5, and 1/0.1), using up to 4 threads.
he resulting data were output as a TSV file. Finally, coverage his-
ograms and pangenome growth curves were visualized, including 
stimated growth parameters ( Supplementary Fig. S2 ). 

ariant calling and filtering 

GGB and Minigraph-Cactus 
GGB and Minigraph-Cactus variants were called with VG decon- 
truct (version 1.54.0) [ 42 ]. Variants were called with respect to the
ath of the reference genome, along with parameters to process
ll snarls (-a) and to only consider traversals that corresponded
o paths in the graph (-e). The input file was the GFA file output
f PGGB, and this process was repeated for each chromosome- 
raph. The variants were filtered to include only variants with

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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lternative alleles, and the multiallelic variants were split using
cftools norm (version 1.16–23) [ 38 ] to facilitate downstream anal-
sis. 

inigraph 

e added path information (P-lines) to Minigraph’s GFA by man-
ally curating the output of minigraph -call, which retraced the
ssembly’s path. We then called the variants with VG deconstruct.

VIM-asm (version 1.0.3) 
VIM-asm is a structural variant caller for haploid or diploid
enome–genome alignments. We ran SVIM-asm separately for
ach assembly against the S. bicolor v3.0.1 reference as it calls SVs
rom pairwise assemblies aligned with Minimap2 (version 2.26-
1175) [ 43 ]. SAM outputs were converted to BAM using samtools,
nd then BAM files were sorted and indexed to be used as inputs
o SVIM-asm in haploid mode to call the variants. 

yRI (version 1.6.3) 
e used SyRI to compare chromosome-level assemblies and iden-

ify structural rearrangements and synteny. The same pairwise
lignments generated with Minimap2 for SVIM-asm were used as
nput for SyRI variant calling. The initial VCF file produced by SyRI
as missing genotype information and flagged “N”s as highly di-
erged regions (HDRs). We resolved this by filtering out the “N”s,
anually adding FORMAT and SAMPLE columns, and updating

he VCF header for compatibility with bcftools. After merging the
ndividual VCF files for each method with Jasmine (v1.1.5) [ 44 ],
e refined the results by sorting, using bcftools sort and splitting
ultiallelic variants using bcftools norm. 

ruvari Bench (version 4.1.0) 
o assess the accuracy of both variant callers, we calculated and
ompared the precision, recall, and F1 scores of called variants
rom the pangenomes against the true set of variants from Tao
t al. [ 32 ], which was used to simulate the genome assemblies.
ruvari bench was run with default parameters [ 32 , 45 ]. 

egioneR (version 1.36.0) 
e used permutation testing with the regioneR package to evalu-

te the performance of PGGB and Minigraph-Cactus variant call-
ng with real-world assemblies [ 46 ]. It enabled the assessment of
verlaps between genomic regions by comparing observed data
gainst a distribution generated from randomized genomic re-
ions to determine statistical significance. 

We filtered out pangenome variants longer than the longest
ariant in the true set, as their inclusion disproportionately in-
reased the expected overlap during the regioneR permutation
nalysis. Longer variants had a higher likelihood of overlapping
y chance due to their size, which affected the randomization
rocess and inflated the baseline expected overlap. The permu-
ation test was conducted using the permTest function, with 100
ermutations of genomic regions. The randomizeRegions func-
ion was employed to generate these randomized regions, and the
umOverlaps function was used to evaluate the overlap between
he variant sets and the true variants. We set count.once = TRUE to
nsure that each true-set variant was counted only once, avoiding
verestimation from multiple overlaps with the same pangenome
ariant. 

urpyvor (version 0.5) 
urpyvor is a Python package designed for analyzing SVs, enabling
he visualization and quantification of SV relationships within ge-
omic data [ 47 ]. We utilized the venn function for creating Venn
iagrams and the upset function for generating UpSet plots. For

arge variant comparisons, we used the default parameters; how-
ver, for small variant comparisons, we used the -snv option to
verride the default SURVIVOR method and opted for bcftools in-
tead, as the SURVIVOR method was primarily tailored for large
V analyses. 

epeat content analysis 

o assess repeat content in the pangenome variants, we first gen-
rated a transposable element (TE) library using the EDTA (Ex-
ensive de novo TE Annotator) pipeline (version 2.1.1) [ 48 ]. EDTA
as applied to generate a nonredundant high-quality TE library.
his library was then formatted as a BLAST database with make-
lastdb to allow for efficient sequence comparison. Variant se-
uences from the VCF file were extracted and formatted in FASTA,
ith each sequence labeled by its genomic coordinates for unique

dentification. Sequence headers were standardized to remove
ny noncompatible characters to facilitate downstream analysis.
e then used BLASTN (version 2.12.0) [ 49 ] to align these variant

equences against the TE database, retrieving only the top hit for
ach variant. The results were sorted by query coverage, and only
he best alignment for each variant was retained. We further fil-
ered the results to include only those matches with a query cov-
rage of 80% or higher to ensure high confidence in the repeat
lassification. This approach enabled us to reliably identify and
haracterize repeat-associated variants within the pangenome. 

