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ABSTRACT

Pharmacogenomics (PGx) examines how genetic differences between individuals influence medication outcomes,
creating the possibility of customizing drug dosing for each person. Existing focused PGx testing approaches
primarily rely on microarrays, PCR-based systems, or short-read sequencing technologies. While these methods
are effective for detecting single-nucleotide variants (SNVs) and insertion/deletion events (INDELSs), they are not
suitable for identifying large structural alterations or for delivering clear haplotype phasing needed for accurate
star-allele classification. In this study, we applied adaptive sampling from Oxford Nanopore Technologies to
selectively enrich a set of 1,036 pharmacogenomically relevant genes curated from the PharmGKB resource. By
comparing the results to established reference datasets, we verified reliable variant detection and star-allele
determination across five Genome in a Bottle samples. We also demonstrate that up to three samples may be
multiplexed on a single PromethION flow cell without compromising performance, achieving recall and precision
rates of 99.35% and 99.84% for the targeted loci. These findings promote the integration of nanopore sequencing
into clinical PGx workflows.
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Introduction

Optimizing medication strategies through pharmacogenomics (PGx) aims to enhance treatment efficacy while
reducing harmful reactions. PGx focuses on how genomic variability influences drug metabolism and activity,
thereby enabling dose adjustments tailored to each patient. More than 95% of people possess at least one
actionable variant in a pharmacogene, underscoring the broad clinical potential of PGx [1-3]. Recently, the
PREPARE clinical trial—the largest prospective evaluation of pre-emptive genotyping to date—offered strong
evidence supporting panel-based PGx testing [2, 3]. Additionally, PGx-related recommendations appear in the
labeling of over 360 approved medications'. To standardize the interpretation of genetic diversity, the
Pharmacogene Variation Consortium (PharmVar) employs the star (*) allele system [4, 5]. Clinical guidance
based on this nomenclature has already been published by CPIC and the Dutch Pharmacogenetics Working Group,
specifying how PGx information can refine prescribing choices. Because germline results remain relevant
throughout life—especially when obtained in early adulthood—targeted, preventive PGx screening is increasingly
proposed for integration into standard medical care.

A major transition has taken place in recent years from PCR and array-based PGx genotyping platforms toward
massively parallel sequencing (MPS) strategies [6]. The adoption of MPS is intended to overcome several
limitations of earlier methods by enabling analysis of rare or less-characterized alleles and by supporting the
detection of copy number variations (CNVs). Previous assessments showed that even specialized PGx microarrays
failed to capture roughly 25% of clinically annotated variants listed in PharmGKB [7]. Likewise, the PREPARE
project interrogated only 50 germline variants across 12 genes with the PCR-driven LGC SNPline system. Due to
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economic considerations, most clinical laboratories rely on targeted MPS panels or whole-exome sequencing
(WES). However, WES excludes noncoding and regulatory sequences [8]. Whole-genome sequencing (WGS),
which avoids these gaps, has been proposed as an alternative. As short-read sequencing continues to decrease in
cost, WGS is expected to supersede WES in many contexts [9]. Nonetheless, WGS produces very large datasets
requiring substantial computational resources, and it raises ethical issues surrounding incidental findings beyond
the PGx scope [10].

Short-read platforms also have inherent constraints that affect PGx interpretation. With read lengths typically
capped at around 600 bp, traditional MPS cannot consistently resolve haplotypes, and larger structural variants
(SVs) may remain undetected. SVs encompass longer genomic segments and therefore influence more base pairs
per person than SNVs. Furthermore, genes with high sequence similarity—such as CYP2D6 in proximity to the
related CYP2D7 and CYP2DS8 pseudogenes—pose mapping challenges for short-read sequencing [9, 11].

It is widely recognized that capturing every form of genomic alteration is essential for accurately predicting
resulting traits. Long-read sequencing (LRS) has previously been applied in PGx research to obtain single-
nucleotide changes, structural rearrangements, and phase information across difficult genomic regions. Multiple
studies have already shown its suitability for early clinical implementation [12—15]. Both major LRS platforms
have undergone major accuracy upgrades in recent years—ONT through its Q20+ chemistry, and PacBio through
HiFi sequencing. Despite this, the majority of targeted workflows still depend on long-range PCR amplification
prior to sequencing [16], a procedure known to introduce false chimeric molecules that subsequently distort
haplotype interpretation [17, 18]. A PCR-independent alternative, nanopore Cas9-targeted sequencing (nCATS),
has been used to resolve the CYP2D6—-CYP2D7 region [19, 20], yet this approach still requires labor-intensive
guide design for every locus in a PGx panel.

