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Abstract
Many agriculturally important traits are quantitative: examples include grain
yield, disease resistance, and flowering time. Quantitative traits are affected by
multiple genes, lying in a large genomic region called a quantitative trait locus
(QTL). Typically, a quantitative trait is affected by multiple such regions (ie
multiple QTL). Due to the large number of genes in a QTL, pinpointing the
causal genes for a trait constitutes an important challenge. In an attempt to
pinpoint such causal genes, the genomic content present in quantitative trait loci
(QTL) may be analyzed manually or through the use of automated gene
prioritization methods [1][2][3]. However, both manual and automated analyses
are restricted in that they are typically performed in the context of a single
reference genome. In the midst of an era where genomic data are so vastly and
readily available, reference-centric approaches greatly limit the amount of
available genomic knowledge that is actually utilized. As a result, genomics has
been shifting from reference-centric to pangenomic approaches.
In this project, we have developed a pangenomic approach for QTL analysis. In
this context, QTL analysis refers to the study of the structural and sequence-level
variation within a QTL region across different genomes, with the ultimate aim of
identifying causal genes for a specific trait. In this project we made several critical
steps towards that goal. We developed a fast, accurate and robust workflow to
integrate QTL data into pangenomes, extract homologous regions of the QTLs,
and analyze the genomic variation between the regions. Our method is applicable
to all diploid plants. Computational testing was performed using a mix of
artificial and real QTL data from A.thaliana and O.sativa. From a biological
perspective, results from our method were validated against the previously
studied use case of strigolactone biosynthesis (SLB) in rice. Moreover, the output
of our workflow was used to explore several types of structural variation in rice
QTL. Our results show that structural variation is very prominent even within a
small, closely related set of genomes; gene presence-absence variation (PAV) was
found to the most common type of those examined.
Our workflow immediately provides an overview of the structural variation
present in regions of interest across a set of genomes, enabling researchers to
manually examine such regions for variants of interest and candidate causal
genes. However, its greatest strength lies in its potential combination with
different data types and analyses. Gene lists from the detected regions can be
functionally annotated, combined with RNA-seq or phenotypic data, and/or used
as inputs for gene prioritization methods. Thus, while our method stands on its
own as an immediately useful application, it also serves as a strong yet flexible
foundation for the development of something even greater.
Keywords: pangenomics; QTL; PanTools
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Introduction
Plant breeding is used to facilitate the improvement of crops in terms of traits that
affect food production[4]. Examples of such agriculturally important traits include
grain yield, disease resistance and flowering time. Many of these traits are complex
quantitative traits: they are affected by multiple genes, lying in a large genomic
region called a quantitative trait locus (QTL). Typically, a quantitative trait is
affected by multiple such regions (ie multiple QTL). Due to the large number of
genes in a QTL, pinpointing the causal genes for a trait constitutes an important
challenge. Prioritization methods have been developed to address that challenge
[1][3][2].
However, such methods are limited by the fact that they are usually applied and
interpreted in the context of a single reference genome. Phenotypic variation is
naturally tied to genomic variation. Therefore, to pinpoint the genes that result in
different phenotypes for a trait, one must examine the subset of genes that vary
in some way between individual organisms. It is possible to study certain types of
variation in the context of a single reference genome: for example, single nucleotide
polymorphisms (SNPs) can be studied by use of resequencing data, or comparing
multiple accessions to the reference. However, structural variation is much harder to
detect in that way. In an era where genomic data are generated at an unprecedented
scale, it becomes almost paradoxical to study traits in the context of a single reference genome, since that misses a tremendous amount of known genomic variation
present within a species.
In order to capitalize on this genomic variation, we introduce a pangenomic approach to the study of quantitative traits. Our approach is in line with a recent
paradigm shift in comparative genomics from the reference-centric approach to the
pangenomic approach[5]. This shift has been due to the aforementioned availability of a vast amount of high-throughput sequencing data, which naturally generates the need of more efficient methods to represent, store and analyze the data.
Here, we use the term “pangenome” to refer to a graph-based representation that
stores, and enables the comparative study of, multiple genomes and their annotations. This representation allows for capturing the entire genomic variation of the
included genomes, including structural variation (SV), single nucleotide polymorphisms (SNPs) and small insertions - deletions (indels).
In this project, we used PanTools [6] to construct pangenomes of two plant species:
Arabidopsis thaliana and Oryza sativa (rice). We developed several new functionalities for PanTools that enable the study of complex quantitative traits in a pangenomic context. The new functionalities can be divided in three categories: 1) integration and summary of QTL data; 2) detection of homologous QTL regions; and
3) variation analysis of the detected regions. We applied the new functionalities to
analyze the use case of strigolactone biosynthesis in rice, a trait that has been previously studied[7][8]. We use this case study for validation of our results and further
examine the structural variation in the QTL regions involved. We demonstrate that
our methods are already useful for the study of quantitative traits. Moreover, we
propose that they can serve as a basis for the develoment of future functionalities
related to functional annotation, integration of phenotypic data, and gene prioritization.
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Methods
Construction of pangenomes
Pangenomes were constructed in PanTools for two diploid plant species: Arabidopsis
thaliana and Oryza sativa. The pangenome of A.thaliana was built using genomic
and annotation data from 19 accesssions[9]. All A.thaliana assemblies are at chromosome level.
The pangenome of O.sativa was built with genomes and annotations of three cultivars: Nipponbare, DJ123 and IR64. O.sativa is divided in two major subspecies:
Indica and Japonica. Nipponbare is a Japonica cultivar, while DJ123 and IR64 are
Indica cultivars. For Nipponbare, we used the chromosome-level MSU v7.0 assembly and annotation[10]. For DJ123 and IR64, scaffold level assemblies and their
corresponding annotations were used[11].

