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Abstract
Background

Acute lymphoblastic leukaemia (ALL) is characterised by extensive genomic heterogeneity, including
single nucleotide variants, insertions, deletions, and complex rearrangements that are critical for
diagnosis, subclassification, and risk stratification. Conventional short-read mRNA sequencing
workflows frequently rely on alignment to a single linear reference genome, which incompletely
represents disease-associated variation, leading to reference bias, misalignment, and reduced variant
detection sensitivity. Pan-genome graphs provide an alternative reference structure by explicitly
representing known genomic variation.

Results

We developed a spliced pan-genome graph tailored to acute lymphoblastic leukaemia by integrating
disease-associated variants and transcript annotations into the human GRCh38 reference genome.
Performance was evaluated using simulated datasets with known ground truth and mRNA sequencing
data from ten ALL patients. Graph-based alignment consistently outperformed linear alignment,
demonstrating higher mapping precision, improved mapping quality calibration, and increased
proportions of Primary and Properly Paired reads. These improvements led to a substantial
enhancement in variant detection, as the graph-based approach detected over seven times more unique
insertions and deletions and nearly three times more unique single nucleotide variants relative to the
linear workflow. Performance gains were most evident for insertions and deletions greater then 10 base
pairs, which are commonly overlooked by linear reference alignment approaches when using short-read
sequencing data. While graph-based alignment required longer runtime, it achieved lower peak memory
usage compared with the linear approach.

Conclusions

A disease-specific spliced pan-genome graph significantly enhances transcriptomic alignment accuracy
and variant detection in ALL. The marked improvement in insertion and deletion recovery underscores
the clinical value of graph-based references for identifying functionally disruptive variants that are critical
for genomic classification. These findings support the adoption of disease-aware pangenome graphs as
a practical strategy to improve genomic analyses in precision oncology.

Background

Acute lymphoblastic leukaemia (ALL) is the most common childhood malignancy[1-3] and is
characterised by a wide spectrum of genomic alterations[4-6], including single nucleotide variants[7]
(SNVs), insertions[8] and deletions[9] (INDELs), and structural rearrangements[10]. Accurate detection of
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these events is essential for diagnosis, subtype classification, and treatment stratification[11-14].
However, many clinically relevant variants remain difficult to detect using conventional sequencing
approaches, due to their large size, complex structure, or genomic location, underscoring the need for
improved genomic analysis methods[6, 15-17].

Standard short-read mRNA sequencing (mRNA-seq) workflows typically rely on mapping reads to a
single linear reference genome[18-20]. While this approach has provided valuable insights, it does not
fully represent the genetic diversity of the human population or disease-specific alterations[21, 22].
Importantly, reads derived from regions with high variability or structural complexity may be misaligned,
leading to reduced sensitivity for variant detection and incomplete capture of the genomic landscape of
ALL[15, 23, 24].

Pangenome graphs have emerged as an alternative to linear references by embedding known genomic
variation directly into the reference structure[25-27]. In a graph-based framework, multiple alleles and
structural variants are represented simultaneously, allowing reads to align more accurately across
polymorphic regions[28—-30]. Previous studies in both human and non-human systems have
demonstrated that graph-based approaches improve alignment accuracy, variant discovery, and the
calibration of mapping quality scores[31-33].

Despite these advances, the application of pangenome graphs to cancer remains limited, and disease-
specific graph-based references have yet to be extensively explored. ALL is ideal as an early application,
with numerous recurrent variants that remain difficult to resolve using linear reference genomes due to
their size, location, and complexity[15, 17]. By integrating ALL-associated variants into a spliced
pangenome graph, it may be possible to improve both the sensitivity and accuracy of short-read mRNA-
seq analysis in this disease context, supporting a scalable approach that takes advantage of the lower
cost and greater availability of short-read sequencing compared with long-read methods.