To circumvent these limitations, we employed ONT’s adaptive sampling system to enrich pharmacogenetically
relevant genes curated from PharmGKB [21]. Because ONT instruments evaluate reads as they are produced,
fragments can be either retained or ejected based on a rapid preliminary alignment to a reference sequence. This
strategy boosts coverage of desired regions without modifying the library workflow and ensures the sequencer
devotes nearly all pore activity to target molecules. Importantly, the gene list can be updated instantly whenever
new actionable pharmacogenes emerge, without optimization cycles. We anticipate that long, PCR-free reads will
allow more reliable haplotype definitions and yield improved predictions of functional outcomes at a lower overall
cost.

Materials and Methods

Target gene selection and .bed file construction

The PGx gene list was assembled from the clinical annotations.tsv file downloaded from PharmGKB [21]. All
clinically annotated variants appearing in this file were included. Target intervals were assigned as follows:
variants located inside exons or introns triggered inclusion of the full gene body; variants situated outside gene
boundaries were incorporated when located within 100 kb of the transcription start or end site. In these cases, the
interval extended from the gene boundary to the variant position. This procedure produced 3,347 total variants—
3,262 SNVs and 85 INDELs—spanning 1,036 genes. An additional 20 kb was appended to both sides of each
interval to accommodate long DNA fragments whose initial bases may fall outside the actual target. Any
overlapping intervals were merged. The final .bed file covered 5.68% of the genome, which fits within ONT’s
recommended 1%—10% enrichment range [22].

DNA sample collection and QC
Reference materials NA12878 (HG001), HG01190, NA19785, NA24385 (HG002), and NA24631 (HG005) were
obtained from the Coriell Institute (Camden, NJ, United States). Concentrations were confirmed using the
PicoGreen fluorescence assay (ThermoFisher, Waltham, MA, United States). DNA fragment size distributions
were examined on the Femto Pulse platform using the Agilent 165 kb Genomic DNA kit (Agilent Technologies,
Santa Clara, CA, United States).

Library preparation
For HGOO1 sequenced on a PromethION R9.4.1 flow cell, libraries were prepared using ONT’s SQK-LSK110
ligation-based protocol. A total of 1.5 pg of intact DNA was subjected to repair and end-processing. After ligation
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of adapters and cleanup, 70.5 fimol of library was diluted in elution buffer (ONT, Oxford, United Kingdom) and
divided into three equal fractions. The first fraction (23.5 fmol) was loaded onto the flow cell. After 22 h and 40
h of runtime, the flow cell was washed following the Flow Cell Wash Kit protocol, and the second and third
aliquots were loaded.

For HG002 and HG005 sequenced on R10.4.1 flow cells, the Native Barcoding Kit 24 V14 (SQK-NBD114.24)
was used. Each sample began with 4 pg of unfragmented DNA, and reagent volumes were doubled to yield a
larger library. After end-repair and purification, concentrations were measured using PicoGreen. Equimolar
amounts—based on the lowest-concentration sample—were included in the barcoding reaction to ensure uniform
read distribution. Pooled, barcoded libraries underwent adapter ligation and cleanup, producing 79 fmol of final
library. Of this, 50 fmol was loaded. After 36 h, the library was recovered according to ONT’s recovery protocol,
the flow cell was washed, and the recovered material, plus the remaining 29 fmol, was reloaded.

For HG001, HG01190, and NA19785 processed on R10.4.1 flow cells, the approach was similar. Each sample
started with 3 pg of high-molecular-weight DNA and produced 180 fmol of library. An initial 60 fmol was loaded
to maximize pore utilization. After 20 h, the flow cell was washed and supplemented with 70 fmol. At 42 h, the
flow cell was washed again, and the remaining 50 fmol was added. Because unused pore capacity remained at 72
h, library recovery was performed with an added 10 uL of sequencing buffer, and sequencing resumed.