QTL data integration
Within the rice pangenome, we incorporated the regions of nine (9) QTL relevent
to strigolactone biosynthesis, retrieved from a Bala x Azucena recombinant inbred
line (RIL) population. In the A.thaliana pangenome, we used a subset of QTL from
a larger published collection, which were mapped using a Bay-0 x Shahdara RIL
population [12]. Artificial QTL (i.e. simple text files defining genomic regions) were
added in oth pangenomes for development and testing purposes.
To facilitate the QTL annotation, we implemented a QTL feature node in PanTools. Explaining the context for this decision requires some understanding of how
pangenomes are represented in PanTools. A pangenome in PanTools is represented
as a compressed generalized de Brujn graph. The graph has separate layers for
sequence, annotation and relationships (eg homology groups and clusters). In the
annotation layer, genomic features such as genes and mRNAs are represented as
nodes. We added an additional type of feature node to represent QTLs. In order to
take advantage of pre-existing annotation functionality of PanTools, we reformatted
the QTL data as genomic features in generic feature format (gff3); attributes that
are specific to QTL are included as tags in the attribute column (S1). We justify
this reformatting by the fact that QTL are included in the controlled vocabulary
of the Sequence Ontology project, which makes them valid inputs for gff3 files [13].
We further implemented functionality to generate a summary table that gives an
overview of all QTL present in the pangenome. The table includes six standard
columns: genome, chromosome or scaffold, start position, end position, size, and
number of genes in the QTL. Depending on the content of the QTL file, the table
can adapt to include columns for logarithm of odds (LOD) score, explained variance, and parental lines.

Homology detection
The idea behind our approach for homology detection is quite simple. First , we
retrieve the homologs of every gene in a QTL. Then, on a given genome, we stitch
the homologous genes together to define a homologous region, which may be fragmented and consist of multiple sub-regions. Throughout this paper, the term ’original genome’ refers to the genome where the QTLs are mapped, and ’queried genome’
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refers to the genome(s) we want to detect homologous regions on.

Grouping
To retrieve the homologous genes, we utilized the homology grouping functionality
already included in PanTools[14]. This is a fast, k-mer based approach that identifies similar mRNA across the pangenome and places them into groups, such that
all members of a group are considered to be homologous.
Grouping in PanTools is influenced by a set of parameters which can be set by
the user. There are eight default groups of parameter settings, ranging from D1
(strictest) to D8 (most relaxed). Stricter settings are more suitable for pangenomes
where the individual genomes are phylogenetically close. Based on the results of
previous work[14], we used D2 settings for the A.thaliana pangenome. In order to
determine the optimal settings for the O.sativa pangenome, we benchmarked all
eight settings against the BUSCO Liliopsida dataset [15]. We evaluated the results based on the resulting precision, recall, and F-score measures. We selected the
D3 setting for the O.sativa pangenome because it results in the highest F-score (S5).