The aim of this study was to construct a disease-specific spliced pangenome graph anchored to the
GRCh38 reference genome and enriched with transcript annotations and variants associated with ALL.
Anchoring the graph to GRCh38 ensures compatibility with established variant databases and clinical
analysis pipelines, facilitating translational applicability. To evaluate the utility of this approach, we
benchmarked graph-based mRNA-seq alignment against conventional linear reference alignment using
both simulated and real ALL patient datasets. Performance was assessed by evaluating mapping
accuracy, variant discovery, and computational efficiency with the goal of evaluating whether disease-
specific graph-based references can enhance genomic discovery and provide clinically relevant insights
in ALL.

Methods
Simulation of mMRNA-seq Reads for Validation
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Computationally simulated datasets were generated to enable benchmarking with controlled ground
truth datasets. To quantify mapping error rates, simulated mRNA-seq reads were generated. RSEM
(v1.3.3)[34] was used to estimate gene and transcript expression levels of an ALL patient, which served
as templates for downstream read simulation, ensuring that generated reads reflected the
transcriptomic landscape of real ALL patient samples. Using vg sim[21] we simulated 6 data sets. Two
different random seed values were used across 3 read depths, 10, 20, and 30 million reads. We used a
base substitution error rate of 0.24%[35] and an indel error rate of 0.029%[36]. The alignment tools used
in this study employ different mapping quality (MAPQ) scales; the graph-based aligner VG assigns a
maximum MAPQ score of 60, whereas the linear mRNA-seq alignment tool STAR[20] uses a maximum of
255. To enable direct comparison, mapping precision distributions were normalised by expressing the
proportion of reads assigned the maximum MAPQ score for each aligner as a percentage of total
mapped reads.

Real Patient Data and Library Preparation

Simulated sequencing data was complemented by real patient datasets to assess a real-world scenario.
These samples were randomly selected. Total RNA was extracted from 10 ALL patient samples
(Supplementary Table 1), and mRNA library preparation and paired-end sequencing were conducted as
previously described by Thomson et al[19]. Sequencing produced 75-nucleotide paired-end reads, with
each sample yielding between 67 and 78 million read pairs. Informed written consent was obtained from
all participants, or from a parent or legal guardian for participants under the age of 18 years.

Reference Genome and Variant Database Integration

The GRCh38.p12[37] reference genome was used as the foundational sequence for the pangenome
graph construction. Ensembl transcript annotations[38] were integrated into the pangenome structure to
create a spliced pangenome graph. This hybrid approach maintains graph connectivity while preserving
exon-intron boundaries essential for accurate mRNA-seq transcript mapping.

Variants in the COSMIC database (v0.99)[39] that were listed as being associated with ALL were
extracted to create the initial pangenome graph structure. A total of 62,198 exonic variants were
integrated into the pangenome graph, representing a comprehensive landscape of ALL-associated
genomic alterations (Supplementary Fig. 1). This approach captures both the reference sequence and
known ALL-associated variants within a unified graph representation, enabling extensive variant analysis
across the ALL-genomic landscape.

Pangenome Graph Construction and Validation

All analyses were performed on a high-performance computing (HPC) cluster comprising seven nodes
equipped with Intel(R) Xeon(R) Silver 4309Y CPUs (@2.80 GHz) with 32 threads and 128 GB of memory,
running Ubuntu 20.04.5 LTS operating system. Graph construction was performed using the VG toolkit

Page 5/24



(v1.55.0)[21]. The reference genome, transcript annotations, and variant files served as inputs to
generate a spliced pan-genome graph tailored to ALL-specific features. During graph construction, node
identifiers were assigned automatically by VG’s internal algorithms, ensuring that every sequence
element was uniquely addressable within the graph structure. Construction was performed using a
chromosome-by-chromosome approach and then concatenated to optimise memory usage. Graph
architecture was assessed using vg stats, to calculate the total number of nodes, edges, length in bases
and the node ID range.