Data analysis pipeline

Raw .fast5 files were re-basecalled using ONT’s super-accurate (SUP) Guppy models: version 6.4.2-gpu for the
R9.4.1 and R10.4.1 HG002/HGOO0S runs, and 6.5.7-gpu for the R10.4.1 HGO01/HGO1190/NA19785 run. Reads
scoring below Q10 were excluded. For downstream steps, we retained only reads actively accepted by the adaptive
sampling (AS) algorithm, preventing the inclusion of short, rejected fragments that often fail to map uniquely.
Basecalled reads were aligned to GRCh38 using minimap2 v2.18-r1015 [23]. Variant detection was then carried
out with Clair3 v0.1-r10, followed by phasing using WhatsHap v2.0 with --include-homozygous --indels --
distrust-genotypes.

Benchmarking was performed with hap.py. Recall was computed as truth_tp / (truth_tp + truth_fn) and precision
as query_tp / (query_tp + query fp). Although whole-genome benchmarking typically excludes true negatives
because the overwhelming number of reference-matching sites skews interpretation [24], in our case, only the
predefined panel variants are assessed. Thus, concordant reference calls are meaningful for PGx applications,
where confirming the absence of an ALT allele is as important as identifying it. Accuracy was therefore calculated
as (truth_tp + truth_tn) / total variants_in_truth set.

For HG0O01, the hybrid Genome in a Bottle—Platinum Genomes benchmark described by Krusche et al. was used.
For HG002 and HG005, the GIAB v4.2.1 truth sets served as reference [25].

For 24 of the 1,036 genes in the target panel—designated as VIP genes by PharmGKB—star-allele calls were
generated using Aldy v4.4 (https://github.com/0xTCG/aldy) [26, 27]. For HG001, HG01190, and NA19785,
assignments were compared against the Genetic Testing Reference Material Coordination (GeT-RM) consensus.
No validated star-allele sets exist for HG002 or HGO00S5, so results are provided as a reference only.

Results and Discussion

Sequencing summary statistics and evaluation of variant calling performance

To establish baseline performance of adaptive sampling (AS) on the PGx panel, HG0O01 was processed using the
SQK-LSK110 ligation workflow and sequenced on a PromethION R9.4.1 flow cell. This experiment achieved an
average 47x coverage over targets, with >99.9% of bases reaching 20x depth (Table 1). Among the 3,347 PGx
variants in our design, 3,262 appear in the HGOO1 truth set, and 99.69% were accurately identified (Table 2).

Table 1. Summary statistics for the R9.4.1 and R10.4.1 multiplex sequencing runs.

Flow-cell chemistry R9.4.1 R94.1 R9.4.1 R10.4.1 R10.4.1 R10.4.1
Sample (GIAB reference) HGO001 HG002 HGO005 HGO001 HGO01190 NA19785
Total sequenced bases (Gb) 49.9 55.9 73.3 20 32 24
Mean sequencing depth on-target 47x 40x 23x 20x% 32x 24x
Percentage of target regions >30x% 98.8% 91.2% 11.1% 5.1% 64.6% 17.8%
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Percentage of target regions >20x 99.9% 99.4% 71.2% 57.7% 97.6% 81.1%
Percentage of target regions >15x 99.96% 99.8% 93.9% 89.1% 99.6% 97.0%

Table 2. Variant calling metrics for HG001 using the R9.4.1 flow cell relative to the Krusche et al. reference.

Total PGx Alternate Alternate
Catesor variants in (ALT) (ALT) Recall Precision Accuracy

gory HGO001 variants in  variants called (%) (%) (%)

reference truth set in R9.4.1 data
All variants 3,262 1,229 1,224 99.59 99.59 99.69
Single nucleotide variants (SNVs) 3,186 1,218 1,214 99.67 99.75 99.79
Insertions/deletions (INDELSs) 76 11 10 90.91 83.33 96.05

Number of genes evaluated 1,023 — — — — —

Next, to reduce sequencing cost per sample, HG002 and HG005 were barcoded and processed together using the
Q20+ Kitl14 chemistry on early-access R10.4.1 flow cells. Mean depths of 40x (HG002) and 23x (HG005) were
obtained on a single flow cell (Table 1). Although this represents approximately half the coverage of the initial
run, both samples retained >99% recall (Table 3).