Construction of the homology tables
Homology tables summarize relationships between genes and their homologs. The
required input is a QTL-annotated pangenome graph. The method takes two optional arguments: 1) the names of the QTLs to be analyzed, and 2) the genomes
tp be queried (i.e. the genomes where homologous regions should be detected.) By
default, the method will examine all QTLs and all genomes. The algorithm iterates
first over the QTL names, then over the genome numbers. The output is a homology
table for each QTL-queried genome combination. Each homology table contains the
relationships between genes and their homologs, as well as positional information
of the genes.
The construction itself works as follows: the algorithm walks through the QTL and
examines each mRNA node, detecting the homology group it belongs to and, by
extension, all other members of the same group. Detected members are retained if
they belong to either 1) the currently queried genome, or 2) the original genome but
are outside the boundaries of the QTL itself. Subsequently, mRNAs are replaced
by their parent genes, a step that effectively compresses alternatively spliced isoforms and intron-variants. Finally, the groups and their associated information are
returned in tabular format.
In the table, the queried genome is allocated four columns corresponding to: the
gene identifier, the chromosome or scaffold the gene is on, the start position of
the gene, and the end position of the gene. By sorting by scaffold and position,
we can easily detect the boundaries of the homology regions on other genomes in
the pangenome. The original genome is allocated eight columns that follow the
same scheme. The extra four columns are to detect in-paralogs that fall outside
the boundaries of the QTL. These in-paralogs are not used in detecting homology
regions per se; however, they provide useful additional context: for example, we may
wish to exclude detected fragments that clearly originate from paralogous regions.
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Expansion of homology tables
As mentioned, homologous regions may be fragmented into sub-regions. From the
rice homology tables, we used the start and end position of each detected scaffold
as boundaries for that particular sub-region. Sub-regions were taken into account
in subsequent steps, namely walk-through, visualization, and variation analysis.
Isolated genes and smaller (less than 4 genes) fragments were kept in the homology
table, but not taken into account in subsequent analusis within the scope of this
project. This choice stems from a trade-off between the need to capture as much
information as possible, and the impracticability of homologous regions being too
fragmented.
In the A.thaliana pangenome, we applied the same rules but excluded fragments
that clearly originated from paralogous regions of the original genome (S10) .
We implemented functionality to walk through the detected homologous regions
and add genes that are present in the queried genome, but absent from the original
genome. The input of this function is a file that contains the path to the homology
table file constructed in the previous step, and the coordinates of the regions to be
searched. The output is the extended homology table that also contains the added
genes.

Visualizations and variation analysis
In order to provide context to the visualizations and the structural variation analysis, we classified our groups into core, core and single copy orthologs, accessory and
unique. Classification was performed with a custom Python script on the output
file of homology grouping. The classification terms are defined as follows:
1. core: present in all genomes; may have multiple members per genome.
2. core and single copy orthologous: present in all genomes; exactly one member
per genome.
3. accessory: present in more than one genome, but not all.
4. unique: present in exactly one genome.
We visualized QTLs in Python/Matplotlib.
Additional information was added to the homology tables for structural variation
analysis: specifically, known priorititized genes from the rice use case were marked
as such. Moreover, when a gene was annotated as a transposable element, it was
marked as such in the homology tables.
We quantified structural variation events on the rice QTLs using custom Python
scripts. We examined presence-absence variation (PAV), copy number variation
(CNV) and complex variation, defined as a combination of PAV and CNV (S6).
We compared the frequency of occurrence of various event types with their overall
frequency in the rice pangenome.

Parental data
We retrieved resequencing data for Bala and Azucena from the European Nucleotide
Archive (ENA). The study accession is SRP011382. These samples were selected
because they were used the original study we compared our results with[7]. We used
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the read mapping functionality of PanTools[16] to align the resequencing parental
data against the rice pangenome. A sequence alignment/map (sam) file was generated for each genome in the pangenome. We used samtools[17] to add read groups
and sort the files, and sambamba[18] to mark duplicate reads. Using samtools, we
filtered the bam files for reads with a mapping quality of at least 15. Joint variant
calling was performed with Freebayes[19] using three samples for Bala and two for
Azucena. Filtering for read depth equal to or over 20, and subsetting of the resulting vcf files, were performed using vcftools[20]. The major deletions observed in the
case study, as well as Variants of the major QTL for strigolactone biosynthesis in,
were visualized in the Integrative Genomics Browser (IGV)[21].