The completed spliced graph was indexed using VG’s xg index, which facilitates efficient random access
and downstream mapping. Additionally, minimum distance metrics and graph topology information were
encoded via VG's distance index, computed using the vg snarls utility, which outputs to dedicated files
for use in distance-based analyses and variant calling. Path data from the graph were extracted using vg
paths to enumerate both conventional reference chromosome paths and non-reference sequence paths.
Chromosomal path names were filtered using regular expressions to extract canonical chromosome
labels.

Testing of the Graph vs Linear reference

Paired-end mRNA-seq reads from both real and simulated datasets were processed using linear and
graph-based workflows (Supplementary Figs. 2A and 2B). Raw reads underwent quality control with
FastQC (v0.11.9) and MultiQC (v1.8) prior to alignment. For the linear workflow, reads were aligned to the
GRCh38 linear reference genome (Linear) using STAR (v2.7.3a), followed by duplicate marking and
variant calling with GATK (v4.1.4.1). Variant calls were filtered according to GATK best practices and
subsequently separated into SNV and INDEL call sets. For the graph-based workflow, reads were
mapped to the spliced pangenome graph using VG (v1.55.0). Graph alignments (GAM) were converted to
BAM format using vg surject, after which duplicate marking, GATK variant calling, filtering, and
SNV/INDEL splitting were performed in an equivalent manner to the linear pipeline to enable direct
comparison between approaches.

To evaluate the accuracy and quality of read alignments to both graph-based and linear references, we
employed a two-step validation procedure using simulated sequencing data. The graph-based
alignments in GAM format were first annotated with mapping information using vg annotate, leveraging
the spliced graph index. Precision metrics were computed via vg gamcompare, which compares the
annotated alignments against the known ground truth simulated reads. For linear reference validation,
BAM-formatted alignments were converted into GAM format using vg inject to ensure compatibility for
downstream comparison. Precision scores for linear alignments were then calculated similarly with vg
gamcompare. These procedures were executed twice per simulated dataset: once with a strict 0 base
pair (bp) positional tolerance, reflecting exact positional matches, and once with a relaxed 35 bp
tolerance to account for minor positional deviations inherent in alignment processes. This dual-tolerance
approach allowed for a nuanced assessment of mapping error rates and alignment goodness scores,

capturing both stringent and biologically relevant variations in read placement.
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Results

Graph Architecture

Graph architecture describes the structural organisation of a reference graph, including node density,
edge connectivity, and branching complexity, all of which directly influence read mapping behaviour,
computational performance, and variant resolution. Assessing graph architecture is therefore essential
for understanding how the design of a pangenome impacts downstream alignment and variant calling
analyses. The ALL-specific pangenome graph (Graph) demonstrated distinct architectural characteristics
when compared to existing reference graph implementations[40] (Table 1). Evaluation of graph length,
node count, edge count, and edge-to-node ratio[41] across linear, ALL-specific, and population-scale
pangenome graphs demonstrated differences in structural complexity, enabling direct assessment of
how disease-specific vs population-based variation influences graph organisation and complexity.

Table 1

The graph architecture of a spliced linear reference and the ALL-specific spliced graph, compared to the
human pangenome graphs constructed by Liao et al[40]. The Gencode graph was constructed from
GRCh38 reference with GENCODE (v38) transcripts. Minigraph used the allele-filtered Minigraph cactus
HPRC pangenome with CAT and GENCODE annotations. The T1kg graph incorporated 1000 Genomes
Project variants and GENCODE splice junctions.

Build Length (base Number of Number of Node to Complexity (vs

pairs) Nodes Edges Edge linear) by node
Ratio count

Spliced 3,088,286,401 97,422,032 97,783,133 1.004 baseline

linear

ALL graph 3,088,362,784 97,570,289 98,004,683 1.004 0.15% increase

Gencode 3,105,715,063 98,036,524 98,425,050 1.004 0.63% increase

Minigraph 3,153,421,135 146,269,282 159,089,525 1.088 50% increase

1kg 3,152,733,168 182,337,610 223,111,989 1.224 87% increase

The linear spliced reference (GRCh38.p12) exhibited the most compact structure, representing the
baseline complexity without additional variants. This linear architecture maintained an edge-to-node
ratio of approximately 1.004, reflecting the simple sequential connectivity inherent to linear reference
structures. As a comparison, the population based human pangenome graphs constructed by Liao et
al[40]. demonstrated varying degrees of structural complexity, with their Tkg pangenome graph
displaying the highest edge-to-node ratio (1.22) among all evaluated graphs.