issing genes and assembly coverage statistics 

o detect missing genes across assemblies in the pangenome
raph, we first generated FASTA sequences for each assembly’s
ath in the graph using odgi paths. Gene annotations from the ref-
rence genome were mapped to each pangenome assembly FASTA
ith Liftoff (version 1.6.3) [ 50 ], identifying unmapped genes as po-

entially missing. Each assembly was also aligned to its path in
he pangenome graph using Minimap2. The alignments were pro-
essed with samtools to generate coverage statistics. 

ead simulation and mapping 

e evaluated the performance of linear and graph mapping by
sing simulated reads, which were generated using the code de-
eloped by Rice et al. [ 51 ]. This process involved 3 main steps: first,
imulating reads from the graph; second, aligning those reads to
oth the graph using VG Giraffe (version 1.58.0) [ 52 ] and to the
. bicolor v3.0.1 linear reference using Minimap2; and, finally, com-
aring the results from both mapping methods based on the align-
ent quality and correctness rates. 
Individual OG files generated for each chromosome were

erged with odgi squeeze. The merged OG file was converted back
o GFA format with odgi view. 

Read simulation: We simulated 1 million reads from the corre-
ponding pangenome graphs (which were then used as reference
or read mapping) using VG sim [ 53 ]. The length of each simulated
ead was set to 150 bps, the error rate was set at 0.24%, the indel
ate was set to 0.029%, the mean insert size was set to 570 bps,
nd the standard deviation of the insert size was set to 165. The
esultant GAM file was converted to FASTQ format with VG view. 

Mapping to VG Giraffe: The simulated reads were mapped back
o the graph using VG Giraffe. To enable VG Giraffe to map reads
o the graph, indexes were generated using VG autoindex with the
orkflow parameter set to Giraffe, which produced the necessary
les for mapping (.gbz, .min, and .dist). We annotated the GAM file
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and compared it to the simulated reads using VG gamcompare,
generating cumulative alignment and correctness rates. 

Mapping to linear reference: We extracted reference paths from 

the graph using VG paths, mapped the simulated reads with Min- 
imap2, and injected the alignment back into the graph. We anno- 
tated the GAM file and compared it to the simulated reads using 
VG gamcompare, generating cumulative alignment and correct- 
ness rates. 

Real-world reads: We downloaded paired-end reads datasets of 
sorghum [ 32 ] to test mapping efficiency in a real-world scenario.
Reads were mapped to the graph using VG Giraffe and to the lin- 
ear reference using Minimap2, with the same parameters as the 
simulated reads. 

Additional species benchmarking 

To evaluate the generalizability of our benchmarking results and 

minimize species-specific bias, we extended our pangenome con- 
struction and evaluation pipeline to 3 additional plant species: 
Glycine max (soybean), Brassica napus (rapeseed), and Hordeum vul- 
gare (barley). These species were selected to represent a diversity 
of genome sizes, ploidy levels, and assembly qualities. For each 

species, we applied the same pangenome construction methods 
(PGGB, Minigraph-Cactus, and Minigraph) using publicly available 
real-world genome assemblies. All steps, including chromosome- 
wise graph construction and downstream analysis, were per- 
formed as described for S. bicolor , but using only real-world 

assemblies. 

K -mer–based analysis of sequence duplication in 

graphs 

Along with evaluating BUSCO scores for these crops, we also im- 
plemented an additional method to estimate duplication levels 
in the pangenomes, which was designed to overcome the lim- 
itation of fragmentation of BUSCO genes by the graph struc- 
ture. For each crop, we first performed BUSCO analysis on the 
reference genomes ( Supplementary Table S3 ) and extracted the 
coding sequences (CDSs) corresponding to “Complete” BUSCOs. 
We then generated 21-mers from these CDS regions and aligned 

them using bwa aln [ 54 ] to both the input assemblies used for 
pangenome construction. We retained only those k -mers that 
uniquely mapped to all input genomes by filtering the align- 
ments for the “X0:i:1” tag in the SAM files. These k -mers were then 

mapped to the reference genome and the corresponding flattened 

graph FASTA. By analyzing the proportion of uniquely (X0:i:1) and 

multiply mapped k -mers in these alignments, we assessed the ex- 
tent of duplication across the pangenome graphs. 

Results 

Simulated assemblies 

Pangenome size and content 
The size of the pangenomes was similar between pipelines, while 
the number of nodes greatly varied across methodologies. The 
PGGB pangenome consisted of 851 Mb with ∼190,000 nodes, the 
Minigraph-Cactus pangenome was 795 Mb with ∼220,000 nodes, 
and the Minigraph pangenome was 878 Mb with only 950 nodes 
(Fig. 2 , Supplementary Table S5 b). The linear reference genome 
had a size of 688 Mb, demonstrating that all pangenomes exhib- 
ited an increase in total genomic content compared to the linear 
reference ( Supplementary Table S5 b). This highlighted the addi- 
tional complexity and variation encompassed by the pangenome 
graph. Minigraph stood out in our simulation, as it failed to detect 
ariants, which resulted in a smaller number of very long nodes.
he average node length for Minigraph was 968,806 bp, which was
ery high compared to PGGB’s 4,517 bp and Minigraph-Cactus’s
,714 bp. The mean BUSCO completeness for the 6 input simu-
ated assemblies was 98.4%, with 1.6% duplication, comparable 
o BUSCO completeness of 98.4%, with 1.7% duplication seen in
he 3 pangenomes ( Supplementary Table S3 b). 