Results
Functionality development
PanTools was expanded with novel functionalities for analyzing QTLs in a pangenomic context. The pangenomic QTL analysis workflow is outlined in Figure 1. In
this context, QTL analysis involves annotating the pangenome with known QTLs,
extracting homologous regions of the QTLs on other genomes in the pangenome,
and constructing an overview of the regions and the links between homologous
genes. The required inputs are a pangenome graph and some QTL data to be integrated into the pangenome and analyzed. Optional inputs include a file specifying
which QTL should be analyzed, and a second file specifying which genomes should
be included in the analysis. If the optional inputs are not given, all QTL will be
analyzed for all genome combinations.
The workflow includes four steps. In the first step the pangenome is annotated with
QTL data, which are added to the pangenome as feature nodes. It is assumed that
the QTL data are defined in genomic coordinates. It is important to realize that
QTL are typically mapped on the reference genome of a species: therefore, at this
point in the workflow, QTLs are associated with only one of the genomes in the
pangenome. The annotated QTL regions are used as a starting point for subsequent
steps.
The next steps involve the detection and analysis of homologous regions of the annotated QTLs. This is the turning point where the ’pangenomic’ part of the analysis
starts to come into play: in order to analyze the differences between a certain region
and its equivalent region on a different genome, we first need to detect that equivalent region. By utilizing a pangenome graph, it is possible to detect homologous
regions that for any combination of the included genomes. However, the question
remains on how the homology detection, on any given genome, will be performed.
The approach we use for homology detection relies on the previously developed
homology grouping functionality of PanTools. Homology grouping detects homologous genes across all genomes, and places them in groups: genes that are considered
homologous to each other are placed in the same homology group.
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Figure 1: Project workflow. Visualization of workflow. (1) QTL data are integrated in the pangenome. (2A), (2B) Homologous genes are detected and organized
in a homology table. (3) Homologous regions are extracted from the table. (4A),
(4B) Detected homologous regions are searched for genes absent in the original
genome. These genes are added to the tables.
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Our novel homology detection method then capitalizes on that functionality, and
expands it to regions. The basic idea is as follows: having knowledge of all genes
in a region and their order, and being able to detect the homologs of each gene
on another genome, we can then stitch the detected homologs together in order to
define a homologous region. Homology detection encompasses steps 2, 3 and 4.
In step 2, homology grouping is run under optimal settings . Our algorithm then
walks over the QTL region under study and examines each gene, detecting all links
to homologous genes. Since homology grouping is performed at a transcript level,
this step requires an under the hood simplification of mRNAs to genes . All detected genes and the relationships between them are stored in a homology table.
A simplified version of the table is shown in Figure 1; the full table also contains
positional information (S2).
In step 3, boundaries (start and end positions) are established for the homologous
regions on other genomes. Regions may be discontinuous. Scattered genes are not
fragments, and therefore are not used in this step, although they are still included
in the table. What constitutes a fragment is explained in more detail in . Finally,
in step 4, the algorithm walks through the homologous fragments to detect extra
genes that were not present in the original genome. These genes are then also added
to the homology table.
To demonstrate what the output looks like, we applied our workflow to the
A.thaliana pangenome and visualized a QTL mapped on the Col-0 accession (region Chr3:14720735-15245133) (S3). Due to high similarity between the accessions,
there are few accessory and no unique groups, and the order of the genes is retained.