Our ALL-specific graph exhibited architectural characteristics closely resembling the linear reference
baseline. Despite incorporating 62,198 exonic variants, the ALL graph maintained relatively modest
structural complexity, with only a 0.15% increase in nodes and 0.23% increase in edges compared to the
linear reference. The total sequence length increased by just 0.002%, indicating that the disease-specific
variants were predominantly small-scale alterations rather than large structural variations. The similar
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edge-to-node ratios between the ALL graph, Gencode, and linear reference suggest comparable
structural organisation, while the higher ratios in Minigraph and 1kg indicate more complex branching
patterns typical of population-level variation representation.

This architectural profile demonstrates that the focused incorporation of ALL-associated variants
resulted in targeted graph augmentation without the extensive structural complexity observed in
population-based pangenome approaches[40].

Mapping Precision Analysis using Simulated Data

A comprehensive evaluation of mapping accuracy was performed on the spliced pangenome graph by
using simulated mRNA-seq datasets with known true alignment coordinates. When requiring exact
positional accuracy (0 bp tolerance for correct mapping), the graph-based approach demonstrated
superior precision compared to linear alignment across all chromosomes and read depths (Fig. 1A,
Supplementary Fig. 3A). Alignment to the graph consistently resulted in a lower mapping error rate of
approximately 0.001 (99.9% precision) across all chromosomes, regardless of read depth. In stark
contrast, linear alignment showed significantly higher and more variable mapping errors, ranging from
0.003 t0 0.010 (97.0% to 99.7% precision) across different chromosomes.

The most pronounced differences were observed on chromosomes 4 and 12, where alignment to the
linear reference resulted in mapping errors of ~ 0.010 (99.0% precision) while the graph-based reference
maintained a consistent error rate of ~ 0.001 (99.9% precision). This represents a 10-fold improvement
in mapping accuracy for these chromosomal regions. Notably, both approaches showed remarkable
consistency across read depths, with 10, 20, and 30 million read datasets producing nearly identical
precision values, indicating robust scalability of both the graph- and linear-based methods.

Even when allowing a more permissive 35 bp tolerance for mapping accuracy, the pangenome graph
approach maintained its precision advantage over linear alignment (Fig. 1B, Supplementary Fig. 3B).
Under these relaxed criteria, the graph achieved mapping errors consistently around 0.0002 across all
chromosomes (99.98% precision), while the linear showed improved but still inferior performance with
errors ranging from 0.0008 to 0.001 (99.9% to 99.92% precision). This sustained advantage under
relaxed mapping criteria demonstrates that the pangenome graph approach provides superior accuracy
not only for exact read placement but also for approximate genomic localisation. The 4- to 5-fold
improvement in precision under permissive criteria indicates that graph-based alignment fundamentally
improves read placement accuracy rather than simply achieving marginal gains through strict
positioning.

Mapping Quality Calibration Assessment using Simulated Data

To evaluate the quality calibration of mapping assignments, we analysed mapping goodness scores,
which quantify both overall accuracy and the reliability of MAPQ score assignments. The mapping
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goodness score rewards aligners that assign high MAPQ scores only to genuinely correct alignments
while penalising situations where reads with high MAPQ scores are frequently incorrect. Analysis of
mapping goodness scores using a stringent 0 bp tolerance revealed that alignment to the graph-based
reference consistently achieved superior quality calibration compared to the linear across all
chromosomes and read depths (Fig. 2A, Supplementary Fig. 4A). The graph demonstrated mapping
goodness scores ranging from 1.8 to 3.2, with generally higher values indicating better calibration
between assigned confidence scores and actual mapping accuracy.