ariant calling 

o assess the accuracy of variant calling, we calculated F1 scores
or variants identified from pangenomes constructed with simu- 
ated assemblies of Minigraph, PGGB, and Minigraph-Cactus. This 
omparison was made against a set of true variants from a pub-
ished dataset using the Truvari benchmarking tool. The average 
1 score for PGGB was 0.83, while Minigraph-Cactus achieved a
igher average F1 score of 0.89 (Fig. 3 A). Minigraph detected a con-
iderably low number of variants in a simulated scenario, an un-
xpected behavior also reported by other users [ 55 , 56 ]. The re-
ults were consistent when cross-checking the Minigraph output 
ith the Minigraph output from the Minigraph-Cactus pipeline.
he limited number of variants detected by Minigraph prevented 

he calculation of a meaningful F1 score, and the output did not
rovide sufficient data for reliable evaluation. 

The variants were also called using linear-based SVIM-asm and 

yri (Fig. 3 A) to compare the variant calling efficiency of graph-
ased PGGB, Minigraph-Cactus, and Minigraph. The F1 score com- 
arisons across all assemblies suggested that pairwise compar- 

son methods outperformed pangenome graph pipelines in the 
V calling task. SVIM-asm achieved the highest overall F1 score
f 0.93, followed by SyRI at 0.91, both outperforming Minigraph-
actus (0.89) and PGGB (0.83) (Fig. 3 A). SVIM-asm and Syri also ex-
ibited higher consistency and F1 scores across multiple genome 
ssemblies (Fig. 3 B). 

Pairwise variant callers offer slightly better variant detec- 
ion accuracy and robustness across different genome assem- 
lies compared to pangenome construction pipelines, as shown in 

ig. 3 B in a simulated scenario. Nevertheless, most SVs were de-
ected across all methodologies (Fig. 3 C), demonstrating the suit-
bility of graph-based approaches while revealing differences in 

ensitivity and specificity across tools. 

eal-world assemblies 

angenome size and content 
n addition to simulations, we also constructed pangenome 
raphs using 6 assemblies representing real-world data.
angenome graph sizes varied between the 3 pipelines, with 

he PGGB pangenome reaching 4.7 Gb, the Minigraph-Cactus 
angenomes at 4.2 Gb, and the Minigraph pangenomes being 
onsiderably smaller at 920 Mb. For comparison, the size of
he linear reference genome was 688 Mb, indicating that all
angenomes represented an increase in total genomic content 
elative to the linear reference, reflecting the added complexity 
nd variation captured by the pangenome graph. The number of
odes and edges in the graph corresponds to its size, as shown

n Fig. 4 B ( Supplementary Table S5 a). Size differences between
inigraph and the other 2 graphs are due to the inclusion of

nly variants > 50 bp, while PGGB and Minigraph-Cactus do not
ave a size filter. When compared to the graph sizes of simulated
ssemblies, the size and content of real-world pangenomes 
ncrease for PGGB and Minigraph-Cactus, consistent with the 
resence of many additional short variants (SNPs and indels),
hich were not part of simulations. 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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Comparison of Sorghum Simulated Pangenome Graphs

Figure 2: Comparison of the number of nodes and edges for Minigraph-Cactus, PGGB, and Minigraph pangenome graphs constructed from simulated 
assemblies. 
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The input real-world assemblies had a mean BUSCO com-
leteness of 95.4% with 2% duplication. Pangenomes built with
inigraph-Cactus, PGGB, and Minigraph had BUSCO complete-
ess of 94.5% with 16.5% duplication, 98.7% with 16% duplication,
nd 99.4% with 2.7% duplication, respectively ( Supplementary
able S3 a). The reduction in completeness scores is expected, as
n some cases, genes will be broken up across multiple nodes. The
uplication levels point to a successful genomic data compres-
ion, which is one of the key tasks of pangenome graph construc-
ion. To address the issue of genes broken up across nodes, which
ecame more pronounced as other species were included in the
nalysis, we devised a new, k -mer–based metric, where k -mers de-
ived from BUSCO genes identified in the reference genome were
ubsequently mapped to the flattened graph FASTA to assess the
ompleteness and duplication levels. The k -mer–based analysis
ainted a similar picture of slightly elevated duplication rates in
inigraph-Cactus and PGGB graphs ( Supplementary Table S4 ). 
We tracked the growth and coverage statistics of graphs using

anacus. Growth helps track the accumulation of genes and ge-
omic features, while coverage statistics assess the phylogenetic
iversity represented. Overall, all 3 pangenome pipelines show
imilar graph expansion dynamics, with less nodes added with
ach new sample ( Supplementary Figs. S2 –S 5 ). 

Pangenome construction can lead to data loss when se-
uences present in the input assemblies are not included in the
angenome graph. We evaluated the representation of each input
ssembly within the pangenome graph across all 3 pangenome
ipelines. We observed that all assemblies were represented with
 coverage above 94% in both the Minigraph-Cactus (Fig. 4 A, C)
nd PGGB (Fig. 4 B, C) pangenomes. When assessing gene pres-
nce in regions present in the assembly but missing from the
raph for each assembly, we found that 1 gene from assembly
usTRCF317961, 4 genes each in IS19953 and IS8525, 14 genes in
I532566, 3 genes in Rio, and 25 genes in S369-1 were not found in
he assemblies recovered from the graph (Fig. 4 A). These numbers
ere similar in both Minigraph-Cactus and PGGB pangenomes,
ut Minigraph showed a comparatively lower proportion (averag-

ng 83%) of assemblies included in the graph (Fig. 4 C) and conse-
uently a higher number of missing sequence and genes (Fig. 4 A,
upplementary Table S6 ). 