Table 3. Variant calling results for barcoded HG002 and HG005 compared with their GIAB truth sets on a
single R10.4.1 flow cell.
Total Alternate Alternate

ALT ALT
Sample Variant category vall)‘i(zflts V(arian:s V(arian:s Recall - Precision  Accuracy
0, 0, 0,
(GIAB) in in truth called in (%) (%) ()
reference set R10.4.1 data
HGO002 All variants 3,229 1,048 1,042 99.43 99.81 99.75
Single nucleotide variants 3,155 1,039 1,035 99.62  100.00 99.87
(SNVs)
Insertions/deletions
4 7 77.78 77.78 94.59
(INDELS) 7 ?
Number of genes evaluated 1,008 — — — — —
HGO005 All variants 2,813 1,039 1,030 99.13 100.00 99.68
Single nucleotide variants 2,762 1,032 1,025 99.32  100.00 99.75
(SNVs)
Insertions/deletions 51 7 5 7143 100.00 96.08
(INDELSs)
Number of genes evaluated 991 — — — — —

A second multiplex run combined HG001, HG01190, and NA19785 on another R10.4.1 flow cell. These samples
were selected because comprehensive star-allele definitions exist. As expected, increased multiplexing was
anticipated to moderately reduce precision and recall, but coverage remained sufficient to identify larger structural
events. Table 4 lists SNV and INDEL recall/precision for HG0OO1. Equivalent comparisons for HG01190 and
NA19785 could not be generated due to the absence of validated truth datasets.

Table 4. Variant calling metrics for HG001 using the R10.4.1 flow cell containing pooled
HGO001/HGO01190/NA19785 libraries. Truth sets for the latter two samples are unavailable.

Total
P(z;a Alternate Alternate
X
ALT ALT
Sample Variant category variants V(arianis V(ariani s Recall Precision Accuracy
N 0, 0, o,
(GIAB) re felrl:ance in truth detected in (%) (%) %)
set R10.4.1 data
genome

HGO001 All variants 3,262 1,229 1,224 99.35 99.84 99.70

e
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Single nucleotide variants

(SNVs) 3,186 1,218 1,214 99.43 99.92 99.75
Insertions/deletions 76 T 90.91 90.91 97 65
(INDELSs)
Number of genes evaluated 1,023 — — — —

Structural variant calling and haplotype phasing

To resolve haplotypes for detected SNVs, indels, and more complex alterations, we employed WhatsHap, which
leverages the extended span of ONT reads. Since ONT read length is dictated by the size of the DNA fragments
entering the flow cell, individual reads can traverse numerous loci, including sizable or intricate structural
rearrangements.

Because pharmacogenomic variation is traditionally expressed using *-allele nomenclature, we next processed
the AS-derived sequence data with Aldy v4.4 to assign star alleles automatically. The library preparation strategy
avoided PCR, so formation of synthetic chimeras was not expected. Outputs are presented in Table 5.

Table 5. Concordance between GeT-RM PGx star-allele designations and those inferred by Aldy for the VIP

genes.
HG001 HG001 HG01190 NA19785
Gene HGOO1 ALDY ALDY HGO1190 ALDY NAI9785 ALDY
1AB ET-RM ET-RM
(GIAB) R9.4.1 R10.4.1 G R10.4.1 G R10.4.1
FTR N *WT/AWT — *WT/*WT - *WT/*WT - *WT/*WT
C WTAWTIA WT/*W WT/*W WT/*W WT/*W
*Met/*Val
COMT - ¢ \ A iMet/*valA - *Met/*ValA - *Met/*ValB
CYP1A2 *]F/*1F *IM/*1M *M/*1M *IA/*1A *1B/*1B *L/*1L *L/*1L
CYP2A13 *1A/*1AZ ®]/%] *] /%] *[A/*1AZ #]/%] - *] /%]
CYP2A6 *] /%] RIE]]2 F*]/*]2 ®]/%] #]/%] *] /%] *] /%]
*1(%K)/*1(*
CYP2B6 *] /%] *] /%] *1/%1 I 5;; 172 *1/%5 *1/%1 *]/%5
CYP2C19 *]/%2 *]/%2 *]/%2 *]/%2 *1/%2 *1/%] *] /%]
CYP2C8 *]/%3 #3 /%5 *]/%3 *]/%3 *]/%3 *]/%] *] /%]
CYP2C9 *] /%2 *] /%2 *] /%2 #)/%6] *1/%61 *]/%] *] /%]
3 *4N.ALDY/
CYP2D6 #3/%4+%68 #82 /%4 . 6+* % #4/%5 *4/%4 ®]/%2+%13 #2/%13
+%132
no consensus  *1/*5A 7A  *1/*5A 7A
YP2E] — — — *1 * *] %k *7 /% *4 *
C (557 B B /%7 /%7 7/%74 /%5
CYP2J2 ®] /%] *] /%] *1/%1 *] /%74 *1/%7 - *]/%1
CYP3A4 *] /%] *] /%] *1/%1 *1/*1B #36/%36 *1/%1 *1/%36
CYP3A5 #3 /%3 #3 /%3 #3 /%3 *]/%] *]/%1 *1/%3 *]/%3
CYP4F2 *] /%] ®] /%] *]/%1 *]/%3 *1/%3 #3434 #3 /%3
DPYD *1/(*4) #4/%5 *4[%5 *1/%9 *1/%9 *1/#1 *]/%]
G6PD NEG# *B/*B *B/*B NEG# *B/*B NEG# *B/*B
*A/*C,
2 * * * * * * * * * * * *
GSTP1 BID A/*C A/*C A/*B A/*B A/*B# A/*B
o *7 /%7
NAT2 *4/*5 *4/%5 *4/*5 *4/*%4 *4/%4 sen (curated:
consensus *7/*12)
NUDTI5 —(*1/%1)f *] /%] *] /%] —(*1/%1)% *]/%] —(*1/41) *] /%]
SLCO1BI *1/%15 *1/%15 *1/%15 *] /%] *]/%] *]/%] *]/%37
TPMT *] /%] *] /%] *] /%] *] /%] *]/%] *]/%] *] /%]
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Light blue, dark blue, and orange denote exact matches, expanded interpretations, or discordant calls, respectively.
White boxes indicate missing reference designations.