Use case: strigolactone biosynthesis in rice
To demonstrate the functionalities and interpret the results, we used a case study
regarding strigolactone biosynthesis in rice. Strigolactones are a class of plant hormones that affect plant architecture and are involved in rizosphere signaling [22][23].
The pathway of strigolactone biosynthesis was independently studied by Cardoso et
al. [7] and Zhang et al. [8]. Both studies identified the same two causal genes: SLB1
and SLB2. In Cardoso et al.[7], these genes were found to be present in rice cultivar
Azucena, but absent in Bala. Azucena belongs to the Japonica subspecies, while
Bala belongs to the Indica subspecies. Further analysis showed that the genes were
consistently absent across Indica cultivars, and consistently present across Japonica
cultivars.
We used data of nine QTL affecting strigolactone biosynthesis [7], as well as a list
of genes that were identified as candidates for affecting the trait using a gene prioritization method [1].
The workflow was applied to the rice pangenome. The figure below displays
qSLB1.1, which is the major QTL affecting strigolactone biosynthesis in rice as
identified by Cardoso et al. [7]. Genomes of the rice pangenome are represented
by continuous or fragmented bars. The middle bar represents qSLB1.1 mapped
in chromosome 1 on Nipponbare; the collection of fragmented bars at the bottom
correspond to IR64 (scaffolds 181 and 203), and the bars at the top correspond
to DJ123 (scaffolds 30 and 107). Genes are displayed by several different markers
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that correspond to different gene types. Specifically, red crosses are single copy orthologs; blue x’s are core and not single copy orthologs; green circles are accessory;
and magenta stars are unique. Genes that are homologous to each other are linked
with black lines; such links are shown between Nipponbare and DJ123 as well as
Nipponbare and IR64, but not between DJ123 and IR64, or within genomes. Finally, prioritized genes are additionally marked by cyan lines.

Figure 2: Rice qSLB1.1 on Nipponbare and homologous regions on DJ123
and IR64. QTL1 mapped on Nipponbare (middle, chromosome 1) and its homologous regions on DJ123 (top, scaffolds 30 and 107) and IR64 (bottom, scaffolds 181
and 203). Markers are genes, with black lines representing links between homologous genes. Red crosses are core and single-copy orthologs; blue x’s are core and not
single-copy orthologs; green circles are accessory; magenta are unique. Prioritized
genes are denoted by cyan lines.

Homology grouping placed SLB1 and SLB2 in the same group, along with a third
homolog, LOC Os01g50590 (Table 1). LOC Os01g50590 is a known homolog of
SLB1 and SLB2 that has been demonstrated to be inactive[8]. The Indica cultivars
of the rice pangenome have one gene each in the same homology group.

Table 1: The homology group containing the casual genes. Columns correspond to
genomes Nipponbare, DJ123 and IR64. Cells contain gene identifiers.
Nipponbare
LOC Os01g50520 (SLB1)
LOC Os01g50580 (SLB2)
LOC Os01g50590

DJ123
maker-scaffold 30-snap-gene-2.35
maker-scaffold 30-snap-gene-2.35
maker-scaffold 30-snap-gene-2.35

IR64
maker-scaffold 203-snap-gene-1.34
maker-scaffold 203-snap-gene-1.34
maker-scaffold 203-snap-gene-1.34

Pairwise alignments of the genes showed that the Indica genes are more similar to
the inactive homolog than SLB1 or SLB2 (S4) . This supports the conclusion that
SLB1 and SLB2 are absent in Indica.
To further support this, we mapped parental resequencing data on Nipponbare and
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visualized the alignment (bam) files in IGV (after filtering for alignments that have
a mapping quality of at least 15). The upper tracks show the coverage distributions
on Bala (top track) and Azucena (middle track); the lowest track shows the gene
models. The deletions of LOC Os01g50520 (SLB1) and LOC Os01g50580 (SLB2)
on Bala can be inferred by the lack of mapped reads on these loci. A small amount
of Bala reads map on the inactive ortholog; this is still a smaller amount than the
Azucena reads that map on the same position. This can be explained by the fact
that Azucena is taxonomically closer to Nipponbare (both Japonica cultivars) than
Bala (an Indica cultivar) is. It is also consistent with the query covers reported by
BLAST (S4) for DJ123 and IR64.
Figure 3: Region with deletions of SLB causal genes in Indica. Region on
Nipponbare where the deletions of causal genes SLB1 and SLB2 are observed. Gene
models are shown on the lwoer track, while gene coordinates are on the upper track.
The two middle tracks represent coverage distributions of mapped reads (mapping
quality ¿= 15) for Bala (upper middle) and Azucena (lower middle). SLB1 and
SLB2 are deleted on Bala.