A similar trend was observed in the additional species included
n this study. For soybean, rapeseed, and barley, pangenome
raphs constructed using PGGB and Minigraph-Cactus were sub-
tantially larger than those built with Minigraph, consistent with
atterns observed in sorghum. For instance, in soybean, graph
izes were approximately 5.1 Gb (PGGB), 4.2 Gb (Minigraph-
actus), and 1.1 Gb (Minigraph), with a similar pattern observed

or rapeseed and barley (Fig. 5 A, Supplementary Table S5 ). Node
ount distributions mirrored these differences across species
Fig. 5 B–D). Minigraph graph had the highest proportion of se-
uence and genes missing ( Supplementary Table S6 ). The BUSCO
 -mer duplication analysis using 21-mers derived from reference
USCO genes revealed similar patterns as observed in sorghum.
he Minigraph-Cactus and PGGB had a higher duplication rate
han the Minigraph graph but, overall, showed good ability to re-
uce the level of sequence redundancy ( Supplementary Table S4 ).

ariant calling 

e performed a permutation test for variants called from
angenomes (Minigraph-Cactus, PGGB, and Minigraph) con-
tructed with real-world assemblies and also pairwise variant
allers (SVIM-asm and SyRI) to compare them with previously re-
orted SVs in sorghum [ 32 ]. This test, conducted using the re-
ioneR package, involved generating 100 randomizations of ge-
omic regions to assess the significance of the observed over-

aps between pangenome variant sets and the previously re-
orted variant set. All 3 pipelines, Minigraph-Cactus, PGGB, and
inigraph, demonstrated statistically significant results with a

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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A

C

B

Figure 3: Benchmarking structural variant detection across tools using simulated data. (A) F1 score comparison for the nonredundant merged variant 
set across all assemblies shows SVIM-asm achieving the best performance (0.93), followed closely by SyRI (0.91) and Minigraph-Cactus (0.89), while 
PGGB has the lowest score (0.83). (B) Per-sample F1 score distribution reveals consistent performance trends across samples for all methods, with 
SVIM-asm and SyRI generally outperforming graph-based approaches. (C) UpSet plot showing overlap in SV calls among SyRI, SVIM-asm, PGGB, and 
Minigraph-Cactus with the ground truth. The largest shared intersection is among all 4 tools. 
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permutation count of 100 iterations and randomization using ran- 
domizeRegions, yielding a P value of 0.0099 and a high z -score 
( Supplementary Fig. S1 a–c). These findings indicate that for real- 
world data, the SVs found using a pangenomic approach overlap 

previously reported variants much more than would be expected 

by chance alone. Pairwise variant callers, SVIM-asm and SyRI,
also show significant overlap, although to a lesser degree than 

the pangenome pipelines ( Supplementary Fig. S1 d, e). Together,
with the results from simulations, this suggests that building a 
pangenome graph using Minigraph-Cactus and PGGB is a viable 
approach for variant calling. 

We analyzed the proportion of variant types identified by each 

tool and observed that Minigraph-Cactus, PGGB, and SyRI iden- 
tify variants of all types and have similar proportions of variant 
distribution. They also include an “others” category for complex 
or less common variant types, including duplications, inversions, 
and other structural rearrangements (Fig. 6 ). 

While these results confirm the quality of variants identified 

by pangenome methods, we also evaluated the overlap of vari- 
ants between pangenome pipelines and pairwise variant callers 
(Fig. 7 A). Notably, PGGB and Minigraph-Cactus exhibit higher over- 
lap with each other compared to pairwise callers SVIM-asm and 

Syri. We assessed the performance of all tools in detecting small 
variants in real-world assemblies, focusing on indels under 50 bp,
including multiple-nucleotide polymorphisms (MNPs) and SNPs 
(Fig. 7 B). Minigraph-Cactus detected approximately 7.7 million 
NPs and 2.3 million small indels, while PGGB identified around
.6 million SNPs and 2.6 million small indels. Pairwise variant
aller SyRI detected 3.2 million SNPs and 0.93 million small in-
els, while SVIM-asm detected no SNPs and 11,000 small indels,
hich is relatively small, resulting in a reasonable overlap be-

ween PGGB, Minigraph-Cactus, and SyRI but negligible overlap of 
ariants across all 4 methods (Fig. 7 B, Supplementary Table S2 ).
inigraph-Cactus and PGGB identified 0.59 million and 0.56 mil- 

ion multiallelic sites, respectively, while Minigraph found only 
6,000 multiallelic sites (Fig. 7 C). 

