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Abstract 

Traditional pangenome analysis focuses on gene presence/absence variations (gene 

PAVs). However, the current methods for gene PAV analysis are insensitive to detect 

small but valuable mutations within gene regions, and they overlook variations in 

intergenic regions. Additionally, the visual inspection of PAVs is an important but 

time-consuming step for pangenome analysis and result interpretation. To address 

these issues, we present APAV, an advanced toolkit designed for comprehensive PAV 

analysis and visualization. It integrates gene element-level PAV analysis and pro-

vides PAV analysis for arbitrary given regions in a genome. The resulted PAV profile 

can be visualized and investigated interactively with reports in HTML format, enabling 

researchers to conveniently verify sequencing read depth, target region coverage, 

and intervals of absence for each PAV. Furthermore, APAV offers various subsequent 

analysis and visualization functions based on the PAV profile table, including basic 

statistics, sample clustering, genome size estimation, and phenotype association 

analysis. We demonstrated the capability of APAV with pangenome analysis of tumor 

genomes and rice genomes. Performing PAV analysis at the element level not only 

provides more accurate information about the variations but also uncovers a larger 

number of variations for the phenotype-genotype association studies. In the rice 

genome analysis, we identified over twenty thousand distributed genes and more 

than fifty thousand distributed genetic elements. In the tumor genome analysis,  

element-level analysis revealed approximately three times as many phenotype- 

related genes as gene-level analysis. This indicates that altering the PAV unit from 

genes to smaller segments or elements can lead to more biological insights.

Author summary

A pangenome is the collection of all genetic information of a population. A pange-
nome can be much more complete than an individual genome. Using a pange-
nome as the baseline for genomics study is getting more and more  
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prevalent. However, current methods using a pangenome as the reference focus 
on gene-level presence/absence variations, which will ignore variations in small-
er but valuable genomic regions such as exons or gene fragments, which can be 
a tenth of a gene in size. The tool APAV we present here is designed to analyse 
and visualize presence/absence variations for genomic regions of any sizes, 
spanning from genes to any genomic regions of interest. This tool provides a 
pipeline suitable for analysing eukaryotic linear pangenomes, expands the target 
region from genes to any genomic regions of interest, and supports element- 
level analysis. Additionally, it offers a variety of subsequent analysis and visual-
ization methods for PAVs, as well as an interactive report generation function.

Introduction

The pangenome was first introduced to investigate the genetic diversity of a popula-
tion or species of eukaryotes [1] and the concept has gradually been applied to plants 
and animals in recent years [2,3]. A key step in pangenome research is gene pres-
ence/absence variation (PAV) analysis, which provides a new dimension of genomic 
variations [4]. Due to the large sizes of the genomes and the huge number of indi-
viduals, the map-to-pan strategy was extensively employed to identify gene PAVs in 
eukaryotic pangenomes [5–8]. EUPAN [9] and HUPAN [8] determine gene PAVs by 
calculating the coverage of gene regions. PSVCP [10] identifies sequence PAVs by 
merging PAVs of 20 bp intervals. However, all of them offer minimal visualization func-
tions. Panache [11] supports visualization of sequence PAVs on linear pangenomes, 
but it cannot perform PAV identification and requires a pre-calculated PAV matrix as 
input. PPanG [12] can display gene annotations together with a graph pangenome 
and its linear genomes simultaneously, but it does not support PAV identification or 
statistical analysis and requires pre-existing annotation data for all genomes. Gene 
PAV studies involve genes from the reference genome and non-reference genome 
sequences, and they will reveal the core and distributed genes. Nevertheless, current 
gene PAV analysis uses gene as the unit for presence/absence analysis, which is 
limited by its rough resolution and is not able to detect the impact of smaller pres-
ence/absence variations in exons, intragenic segments, gene upstream/downstream 
regions, and noncoding regions. PAVs in a finer resolution can lead to more accurate 
and richer insights for genomic studies. It is important to note that threshold selec-
tion and alignment artifacts can impact PAV determination. Therefore, visualization 
of PAVs plays an important role in reducing potential false positives. Although tools 
like Integrative Genomics Viewer (IGV) [13] and JBrowse2 [14] can display sequence 
alignments, the process can be cumbersome and slow when dealing with large num-
bers of PAVs.