Under the more relaxed 35 bp tolerance criteria (Fig. 2B, Supplementary Fig. 4B), the graph maintained
superior mapping goodness scores (ranging from 2.0 to 6.0) compared to the linear. The sustained
advantage in quality calibration across different stringency levels demonstrates that the pangenome
graph approach provides not only more accurate mappings but also more reliable confidence estimates
for those mappings.

The enhanced quality calibration observed in our graph approach demonstrates that we can more
reliably employ MAPQ scores for downstream filtering and analysis, as high-confidence assignments
derived from the graph-based approach are more likely to reflect truly accurate mappings.

Alignment Assessment using Real Patient Data

Since the true origin of sequencing reads in patient-derived data is unknown, mapping accuracy cannot
be assessed directly. Therefore, Primary alignment metrics are used as an indirect indicator of alignment
performance. The comparison of Primary alignments between graph-based and linear reference
mapping reveals a statistically significant difference (p < 0.05), with graph-based mapping achieving
consistently higher percentages of Primary alignments (Fig. 3A). The distribution analysis shows that
linear mapping typically achieves Primary alignment rates clustering around 96-97% of total reads, while
graph-based mapping demonstrates superior performance with Primary alignment rates predominantly
in the 99-99.5% range. This improvement in Primary alignment rates represents a substantial
enhancement in data utilisation, particularly critical in ALL research where capturing the full spectrum of
genomic alterations is essential for accurate diagnosis and treatment stratification. The tight distribution
of graph-based mapping results also indicates greater consistency and reliability across different patient
samples, reducing inter-sample variability that could confound downstream analyses.

The analysis of Properly Paired alignments (Fig. 3B) provides additional validation of pangenome
superiority in handling the complex genomic landscape of ALL. There was a significant increase (p <
0.005) in Properly Paired reads when using the graph-based approach. This improvement in Properly
Paired alignments is particularly crucial for ALL analysis, as proper read pairing is essential for accurate
detection of structural variants, including gene fusions and complex rearrangements that are hallmarks
of this disease. The enhanced ability to maintain read pair integrity suggests that pangenome graphs
better accommodate the diverse genomic architectures present in ALL patient samples, leading to more
reliable variant calling and improved detection of clinically relevant genomic alterations.
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Variant Detection Performance Assessment using Real
Patient Samples

To evaluate the practical utility of graph-based alignment for variant discovery, we compared its
performance against a traditional linear reference approach using mRNA-seq data from real ALL patient
samples (n = 10) (Supplementary Table 1). While many variants detected were single nucleotide variants
(SNVs), both the graph and linear approaches showed similar distributions of reported variant sizes.
(Fig. 4A, Supplementary Fig. 5A-J). However, the graph-based approach consistently detected higher
numbers of variants across most size categories compared to the linear, particularly for deletions and
insertions larger then 10bp. This enhanced detection capability suggests that the graph structure
enables more sensitive identification of large insertions and deletions that may be missed by linear
alignment approaches.

Analysis of SNV detection (Fig. 4B, Supplementary Fig. 6A-J) showed that the graph and the linear
achieved substantial overlap in variant calling, indicating good overall concordance between
approaches. However, the pangenome graph approach demonstrated superior sensitivity, detecting an
additional 1,587,982 unique SNVs (26.6% of total detected variants) that were not reported when using
the linear reference approach. This represents a 41.5% increase in SNV detection capability compared to
the variants uniquely detected by the linear (555,345 SNVs, 9.3% of total). The 2.86-fold higher number of
unique SNVs detected by the graph compared to the linear indicates that pangenome graph alignment
provides access to previously hidden genetic variation, which is particularly valuable for understanding
the full spectrum of genomic alterations in ALL patients. Analysis of INDEL detection revealed similar
patterns of superior sensitivity for the pangenome graph approach (Fig. 4C, Supplementary Fig. 6A-J).
The graph detected 421,142 unique INDELs (46.7% of total INDELs detected) compared to 56,779 unique
INDELs (6.3%) detected exclusively by the linear, representing a 7.42-fold improvement in unique INDEL
discovery.