We also analyzed the similarity of variants called by PGGB
nd Minigraph-Cactus to repeats by comparing them to the S. bi-
olor repeat library. We found that 28% of variants in both PGGB
nd Minigraph-Cactus matched repeats. When only matches with 

ver 80% coverage were considered, these results were reduced 

o 7.5% for PGGB variants and 11% match for Minigraph-Cactus
ariants (Fig. 8 A). Both Minigraph-Cactus and PGGB called a high
umber of variants unique to each of the pipelines (Fig. 8 B). We
lso analyzed repeat similarity of those unique variants and found
hat 48% of PGGB unique variants and 38% of Minigraph-Cactus
nique variants matched with repeat locations (Fig. 8 B). 

For the additional species, soybean, rapeseed, and barley, we 
erformed variant calling for the same pangenome pipelines 

Minigraph-Cactus, PGGB, and Minigraph) on real-world assem- 
lies, along with SVIM-asm and SyRI. We quantified the total 
umber and types of variants identified by each pipeline to

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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A B

C

Figure 4: Comparison of key graph characteristics and gene representation across pangenome graphs constructed using Minigraph-Cactus, PGGB, and 
Minigraph for real-world sorghum assemblies. (A) Number of missing genes across assemblies in each pangenome graph. Minigraph consistently 
shows the highest number of missing genes, indicating reduced gene representation compared to PGGB and Minigraph-Cactus. (B) Comparison of the 
number of nodes and edges in the pangenome graphs. PGGB and Minigraph-Cactus have substantially more nodes and edges than Minigraph, 
reflecting finer-scale graph resolution. (C) Coverage of each input assembly within the pangenome graph. Light blue indicates the portion of the 
assembly included in the graph, while light green shows the excluded portion. 
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rovide a comparative overview of variant detection across
pecies ( Supplementary Table S2 , Supplementary Figs. S6 –S8 ).
ariant counts ranged, with a similar distribution of SNPs,
mall indels, and multiallelic sites observed as in S. bicolor
 Supplementary Table S2 ). 

ead mapping 

ne of the key objectives of a pangenome graph is to act as a refer-
nce for read mapping. We therefore assessed mapping outcomes
or graphs produced with different pipelines. We were unable to
enerate mapping indexes for the PGGB pangenome graph due
o heavy computational and memory requirements and hence
ere unable to test it for read mapping. This issue has been pre-
iously reported during chicken pangenome analysis [ 51 ]. Follow-
ng the approach of Rice et al. [ 51 ], we evaluated the performance
f linear and graph-based mapping by simulating reads from the
ntire pangenome graph, which includes all 7 assemblies (6 in-
ut assemblies and the S. bicolor v3.0.1 reference), rather than

ust from a single reference genome. The simulated reads were
hen mapped to both the graph using VG Giraffe and the S. bi-
olor v3.0.1 linear reference using Minimap2. This allowed us to
ssess the mapping performance across the genetic diversity cap-
ured in the pangenome. For Minigraph-Cactus, the Giraffe re-
ults show better mapping compared to the corresponding Min-
map2 alignments ( Supplementary Table S1 a). Specifically, at a
igh minimum mapping quality (min_mapQ) threshold of 60, al-
hough Giraffe (Minigraph-Cactus) only maps 38.27%, it achieves
 correct read mapping rate of 99.68%, substantially better than
inimap2’s, which maps 48.67% reads with only 58.18% reads
apped correctly ( Supplementary Table S1 a). Correctly mapped

eads are simulated reads that align back to their original genomic
osition from where they were simulated. Giraffe (Minigraph-
actus) maintains a high rate (over 98%) of correctly mapped
eads, whereas Minimap2 has a lower proportion of correctly

apped reads at similar thresholds ( Supplementary Table S1 a).
t min_mapQ 1, the percentage of total reads aligned correctly

s 79.60%, when compared to Minimap2’s 35.49% ( Supplementary
able S1 a). This demonstrates that Giraffe using the Minigraph-
actus pangenome offers substantial improvements in both map-
ing accuracy and total alignment correctness compared to

inear-based approaches. It is notable that despite simulating the
eads from the same pangenome graph, some reads did not align
o the graph at mapQ 1, which likely reflects alignment ambi-
uity in highly repetitive regions as the mapQ 1 threshold may
xclude low-confidence alignments, contributing to the reduced
lignment rate. 

Giraffe performs well also with the Minigraph pangenome. At
 min_mapQ threshold of 60, Giraffe (Minigraph) maps 74.62%
f reads with a 95.08% correct read mapping rate, which is bet-
er than the corresponding Minimap2’s mapping of 58.93% reads
ith a 92.78% correct read mapping rate. The correctness rate

or Giraffe (Minigraph) remains high at around 98%, similar to
he results with Minigraph-Cactus. Furthermore, the percentage
f total reads aligned correctly with Giraffe (Minigraph) reached

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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A Graph Sizes B Soybean

C Barley D Rapeseed

Figure 5: Comparison of (A) graph file sizes and number of nodes and edges for Minigraph-Cactus, PGGB, and Minigraph pangenome graphs 
constructed from (B) soybean, (C) barley, and (D) rapeseed. 
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91.91% at min_mapQ 1, when compared to Minimap2’s 65.74% 

( Supplementary Table S1 a), highlighting its superior mapping 
ability compared to both Minigraph-Cactus and the linear refer- 
ence. The comparatively good read mapping performance of the 
Minigraph-only graph can be attributed to much lower graph com- 
plexity due to the absence of small variants, which makes read 

simulation and the mapping task much more straightforward. 
Minigraph-Cactus builds more complex graphs, capturing a wider 
range of genetic variations. While this detailed approach provides 
a richer genomic view, it also makes the read mapping process 
slower and more complex. 