Structural variation overview
Three types of structural variation were considered: presence absence variation
(PAV), copy number variation (CNV) and complex variation, which is a combination of PAV and CNV.
Some definitions of PAV consider it as an extreme version of CNV [24], while others
treat the two separately [25]. In this project, PAV is defined as a gene and its homologs being absent from one or more genomes. In constrast, CNV refers to genes
being present in all genomes, but with variation in the number of copies. Complex
events are when a gene is affected by both PAV and CNV: for example, it has 3
copies on the first genome, zero on the second, and two in the third.
Under these definitions, a correspondence can be drawn between homology groups,
and types of structural variation. Unique groups, as well as accessory groups without
copy number variation, correspond to PAV events; core groups with copy number
variation correspond to CNV events; and accessory groups that also have copy number variation correspond to complex events. The rest of the groups are considered
non-variant within the scope of this project, although it should be noted that in
reality they may still be affected by another type of structural variation, such as an
inversion.
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Percentages of affected groups were calculated in each QTL as well as across the
pangenome. Results are displayed in the figure below.

Figure 4: Structural variation across rice QTLs. Percentage of groups affected
by various types of SV across SLB-related rice QTL. Blue represent PAV, red represents CNV, yellow represents complex variation, and green represents non-variant
groups. The top bar corresponds to the overall variation in the pangenome; the
other nine bars correspond to the nine rice QTLs.

Additionally, PAV variation was broken down to unique and accessory groups
for all individual genomes and pairwise genome combinations (S8) . Groups that
contain transposable elements (TE) were marked as such.

Runtime analysis
The most time-consuming step of homology detection is the construction of homology tables. The runtime of this step was measured against three factors: 1) the size
of QTLs analyzed, 2) the number of QTLs analyzed, and 3) the number of queried
genomes. For all data points, three measurements were taken and the median was
reported.
The effect of each factor is shown in Figure 5. The upper panel shows the effect of
the number of queried genomes (2-18): this is only measured in A.thaliana because
the pangenome of O.sativa only contains 3 genomes. The lower left panel shows the
effect of QTL size on runtime. These measurements were taken on two (2) queried
genomes, so that a comparison between O.sativa and A.thaliana could be drawn.
QTL sizes between 600000 and 10000000 bp were tested. Finally, the lower right
panel displays the effect of the number of QTLs on runtime. These measurements
were taken under a constant QTL size of 600000 bp and on two (2) queried genomes;
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this was again to enable comparisons between the two organisms.

Figure 5: Runtime analysis. Effect of various factors on the runtime of homology
table construction. The upper graph displays the effect of the number of queried
genomes. The lower graphs display the effect of QTL size (left) and QTL number
(right).

Discussion
Homology detection based on groups
We opted for a homology detection method that relies on the previously developed
homology grouping approach. It would be possible to use whole genome alignments
instead. However, global alignments are very slow, and assume homology over the
entire length of the region, while local alignments score too low on both sensitivity
and specificity when applied at a genome-wide scale[26]. In the end we opted for
our approach because its reliance on homology grouping makes it fast, accurate,
and applicable to sets of genomes with various degrees of evolutionary distance.

Structural variation analysis
We introduced a method to quantify structural variation based on groups rather
than genes . We argue that this approach is more in line with the pangenomic
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perspective than a gene-based quantification would be.
Structural variation was shown to be quite widespread, affecting from 46.72% to
76.67% of groups across QTL regions (S7) . Under the metrics used, PAV appears
to be the most common type ranging from 37.82% to 65.56%, followed by CNV
(2.5-10.92%), and finally complex variation (0-3.33%). It is also important to take
into account the low number of genomes (3) in the rice pangenome: structural variation percentages would likely be higher in a larger pangenome, as added individuals
introduce new genes and thus increase diversity.
In the course of this study, we made the hypothesis that QTL regions would be more
enriched in SV, compared to the entirety of the pangenome. This hypothesis was
based on a variety of studies which investigate a potential link between structural
variation and quantitative traits [24] [27] [28] [29] [30]. The results do not support
this hypothesis: structural variation varies quite a bit between different QTL, which
can have a slightly lower or slightly higher percentage than the pangenome average.
An explanation for this is that every part of the pangenome is responsible for some
kind of functionality.
In the breakdown of PAV and complex variation, we can see that Nipponbare has
the highest number of unique groups, while the DJ123-IR64 combination has the
highest number of accessory groups. This is consistent with the evolutionary history
of Oryza sativa: DJ123 and IR64 belong to the Indica subspecies, and as such are
expected to be more similar to each other than either is to Nipponbare.
TE groups appear relatively frequently. This observation seems to be in agreement
with previous studies that have identified TEs as sources of structural variation and
adaptive evolution in plants [31] [32].