Computational Performance Analysis

Comparative analysis of computational runtime revealed expected trade-offs between accuracy and
processing speed (Fig. 5A). Linear alignment demonstrated superior processing speed, achieving an
average of 3.5 million reads mapped per minute across the 10 patient samples (range: 2.4-3.8 million
reads/minute). In contrast, the graph-based alignment averaged 0.47 million reads mapped per minute
(range: 0.3-0.5 million reads/minute), representing a 7.4-fold difference in processing speed

Analysis of peak memory usage revealed a surprising advantage for the pangenome graph approach
(Fig. 5B). The graph-based alignment required an average of 27.6 GB of peak memory (range: 27.5-28.5
GB) compared to 36.5 GB for the linear alignment across all patient samples. This represents a 24.4%
reduction in memory requirements for the graph-based approach. The lower memory footprint of the
graph is particularly notable given the additional complexity of the graph data structure and the superior
variant detection performance.
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Discussion

In this study, we showed the advantage of a disease-specific pangenome graph over linear reference
alignment for transcriptomic analysis in ALL, using simulated datasets, then validated in a real patient
dataset. We found superior performance using the pangenome graph approach, as assessed on
mapping accuracy, computational performance, mapping quality calibration, and downstream variant
detection. Given the central role of genomic alterations in defining ALL subtypes|2, 6, 42, 43], such
improvements have direct clinical relevance.

Compared to the human pangenome graphs[40, 44], our disease-specific approach prioritises clinically
relevant variation specific to ALL. This targeted strategy results in a graph that is structurally simpler yet
functionally optimised for disease context, improving performance for ALL-specific analyses while
avoiding the computational overhead associated with resolving population variations of lesser
significance. This approach improved performance, while keeping computational complexity to a scale
comparable to linear alignments. Regardless, the computational performance analysis reveals expected
trade-offs between accuracy and processing speed. The graph alignment demonstrated higher
throughput, with increased resources. It is important to contextualise this difference within the broader
clinical workflow and weigh it against the substantial improvements in accuracy and variant detection.
For routine clinical diagnostics where turnaround time is critical, the additional computational time
required for graph alignment represents a significant consideration. However, several factors may
mitigate this concern. The computational cost is partially offset by the graph's 24% reduction in peak
memory usage which may enable parallel processing of multiple samples on shared computational
resources. However, this memory efficiency may reflect differences in the internal algorithms and data
structures used by the respective alignment tools (VG vs STAR) rather than fundamental properties of
graph vs linear alignment. As graph-based tools continue to mature and optimise, further runtime
improvements can be anticipated.

Using simulated data, pangenome graph-based alignment substantially outperforms linear reference
mapping in terms of positional accuracy, regardless of genomic location and read depth. A variant allele
can map precisely to the corresponding alternative path in a graph, whereas in linear alignment, mapping
will incur a penalty in mismatching due to reference bias[45, 46]. The pangenome graph, under various
conditions, improves fundamental read placement accuracy rather than merely achieving marginal gains
through strict positioning. The improved precision is intrinsic to the alignment methodology rather than
artifacts of sampling depth or statistical power and likely ease its implementation in clinical settings
where sequencing depth may vary across samples due to technical or economic constraints. Validated
by real patient data, the improvement in Primary and Properly Paired alignment rates is particularly
significant for structural variant detection and transcript isoform analysis. Proper read pairing is
essential for accurate detection of fusion transcripts, large deletions, and complex rearrangements,
genomic features that are hallmarks of ALL pathogenesis and critical determinants of disease subtype
and prognosis. The graph's superior maintenance of read pair integrity, suggests that it better
accommodates the diverse genomic architectures present in ALL patient samples, including regions
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with complex variation that may disrupt read pairing in linear alignment. Furthermore, the tight
distribution and consistency of graph-based alignment metrics across patient samples indicates robust
performance independent of sample-specific characteristics such as variant burden, transcript
expression profiles, or sequencing quality.