We tested the read mapping ability of both pangenomes and 

a linear reference in the case of real-world reads as well, and 

the results showed the excellent ability of pangenomes to map 

real-world reads [ 32 ]. Minigraph-Cactus aligns 73.44% of total 
reads (Fig. 9 A), out of which 82.77% of reads are aligned perfectly 
(Fig. 9 B). On the other hand, Minigraph aligns 73.27% of total reads 
(Fig. 9 A), out of which 78.13% are aligned perfectly (Fig. 9 B). In con- 
trast, Minimap2 aligns 82.47% of total reads (Fig. 9 A), out of which 

only 68.77% are aligned perfectly (Fig. 9 B). 
When comparing mapping ability of pangenomes to linear 

references, it is evident that pangenomes consistently offer su- 
perior alignment performance. Giraffe’s alignment to both the 
Minigraph-Cactus and Minigraph pangenomes resulted in higher 
percentages of correctly mapped reads and total correct align- 
ments compared to Minimap2’s alignment to linear references. 
We applied the same read simulation and mapping evaluation 

trategy to additional crop species, soybean, rapeseed, and barley,
nd their pangenome graphs constructed with Minigraph-Cactus 
nd Minigraph. As observed in sorghum, mapping with VG Gi-
affe to the pangenome graphs consistently outperformed align- 

ent with Minimap2 to the linear reference genomes, in terms 
f both total mapped reads and correctly mapped reads across
ll species ( Supplementary Table S1 a). In addition to simulated
eads, we also mapped publicly available real-world reads. Across 
ll datasets, graph-based alignment consistently yielded a higher 
roportion of perfectly mapped reads than linear reference align- 
ent ( Supplementary Table S1 b). 

iscussion 

revious benchmarking efforts focused mainly on animal 
enomes [ 42 , 51 , 57 ], which, compared to plants, can have very
ifferent properties, including much higher levels of intra- and 

nterspecies collinearity [ 58 ]. Assessing the methods’ perfor- 
ance with crop data is therefore of high importance. This study

ffers a comparison of 3 key pangenome assembly pipelines 
Minigraph-Cactus, PGGB, and Minigraph) using sorghum as a 

odel, highlighting how each approach handles the complexity 
f pangenome construction, content, and performance in variant 
alling and mapping. One of the key tasks of pangenome graph
onstruction pipelines is an effective identification of regions 

https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf121#supplementary-data
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SNPs and MNPs

Insertions

Deletions

Others

Figure 6: Pie charts comparing the proportion of different variant types called by Minigraph-Cactus, PGGB, Minigraph, SVIM-asm, and SyRI. Minigraph 
and SVIM-asm focus on structural variants and do not call SNPs or MNPs. The “Others” category includes complex variant types like duplications, 
inversions, and other structural rearrangements. 

A

C

B

Figure 7: Overlap of variants in real-world assemblies. (A) An UpSet plot showing the overlap of large variants ( > 50 bp) between different methods; the 
bars represent the number of shared variants between dataset combinations, with the matrix indicating which datasets are included. (B) An UpSet 
plot showing the overlap of small variants ( < 50 bp). (C) Number of multiallelic sites detected by each of the 3 pipelines. 
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A B

Figure 8: Comparison of SVs with similarity to repeats for Minigraph-Cactus and PGGB. (A) Total counts of structural variations (All SVs) and SVs with 
similarity to repeats detected by each method, including the count of SVs with similarity to repeats after applying an 80% coverage filter. (B) Count of 
unique variants identified by Minigraph-Cactus and PGGB and the count of SV with similarity to repeats in those unique variants. 

Figure 9: Comparison of read alignment metrics for Minigraph-Cactus, Minigraph, and Minimap2 for real-world reads. (A) The percentage of total 
reads successfully aligned by each tool: Minimap2 achieved the highest alignment rate at 82.47%, followed by Minigraph-Cactus with 73.44% and 
Minigraph with 73.27%. (B) The percentage of perfectly aligned reads, where Minigraph-Cactus outperformed the others with an alignment rate of 
82.77%, Minigraph had 78.13%, and Minimap2 only achieved 68.77%, highlighting the lower quality of read alignments to the linear reference 
(Minimap2) in (A) when compared to pangenome graph references (Minigraph-Cactus and Minigraph). 
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of sequence correspondence and variation from whole-genome 
alignments. We compared performance of the state-of-the-art 
pangenome pipelines (Minigraph-Cactus, PGGB, and Minigraph) 
with established pipelines for SV identification from pairwise 
genome alignments (SVIM-asm and SyRI). To thoroughly eval- 
uate the performance of the SV calling pipelines, we used both 

simulated and real-world datasets. The simulated data, based 

on a reference backbone and containing known SVs, provided a 
controlled environment where we could assess variant calling 
accuracy with a known true set of SVs. In contrast, the real-world 
ata, which include inherent biological complexities such as 
equencing errors and structural variation, allowed us to test 
he pipelines under more challenging and realistic conditions.
his dual approach ensured a comprehensive evaluation of each 