Automation and speed
QTL annotation is a fully automated process; the resulting summary table is adaptable to specific attributes of the data, such as LOD score or names of the parental
lines. In homology detection, some user input is required between the original construction of the tables and their expansion. While this choice sacrifices some amount
of automation, the gain in customization is far higher: the user can chose exactly
which fragments to focus on for their specific analysis, making the method very
adaptable and generally applicable.
Homology detection is very fast (Figure 5). The most impactful factor appears to
be the number of queried genomes, while the least impactful is QTL size. While
three factors were explicitly tested, a fourth factor that influences runtime is the
size of the organism’s genome. The effect of this factor can implicitly observed in
the plots: O.sativa (with a genome size of approximately 500 Mb) generally requires
a higher running time than A.thaliana (genome size of approximately 135 Mb).

Limitations
The type of visualization used in this project works well for up to three genomes,
but does not scale further than that. A potential solution to this problem would
be the utilization of circos plots [33]. Circos plots are very flexible and have been
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extensively used for the visualization of comparative genomic data. We propose
two specific applications: 1) a user might wish to examine structural or sequence
level variation from the perspective of a certain genome. Then, the point-of-view
genome would be represented as the outer ideogram in the plot. The other genomes
would be represented as inner circles, and points of variation would be marked as
such. The possibilities for customization are endless: for example, higher bars would
represent higher gene copy numbers (for structural variation), or SNPs might be
marked with a different color than insertions-deletions (for sequence-level variation).
Alternatively, a user might wish to focus on a specific QTL. Then, the examined
QTL could be visualized as a part of the circumference of a discontinuous circular
ideogram. The homologous regions on other genomes would represent the other
parts of the circumference, lined up next to each other. Homologous genes would
be linked by curved lines.
Our methods assume a haploid representation of a genome, and do not attempt to
deal with genetic phasing and heterozygosity. One way to handle that would be to
make PanTools haplotype-aware: namely, by using resolved haplotypes as inputs
for pangenome building, and representing each resolved haplotype as a separate
’genome’ in the pangenome graph. In the long term, a ’nested pangenome’ structure could be developed: the pangenome would consist of separate genomes, and
each separate genome would be its own ’mini pangenome’, consisting of different
haplotypes. However, we are aware that the implementation of these ideas would
require availability of genomes with fully resolved haplotypes, which is a significant
challenge in itself[34], especially for polyploid data [35]; thus, it might not be feasible in the near future.
We tested our methods on diploid data, as well as on both chromosome- and scaffoldlevel assemblies. However, both of them pangenomes we used consisted of subspecies
that are taxonomically close to each other. In the future, further testing could be
performed on polyploid data, as well as on pangenomes consisting of genomes that
are more taxonomically distant from each other.
In structural variation analysis, we considered PAV, CNV and complex variation,
where ’complex’ is defined as consisting of a combination of PAV and CNV variation. Going forward, more types of structural variation could be taken into account,
such as inversions or translocations.
We used some simple heuristics to define what constitutes a homologous sub-region
within the scope of this project: namely, a minimum threshold of four genes per subregion, and, for chromosome-level assemblies (i.e. the A.thaliana pangenome) the
exclusion of sub-regions that correspond to paralogous sub-regions on the original
genome. In order to improve this step in the future, distance between sub-regions
that lie on the same scaffold should be taken into account as an additional parameter. Within this project, we allowed discontinuity in the sense that sub-regions
can lie on separate scaffolds. This worked well for our rice pangenome because it
was highly fragmented and the genomes were relatively close taxonomically. Going forward, it would make sense to make it possible for sub-regions on the same
chromosome, or scaffold, to be discontinuous: if two fragments on the same chromosome are distant enough from each other, they should be considered as separate
fragments.
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It is important to distinguish between the case where the QTL region is split on
the queried genome, and the case where the QTL region has a paralogous smaller
region on the original genome that lies outside the QTL boundaries, resulting in
a corresponding smaller region on the queried genome (S10) . In the A.thaliana
pangenome, we encountered the second scenario, and excluded the smaller regions
on the basis that they correspond better to paralogous fragments within the original
genome, rather than the QTL itself.
In either case, whether the smaller sub-regions should be considered in subsequent
steps (ie table expansion), depends on the specific analysis. For example, if the
purpose is to search for gene function, it might make sense to take all subregions
into account, regardless of their origin.
A final potential limitation concerns the definition of ’copies’ in the analysis of
structural variation. For the purposes of the analysis, all members of a homology
group were considered as copies of each other. This is not incorrect per se, but
it does not distinguish between paralogs and orthologs, which may be important
information for some types of studies (eg evolutionary studies). Distinguishing between orthologs and paralogs is an everpresent challenge in genomics and does not
have an easy solution.