Here we present APAV, an Advanced Presence/Absence Variation analysis and 
visualization toolkit, for the comprehensive PAV study. It contains a suite of tools for 
finding genomic PAVs at both the whole gene level and genic element level, together 
with various plotting functions and automatic report generating functions for PAV 

documentation, as well as code and data for 
reproducing case studies, can be accessed at 
https://cgm.sjtu.edu.cn/APAV/.
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analysis. APAV can be applied to any given genomic region and any organism. We demonstrated the usage of APAV 
using the rice pangenome and gastric cancer pangenome as examples.

Design and implementation

Overview of APAV pipeline

APAV operates in two modes: a gene mode for gene and genic element PAVs, and a general mode for any target region 
and its associated element PAVs (Figs 1 and S1). Users can run APAV using either a pre-built one-step pipeline or step-
by-step operations. The main steps can be executed automatically using the “geneBatch” or “generalBatch” command. 
The “geneBatch” command is specifically designed for gene regions and requires a GFF file and BAM files as inputs. The 
“generalBatch” command applies to any target region and takes a BED file and BAM files as input. This process involves 
extracting coordinates, computing coverage, identifying PAVs, generating reports in HTML format, and producing preview 
figures. Users can use APAV’s visualization commands in a Linux environment or utilize the APAVplot package in an R 
environment for further visualization.

Coordinate extraction and coverage calculation

The “gff2bed” command extracts the coordinates of genes and genetic elements (exons, CDSs, UTRs, upstream and 
downstream regions) from an input genome annotation file in GFF format, then outputs the results to a BED file (S2 Fig). 
For genes with multiple transcripts, overlapping elements with identical coordinates are consolidated to eliminate redun-
dant information. For other annotated target regions on the genome, only a BED file is required.

The “staCov” command calculates the coverage of target regions and element regions based on BAM files. It calcu-
lates sequencing depth using SAMtools depth [15] and determines the coverage by counting the percentage of bases 

Fig 1.  Overview of APAV pipeline. (A) Workflow for PAV calling and consequent analysis. The coordinates of the target region are first extracted 
from a GFF file or BED file. The coverage of both the whole region and the element region is calculated based on the BAM files. The PAVs are deter-
mined according to their coverage, and interactive reports are generated. Subsequent analyses can be performed using the PAV tables, including 
genome size estimation, classification and statistical analysis, phenotypic association analysis, and visualization of elements. (B) Interactive analysis 
reports. The PAV report presents PAV tables, coverage data, pangenome sequences, genome annotation, and sequence alignments. The sample report 
presents sample tables, phenotype information, and real-time PAV analysis results.

https://doi.org/10.1371/journal.pcbi.1013288.g001

https://doi.org/10.1371/journal.pcbi.1013288.g001
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covered within the target region. For general target regions, discontinuous regions with the same annotation are treated 
as distinct elements. By adding the “--asgene” parameter, the target regions are treated as genes. This command pro-
vides six options for selecting representative transcripts: the transcript with the longest CDS region, the transcript with 
the longest exon region, the longest transcript, the transcript with the highest coverage, all transcripts, and the entire 
gene body (S3 Fig). Neighboring elements with the same coverage can be further merged by adding the corresponding 
parameter. The “covPlotHeat” visualization command presents an overview of coverage across samples in a detailed 
heatmap (S4 Fig).