ipeline’s performance across both ideal and complex scenarios. 
While the pairwise variant callers (SVIM-asm and SyRI) had 

lightly higher F1 scores in the simulations compared to the top-
erforming pangenome graph construction pipeline (Minigraph- 
actus), overall, pangenome graph-based methods showed strong 
erformance in simulations and good alignment with previously 
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eported variation in real-world datasets. We speculate that the
erformance of pairwise variant callers could be inflated in sim-
lations due to oversimplified scenarios, without small or multi-
llelelic variants. While the complexity of Minigraph-Cactus– and
GGB-generated graphs leads to substantial disparity in the num-
er of variants detected by the two pipelines, they both capture a
arge number of variants, which appear to have been missed by
he pairwise variant callers in real-world scenarios. Pangenome
raph approaches appear effective in identifying variants across
ultiple assemblies and capture both common and rare variants.

angenome graph construction pipelines therefore emerge as a
obust solution when dealing with complex, large datasets in a
eal-world scenario. 

Graph-based pangenomes have been increasingly recognized
s a superior approach compared to de novo or iterative methods,
s they provide a unified framework to represent complex varia-
ion and multiple haplotypes simultaneously. Graph pangenomes
ave the capacity to improve variant discovery and read map-
ing accuracy by reducing reference bias and better capturing
tructural diversity [ 51 , 59 ]. For example, Vaughn et al. [ 60 ] and
emay et al. [ 61 ] demonstrated that graph-based approaches en-
ble accurate genotyping of variants across large populations. By
apturing complex allelic variation and sequence context often
issed by linear reference–based methods, it allows for a more

omprehensive representation of population diversity. Our results
lign with these findings, reinforcing the value of graph-based ap-
roaches for comprehensive and scalable pangenome construc-
ion in diverse plant species. 

To evaluate whether the trends observed in S. bicolor are consis-
ent across diverse plant genomes, we extended key analyses to 3
dditional crops: G. max (soybean), B. napus (canola), and H. vul-
are (barley). Using real-world assemblies, we applied the same
angenome construction and variant calling pipelines, focusing
n graph sizes, completeness, duplication levels, and variant de-
ection. Pangenome graph sizes and duplication rates followed
imilar patterns across methods, and the low duplication lev-
ls observed in k -mer–based analyses indicate good compressibil-
ty of the pangenomes, despite genome complexity. These cross-
pecies analyses highlight the general applicability and robust-
ess of the pipelines for plant pangenome construction and vari-
nt discovery, underscoring their potential utility across crops
ith varying genome architectures. 
The study revealed that pangenome-based approaches gener-

lly offer better alignment accuracy compared to traditional lin-
ar references for mapping performance. Giraffe, used with both
inigraph-Cactus and Minigraph pangenomes, consistently out-

erformed Minimap2 in correctly mapping reads, underscoring
he advantages of graph-based methods for managing complex
enomic data. However, PGGB’s computational demands were a
ignificant challenge, especially in generating mapping indexes,
ndicating the need for further optimization. 

The identification of genetic variation through pangenome
ethods becomes particularly challenging when dealing with

ighly complex variations, such as nested or tandemly repeated
ransposable element insertions [ 62 ]. Recent analysis in rice
emonstrates that the Minigraph-Cactus pipeline can accurately

dentify 5 different alleles of a complex locus consisting of
ested and tandemly repeated transposon insertions within a
angenome of 20 different accessions of O. sativa . Compared to
 linear pangenome analysis, the pangenome graph approach al-
owed for improved characterization of multiple related alleles.
owever, correct genotyping of multiple alleles in a large popula-

ion using short reads remained challenging. 
In this study, we constructed pangenomes for each chromo-
ome separately, as this approach offers several advantages, in-
luding reduced processing time, simplified data management,
nd easier identification of variations within individual chromo-
omes. However, it does not account for the connections between
hromosomes. To investigate complex chromosomal changes,
uch as Robertsonian translocations or centromeric homology
 57 ], building a whole-genome pangenome may be essential. 

Our findings emphasize the importance of selecting tools
ligned with specific research objectives, whether prioritizing
ariant discovery, optimizing computational resources, or ensur-
ng high mapping accuracy. PGGB is designed as a completely
eference-free approach relying on all-versus-all alignments, but
his appears to result in a potential trade-off in precision and
ecall of SV identification. Minigraph-Cactus progressively builds
 graph and appears to offer a balanced integration of new se-
uences with robust performance. Minigraph, though efficient for

dentifying large structural variants, will miss finer variant de-
ails, particularly in highly diverse regions. Despite the advan-
ages of pangenome-based approaches in capturing both com-

on and rare variants across multiple assemblies, this study also
ighlights that these methods still require improvements. Addi-
ionally, refining pangenome assembly tools to address the unique
omplexities of plant genomes will yield more accurate and com-
rehensive genomic analyses. 