Future work
Homology regions extracted from our workflow can currently be manually examined
for interesting genes, or queried for structural variation, as demonstrated in this
report with the example of strigolactone biosynthesis. Going forward, the genes in
the detected homologous regions can be used as input lists for gene prioritization
methods, thus allowing for efficient discovery of candidate causal genes. While this
was possible before for one genome, the fact that different gene lists can now originate from multiple genomes opens possibilities for adding statistical power to the
prioritization methods. A possible direction to explore in this regard would be to
check whether, using a given method, the same (homologous) genes are consistently
prioritized.
Taking it a step further: prioritization methods typically make use of various data
types, such as functional annotation terms (ref), evolutionary (ref), or RNA-seq [36]
data. These types of data could be integrated into PanTools and used in conjunction
with our homology detection approach: for example, instead of just outputting a
homologous genomic region, PanTools would output a homologous genomic region
and its associated gene ontology (GO) terms. Moreover, integration of various data
types would be useful by itself, outside of gene prioritization methods. For example,
detecting homologous regions and summarizing the structural variation for a QTL
could be integrated with phenotypic data for that QTL: this is quite powerful, as
it provides an immediate link between genotypic and phenotypic variation.
Finally, PanTools provides functionality to map resequencing data to any of the
genomes in a pangenome[16]. This means we can currently map resequencing data
from the parental population used to map the trait: instead of mapping the parental
data on the reference genome, each parent can be mapped on the taxonomically
closest genome available in the pangenome. Potentially, variants could be called
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and visualized within PanTools, which would be a powerful technique for getting
an overview of sequence-level variation of a parent in comparison to its closest relative. Variant calling and visualization in PanTools is currently under development.
To provide a glimpse of what this functionality might look like in the future, we
visualized variants of Bala on cultivar DJ123 using IGV (S9).

Conclusion
In conclusion, we developed novel tools to annotate pangenomes with QTL data and
analyze these data in a pangenomic context. Our workflow is immediately useful,
as it allows the user to get a detailed overview of the structural variation inside the
regions of interest. This immediate application was demonstrated on the example of
strigolactone biosynthesis in rice, where we observed high prevalence of structural
variation events, with the most common type being PAV.
Moreover, the work performed in this project opens exciting possibilities for integration with diverse data types, and lays the foundation for the development of
further pangenomic functionalities. For example, gene lists from homology regions
detected by our methods can be enhanced with e.g. functional annotation terms
or RNA-seq data, and used as inputs in gene prioritization methods. Further, the
combination of a structural variation summary derived from our tools with phenotypic data could provide a clear description of the link between genotypic and
phenotypic variation in regions of interest.
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S1
The nine QTLs involved in strigolactone biosynthesis before and after reformatting for integration in PanTools.

S2
Full homology tables of qSLB1.1.

S3
A.thaliana QTL mapped on Col0 and visualized on Col0, Zu0 and Ler0.

S4
Pairwise alignments of DJ123 (lower panel) and IR64 (upper panel) genes against Nipponbare genes in the
SL-related homology group.
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S5
Table outlining recall, precision and F-score measurements calculated to find the optimal grouping settings for the
rice pangenome.
S6
Figure that shows how structural variation percentages were calculated and the reasoning for basing the calculations
on affected groups instead of affected genes.
S7
Structural variation overview on the nine rice QTL involved in strigolacone biosynthesis as well as on the pangenome.
S8
A more detailed presence-absence variation overview that notes accessory and unique groups as well as transposons.
S9
Variants of Bala with DJ123 (scaffold 30) as a reference.
S10
Visualization of the two distinct scenarios that may result in separate sub-regions on the same chromosome.