The dramatic improvement in INDEL detection (7.42-fold) compared to SNV detection (2.86-fold) likely
reflects the greater challenges that INDELs pose for linear alignment. INDELs can disrupt read alignment
more severely than SNVs, potentially causing reads to be discarded or misaligned when using a linear
reference. The graph's ability to represent known INDELSs as alternative paths allows reads spanning
these variants to align correctly, maintaining coverage and enabling detection of additional nearby
variants. For ALL clinical applications, this enhanced variant detection capability is particularly valuable
given that INDELs are often more disruptive to protein function than SNVs, and may reveal previously
unrecognised disease-relevant alterations, potentially improving diagnostic accuracy.

This dramatic improvement in variant detection sensitivity can be attributed to multiple complementary
mechanisms. First, the graph's ability to accurately map reads containing known variants prevents these
reads from being discarded or misaligned, thereby maintaining coverage across variant-containing
regions and enabling detection of additional variants in proximity to known alterations. Second, the
improved mapping accuracy and MAPQ calibration result in higher-quality alignments that meet variant
caller confidence thresholds, reducing false negative rates. The substantial overlap between graph and
linear variant calls demonstrates that the graph approach is not simply detecting different variants but
rather provides a superset of the variants detectable by linear methods. This suggests that adopting
graph-based alignment would not require abandoning established variant interpretation frameworks,
rather it would strengthen existing detection capabilities with access to previously hidden genomic
variation.

Beyond raw mapping accuracy, improved mapping goodness scores with pangenome graph provides
superior calibration of mapping quality (MAPQ) scores. This is critically important for downstream
variant calling and filtering workflows that rely on MAPQ thresholds to distinguish high-confidence
variant calls from potential false positives. The superior mapping goodness scores achieved by the
graph indicate that when the graph-based aligner assigns a high MAPQ score, that assignment is more
reliably indicative of correct alignment. Conversely, the graph's ability to represent alternative alleles
allows it to more accurately identify and assign low confidence scores to genuinely ambiguous
mappings, where a read could plausibly originate from multiple genomic locations. This improved
calibration likely stems from the graph's explicit representation of known variants, which provides the
alignment algorithm with richer contextual information for evaluating mapping ambiguity. In linear
alignment, a read containing a variant allele may appear to map poorly to the reference and thus receive
a low MAPQ score even if it maps to the correct genomic location. In contrast, the graph can recognise
that the read matches a known variant path perfectly, justifying assignment of a high MAPQ score.
Improved MAPQ calibration translates directly to more reliable variant filtering and reduced false
discovery rates. Variant callers can apply standard MAPQ thresholds with greater confidence that
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retained variants represent true biological variation rather than alignment artifacts, potentially reducing
the burden of manual curation and improving the efficiency of clinical genomic analysis workflows.

While our study demonstrates substantial advantages of disease-specific pangenome graphs, several
limitations warrant consideration. Our graph was constructed using variants from the COSMIC
database[39], which primarily captures known somatic alterations identified in previous studies. This
approach may not represent the full spectrum of ALL-associated variation, particularly rare or novel
variants that have not yet been catalogued. Future iterations could benefit from iterative graph
refinement incorporating variants discovered through graph-based analysis itself, creating a
progressively more comprehensive representation of ALL genomic diversity.

Our evaluation focused on mRNA-seq data, which captures only the transcribed portion of the genome.
While this is appropriate for the analysis of many ALL samples, where many clinically relevant alterations
affect expressed genes and transcripts, it limits our ability to assess graph performance for non-coding
variants that may not be detectable in transcriptomic data. Extension of this approach to whole-genome
or whole-exome sequencing data would provide a more comprehensive evaluation of graph utility across
the full genomic landscape, although it would also lead to increased complexity.