vailability of Source Code and 

equirements 

roject name: Benchmarking_graph_pipelines 
roject homepage: https://github.com/KopalliV/Benchmarking_
raph_pipelines 
icense: GPL-3.0 license 
ciCrunch RRID:SCR_026567 
io.tools ID: benchmarking_graph_pipelines 
ystem requirements 
perating system: Linux 
rogramming language: Bash, R, and Python 

ackage management: Conda/bioconda, pip 

ardware requirements: HPC environment with ≥32 CPU cores,
128 GB RAM, and ∼2 TB storage 

dditional Files 

upplementary Fig. S1. Permutation test results for real-world as-
emblies using Minigraph-Cactus, PGGG, and Minigraph pipelines .
his figure compares variants identified with previously reported
ariants. Using the regioneR package, 100 randomizations were
erformed. In all the plots, the observed overlap (red line) deviates
ignificantly from expected (black line) with a P value of 0.0099
nd very high z -score. (a) Minigraph-Cactus. (b) PGGB. (c) Mini-
raph. (d) SVIM-asm. (e) SyRI. 
upplementary Fig. S2. Comparison of genome graph construc-
ion methods, (a) Minigraph-Cactus, (b) PGGB, and (c) Minigraph,
sing Panacus. The left panel shows coverage histograms, show-

ng the distribution of node coverage across different levels. The
iddle panel shows the growth of the total number of nodes as
ore samples are added, with different coverage and quorum

hresholds represented by various colors. The right panel shows
he Fnew plot, which tracks the number of new nodes introduced
s sample size increases. 

https://github.com/KopalliV/Benchmarking_graph_pipelines
https://scicrunch.org/resolver/RRID:SCR_026567
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Supplementary Fig. S3. Comparison of genome graph construc- 
tion methods of barley pangenomes, (a) Minigraph-Cactus, (b) 
PGGB, and (c) Minigraph, using Panacus. The left panel shows 
coverage histograms, showing the distribution of node coverage 
across different levels. The middle panel shows the growth of the 
total number of nodes as more samples are added, with different 
coverage and quorum thresholds represented by various colors. 
The right panel shows the Fnew plot, which tracks the number of 
new nodes introduced as sample size increases. 
Supplementary Fig. S4. Comparison of genome graph construc- 
tion methods of soybean pangenomes, (a) Minigraph-Cactus, (b) 
PGGB, and (c) Minigraph, using Panacus. The left panel shows 
coverage histograms, showing the distribution of node coverage 
across different levels. The middle panel shows the growth of the 
total number of nodes as more samples are added, with different 
coverage and quorum thresholds represented by various colors. 
The right panel shows the Fnew plot, which tracks the number of 
new nodes introduced as sample size increases. 
Supplementary Fig. S5. Comparison of genome graph construc- 
tion methods of rapeseed pangenomes, (a) Minigraph-Cactus, (b) 
PGGB, and (c) Minigraph, using Panacus. The left panel shows 
coverage histograms, showing the distribution of node coverage 
across different levels. The middle panel shows the growth of the 
total number of nodes as more samples are added, with different 
coverage and quorum thresholds represented by various colors. 
The right panel shows the Fnew plot, which tracks the number of 
new nodes introduced as sample size increases. 
Supplementary Fig. S6. Overlap of variants in real-world as- 
semblies of soybean. (a) An UpSet plot showing the overlap of 
large variants ( > 50 bp) between different methods; the bars rep- 
resent the number of shared variants between dataset com- 
binations, with the matrix indicating which datasets are in- 
cluded. (b) An UpSet plot showing the overlap of small variants 
( < 50 bp). 
Supplementary Fig. S7. Overlap of variants in real-world as- 
semblies of rapeseed. (a) An UpSet plot showing the overlap 

of large variants ( > 50 bp) between different methods; the bars 
represent the number of shared variants between dataset com- 
binations, with the matrix indicating which datasets are in- 
cluded. (b) An UpSet plot showing the overlap of small variants 
( < 50 bp). 
Supplementary Fig. S8. Overlap of variants in real-world assem- 
blies of barley. (a) An UpSet plot showing the overlap of large vari- 
ants ( > 50 bp) between different methods; the bars represent the 
number of shared variants between dataset combinations, with 

the matrix indicating which datasets are included. (b) An UpSet 
plot showing the overlap of small variants ( < 50 bp). 
Supplementary Table S1. Read mapping statistics. 
Supplementary Table S2. Variant statistics observed in all 4 
crops across 3 pangenome graph pipelines and 2 pairwise variant 
callers. 
Supplementary Table S3. BUSCO scores of flattened pangenome 
graphs built with real-world and simulated assemblies of 
sorghum. 
Supplementary Table S4. The k -mer mapping statistics for the 
linear reference and flattened graph FASTAs. 
Supplementary Table S5. Graph statistics and runtimes for all 4 
crops across 3 pangenome graph construction pipelines. 
Supplementary Table S6. The number of unmapped genes and 

genome coverage percentages per assembly path across 4 crop 

species and 3 pangenome construction methods. 
Supplementary Table S7. Data sources and assemblies used in 

the study for rapeseed, soybean, and barley. 
bbreviations 

USCO: Benchmarking Universal Single-Copy Orthologs; CDS: 
oding sequence; CNV: copy number variation; HDR: highly di- 
erged region; indel: insertion/deletion; MNP: multiple-nucleotide 
olymorphism; PAV: presence/absence variant; PGGB: PanGenome 
raph Builder; SNP: single-nucleotide polymorphism; SV: struc- 

ural variation; TE: transposable element; WGA: whole-genome 
ssembly. 
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