PAV determination

The coverage profile can be used as input to the “callPAV” command to determine the PAVs for both target regions 
and element regions (S4 Fig). This command offers two methods for classifying presence/absence categories: fixed 
threshold and adaptive threshold for coverage. The fixed threshold is provided by the user. Values exceeding the 
threshold are recognized as present, while those below are considered absent. The adaptive threshold method is 
based on clustering coverage across all samples in each region, categorizing groups with higher coverages as pres-
ent and those with lower coverages as absent. The process eventually generates PAV tables and two interactive 
reports for visual view (Fig 1B). The reports are stored in a new folder, which includes the PAV report, the sample 
report, JS files, and data files. The PAV report allows researchers to query and filter the PAV results. For any region 
of interest, users can click on the corresponding table row to view the coverage distribution of presence and absence 
groups in a box plot. In addition, a bar chart is provided to examine the values for each sample. The sequence 
alignments for specific samples can be checked in a genome browser. This genome browser offers pangenome 
sequences, a track for displaying the target region, annotation, and alignment tracks. The browser was constructed 
based on the JBrowse2 framework [14].

Additionally, based on the gene PAV profile, researchers can obtain the gene family PAV profile using the “gFamPAV” 
command. A gene family is considered present if at least one of its member genes is present. Like the gene PAV profile, 
the gene family profile can be used as input data for subsequent analyses.

Genome size estimation

The “pavSize” command simulates random combinations of genomes to estimate the size of the pangenome and core 
genome based on the PAV table. During each estimation, a random selection of genomes (ranging from one to all) will 
be made without replacement, and the number of pangenomes and core genomes in these samples will be counted. The 
estimation can also be performed in groups. The “pavPlotSize” visualization command takes the output of the “pavSize” 
command and draws the growth curve of genome size estimation. It offers three types of charts: line plot with error bars, 
jitter plot and ribbon chart.

Classification and statistics of regions

Target regions can be divided into core regions (which are present in all individuals) and distributed regions (which are 
not present in all individuals). The distributed regions can be further classified into softcore regions, distributed regions 
and private regions. Various complex charts provide insight into the classifications and distribution of target regions. The 
“pavPlotStat” visualization command displays the number of target regions. The “pavPlotHist” visualization command visu-
alizes the classifications and distribution of the target regions. The “pavPlotHeat” visualization command presents an over-
view of the PAV profile in a complex heatmap. The “pavPlotBar” command shows the proportions of different categories. 
The “pavPCA” visualization command performs PCA analysis on the PAV table. The “pavCluster” visualization command 
clusters samples based on the PAV table.
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Phenotype association analysis

The “pavStaPheno” command enables users to conduct phenotype association analysis of distributed target regions, 
facilitating the exploration of the potential biological impact of PAVs. For phenotypes with discrete values, the command 
conducts Fisher’s exact test to assess the independence of phenotype groups and PAV categorization. For phenotypes 
with continuous values, it uses the Wilcoxon rank sum test to compare the coverage of samples with presence variations 
to those with absence variations. The findings can be viewed using various visualization commands. The “pavPlotPheno-
Heat” command visualizes the outcomes of a phenotype association analysis as a heatmap. The “pavPlotPhenoBlock” 
command illustrates the proportion of individuals exhibiting particular regions across various groups. The “pavPlotPhe-
noMan” command generates a Manhattan plot that displays the outcomes of a selected phenotype. The “pavPlotPhe-
noBar” and “pavPlotPhenoVio” commands emphasize the relationship between a specific genetic region and a distinct 
phenotype.

Visualization of elements

To visualize the presence/absence of elements within the target region effectively, APAV offers three commands for visu-
alization at different levels. The “elePlotCov” command shows element coverage, the “elePlotPAV” command displays the 
PAV of elements, and the “elePlotDepth” visualization command illustrates the depth of elements. We created a composite 
graph type to effectively present various data for elements. The main body of this image is a heatmap that displays cover-
age, PAV, or depth for all elements. Additionally, annotations can be added alongside the heatmap to provide phenotypic 
information about the samples. The top of the heatmap indicates the coordinates of all elements and gene annotations.