The simulated data used for precision evaluation, while valuable for providing ground truth alignments,
may not fully recapture the complexity and error profiles of real sequencing data. Although we
incorporated realistic error rates based on published sequencing characteristics, factors such as batch
effects, sequence-specific biases, and library preparation artifacts may influence real-world performance
in ways not captured by simulation. Our validation using real patient data partially addresses this
limitation, though without ground truth alignments, we cannot directly quantify mapping accuracy in
these datasets. Our variant calling analysis compared total variant counts between graph and linear
approaches but did not include orthogonal validation to definitively establish which approach yields
more true positive variants versus false positives. While the improved mapping accuracy observed in
simulated data strongly suggests that the additional variants detected by the graph represent true
biological variation, experimental validation through alternative sequencing technologies (e.g., long-read
sequencing or targeted validation) would provide definitive confirmation.

An additional limitation of the current study is that not all structural variants (SVs) were explicitly
incorporated into the pangenome graph. Structural alterations such as large duplications, inversions, and
complex rearrangements are a defining feature of ALL pathogenesis, underpinning recurrent gene
fusions, copy number changes, and chromosomal translocations that drive disease biology. Future
improvements will incorporate ALL-specific structural variants to further enhance alignment accuracy,
fusion detection, and breakpoint resolution, particularly for clinically actionable rearrangements.

Conclusion

In this study we demonstrate that a spliced pangenome graph built on GRCh38 and enriched with ALL-
associated variants substantially improves mRNA-seq read alignment, mapping quality calibration, and
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discovery sensitivity of both SNVs and INDELs when compared with conventional linear reference
alignment. Across simulated benchmarks and ALL patient samples, the graph-based approach delivered
consistently higher mapping precision (at both exact and relaxed tolerances), superior MAPQ calibration,
increased proportions of Primary and Properly Paired alignments, and lower peak memory usage, albeit
at a substantial runtime cost. The most significant advantage, however, was observed in variant
detection, where recovery of unique mid-to-large indels was markedly improved. Together, these results
indicate that incorporating disease-specific variation into reference structures can considerably increase
the biological information recovered from mRNA-seq data and thus has clear potential to improve
genomic characterisation in disease specific settings.
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Mapping error rates across chromosomes for one of the simulated data sets under two tolerance
settings. Mapping error rates are shown for each chromosome using graph-based and linear alignment

at three read depths. (A) Error rates with a 0 bp positional tolerance. (B) Error rates with a 35 bp

tolerance. Both panels use the same simulated dataset.
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Figure 2

Mapping goodness scores across chromosomes for one of the simulated data sets under two tolerance
settings. Mapping goodness scores are shown for each chromosome for graph-based and linear
alignment at three read depths. (A) Scores calculated with a 0 bp positional tolerance. (B) Scores
calculated with a 35 bp tolerance. Both panels use the same simulated dataset.
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Figure 3

Percent of total reads mapped by graph-based and linear alignment for real patient data sets.
Comparison of sequencing reads mapped to linear vs graph was determined using Paired t-test in R,
where p-values of p < 0.005 (***) were considered statistically significant. The graph-based mapping
achieved a statistically significant higher proportion of mapped reads than linear alignment for both the
(A)Primary alignments (p = 4.3 x 10-7), and (B) the Properly Paired alignments (p = 1.5 x 10-9).
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Figure 4

Comparison of variant calls generated using the graph-based approach vs linear reference. (A)
Distribution of insertion and deletion sizes identified across the 10 real patient samples. Variant counts
(log, scale) are plotted by size for both graph-based and linear alignments, showing differences in
detection sensitivity across the full INDEL spectrum. (B, C) Venn diagrams showing the overlap in variant
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calls between the graph-based and linear approaches for (B) SNVs and (C)INDELSs. Values represent the
number and proportion of variants unique to each method and shared between methods.
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Figure 5

Computational performance comparison between graph-based and linear alignment approaches. (A)
Reads mapped per minute (millions) for each of the 10 real patient samples, showing consistently higher
mapping throughput for the linear approach compared with the graph-based method. (B) Maximum
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memory usage recorded during analysis of each sample. Graph-based alignment required less memory
across all samples relative to the linear reference workflow.
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