R package APAVplot

We developed APAVplot, an R package focused on visualization for pangenome analysis. All visualization commands in 
APAV call functions from APAVplot. This package runs in the R environment, which offers enhanced interactivity and user 
experience. Researchers can analyze and observe PAV data more easily and flexibly. The primary input consists of the 
coverage profile, the PAV profile, and phenotype information, which can be obtained through APAV or prepared by the 
user. APAVplot covers a variety of commonly used analysis and visualization methods in pangenome PAV analysis. It can 
display the distribution of gene coverage, conduct PAV common analysis, perform phenotype association analysis, draw 
growth curves for genome estimations, and illustrate element regions. These figures are mainly drawn using the R pack-
age ggplot2 [16] and ComplexHeatmap [17]. APAVplot provides richer parameter settings and graphical content, which 
can be used to show results from APAV or be used independently.

Results

We developed APAV, which offers enhanced visualization capabilities and expands PAV analysis from gene regions to 
element regions. To demonstrate its capabilities, we applied it to two datasets for pangenome analysis.

In the first dataset, we conducted the PAV analysis on 453 rice genomes with high sequencing depth. The accessions 
were categorized into five major groups: XI, GJ, cA, cB, and admixed. We calculated the coverage of genes and elements 
(including exons, CDSs, and UTRs) and determined PAV at a threshold of 50%. A total of 23,502 distributed genes (Fig 
2A) and 50,492 distributed elements were identified. The half-violin plot indicated that the XI accessions had the high-
est average gene count, while the GJ accessions had the lowest (Fig 2B). Additionally, various groups exhibited distinct 
growth patterns in the genome size estimation (Fig 2C). The heatmap illustrates the PAV gene profile of major groups (Fig 
2D). The PCA and clustering results showed that the major rice groups could be distinguished based on PAVs of distrib-
uted genes (Fig 2D-E). Phenotype association analyses were performed for both gene PAVs and element PAVs concern-
ing plant height and accession groups. At the element level, we found more regions related to phenotypes. Compared to 
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the 20 genes identified by gene level, the element level reported 37 elements related to 27 genes significantly associated 
with plant height (p < 1e-5), including 19 out of 20 genes identified by gene level and additional 8 genes (S5 Fig). A similar 
behavior exists for accession groups. A notable example is the Os04g0373400 gene, which encodes a multidrug and toxic 
compound extrusion (MATE) protein involved in various physiological functions of plant growth [18,19]. Element level PAV 
analysis revealed its association with accession groups, which was overlooked in gene PAV analysis (Fig 3). The first CDS 
was primarily absent in the XI group (adjusted p = 3.95e-56), while the GJ group lost proportionately more of the third CDS 
(adjusted p = 2.01e-15) and the fourth CDS (adjusted p = 6.21e-12). Another example is the sd1 gene, often referred to as 
the green revolution gene, which was highly correlated with plant height as reported previously. Element level PAV analy-
sis further indicated that the absence of its first CDS region contributed to this association (adjusted p = 0.0052) (S6 Fig).

Fig 2.  Visualization of pangenome analysis results in rice genomes. (A) Proportion and distribution of core, softcore, distributed, and private 
genes. The proportion is shown in the pie chart and the distribution of gene numbers is shown in the bar plot. (B) Distribution of gene counts across 
accession groups. Each point in the figure represents a sample. (C) Pangenome size estimation. The pangenome and core-genome sizes are drawn 
for different accession groups of rice samples. (D) The heatmap of the PAV profile. The annotations above and to the left indicate the total number of 
genes. Each row of the heatmap is for a sample and each column is for a gene. (E) PCA results of the distributed gene PAV. Each point in the figure 
represents a sample. (F) Manhattan plot of phenotype association analyses for plant height. The five points with the highest p-values are marked 
with red dots. (G) An example illustrating the correlation between phenotypic groups and the gene PAV. (H) An example displaying phenotypic 
differences between presence and absence group samples.

https://doi.org/10.1371/journal.pcbi.1013288.g002

https://doi.org/10.1371/journal.pcbi.1013288.g002
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In the second dataset, we obtained genomic data from a previous study involving 127 male gastric cancer patients and 
aligned them to the gastric cancer pangenome [20]. Based on the BAM files, we used APAV to identify, analyze, and visu-
alize PAVs (S7 Fig). Firstly, we extracted the coordinates of all genetic elements from the annotation file, including exons, 
CDSs, UTRs, and 100*10 bp upstream and downstream regions. We then selected the transcript with the longest CDS 
region as a representative transcript to calculate the coverage of genes and genetic elements. Regions with coverage 

Fig 3.  Element-level analysis for Os04g0373400 gene in the rice genome. (A) Coverage distribution of the gene and all CDSs. (B) The num-
ber of samples with gene/CDS absence and presence within each rice group. Significant associations are observed between the rice groups and 
CDS1, CDS3, and CDS4 (all p < 0.001, Fisher’s test). (C-E) The heatmap for element level PAVs in terms of PAV(C), coverage (D), and sequence 
alignment depth (E) of elements in the Os04g0373400 gene. The absent regions of corresponding samples are highlighted with red dashed boxes.

https://doi.org/10.1371/journal.pcbi.1013288.g003

https://doi.org/10.1371/journal.pcbi.1013288.g003
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exceeding 80% were considered to be present. Eventually, we identified 208 distributed genes. We estimated the genome 
size, illustrated the distribution of genes in the population, and performed phenotypic association analyses for all distrib-
uted genes and genetic elements. Additionally, we compared the results at both the gene level and the element (CDS 
and UTR) level (S8 Fig). Analyzing at the element level allowed us to identify shorter PAV variants, providing an alterna-
tive perspective and form of variation for studying genetic diversity (S8A Fig). This approach also made the absence of 
elements more apparent (S8D Fig). Furthermore, we discovered more potential associations with phenotypes in regions 
analyzed at smaller resolutions (S8C Fig). For example, the PIM3 gene, a member of the proto-oncogene PIM family with 
serine/threonine kinase activity [21], was related to gastric adenoma-adenocarcinoma sequence and progression in gas-
tric cancer [22]. Our results indicated that the absence of the PIM3 gene mainly occurs in the CDS region of the sixth exon 
(S9 Fig). Notably, all of the absent samples had an Epstein-Barr virus (EBV) infection diagnosis. The expression level of 
PIM3 can be validated by RNA-seq, and it is found that tumor samples with exon 6 deletion revealed a lower expression 
level. Additionally, we also found that the 501–600 bp region upstream of the gene correlated with Helicobacter pylori (HP) 
infection, and the downstream 401–500 bp was associated with Bormann classification.

The above examples demonstrate the powerful visualization capabilities of APAV, which can be applied for both data 
exploration and final result plotting. APAV also reveals the potential of element level PAV analysis. By expanding PAV 
analysis from the gene level to the element level, we can uncover a large number of additional variations associated with 
phenotypes, which can be critical in applications like disease genomics.

Availability and future directions

The source code for APAV can be accessed freely at https://github.com/SJTU-CGM/APAV, while the source code for the 
R package APAVplot can be accessed freely at https://github.com/SJTU-CGM/APAVplot. Demo datasets are available 
for download from https://github.com/SJTU-CGM/APAV/tree/main/demo. Additionally, software documentation, as well as 
code and data for reproducing case studies, can be accessed at https://cgm.sjtu.edu.cn/APAV/.

APAV is primarily used for constructing linear pangenomes by combining reference genomes with non-reference 
sequences derived from next-generation sequencing data. In the future, we plan to incorporate new methods to support 
variant analysis of pangenomes created through whole-genome alignment strategies, which are typically employed in 
third-generation sequencing data. These improvements will enable the detection of a wider variety of variant types.
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