A No diplotype was listed in GeT-RM; based on Pranesh et al. (2019), *WT/*WT was selected.
# Diplotype originates from GeT-RM non-consensus material (single-assay evidence). For G6PD, “NEG” reflects
the absence of the A+/A— allele in the Tech Open Array; Aldy’s *B/*B corresponds to wild-type.
1 No GeT-RM diplotype existed; following Liu et al. (2023), a call was assigned [28].

We used PromethlON’s adaptive sampling to digitally enrich a panel of 1,036 pharmacogenes, evaluating its
suitability for individualized medication optimization. Several major clinical centers—such as Erasmus MC in
the Netherlands—already employ PGx testing, often based on limited TagMan-style assays available on request.
Yet each gene in these small panels typically includes only a narrow set of variants. In contrast, some institutions
utilize broader sequencing-based diagnostics. Notably, the ACMG recently revised its recommendations for
clinical PGx analysis [29], covering targeted testing, WES/WGS, and CNV analysis. Approximately 34.49%
(269/780) of PGx tests cataloged in the NIH GTR database involve full-coding-region sequencing [30].
Nonetheless, intronic and regulatory variants—such as those known to impact CYP2C19 and CYP3A4—are
frequently absent [31, 32]. Our adaptive-sampling workflow simultaneously retrieves sequence data for all
targeted loci and inherently retains CNV information, representing an advance over existing genotyping
technologies.

The selected panel covers established PharmGKB pharmacogenes and also includes loci with weaker current
evidence but potential future clinical relevance. For each locus, the entire genomic region is examined,
incorporating introns and up to 20 kb flanking both ends. Because the target file is flexible, newly validated PGx
genes can be incorporated without re-designing laboratory protocols.

Recall and precision assessment for HG001, HG002, and HG005

Using the GIAB HGO01 standard on an R9.4.1 flow cell, we obtained 99.59% recall and 99.59% precision for
PharmGKB-listed variants. These metrics parallel Illumina NovaSeq WGS results at ~30X coverage [33], which
reported 99.53% recall and 99.57% precision using GATK HaplotypeCaller.

In the following experiment, HG002 and HG005 were jointly sequenced on a single R10.4.1 flow cell using
ONT’s latest chemistry. We anticipated that the improved raw read accuracy would enable reliable genotyping of
two samples despite reduced coverage. Prior modeling indicates that ~6X and 8X coverage allows recovery of
98% of homozygous and 90% of heterozygous variants, respectively [34]. As shown in Table 3, our results exhibit
comparable or even superior precision relative to HG0O1.

Wagner ef al. recently introduced a benchmark for 273 autosomal CMRG genes in HG002, many of which remain
unresolved in GIAB v4.2.1 due to sequencing or variant-level complexity [35]. Of the 1,036 genes in our panel,
32 overlap with the CMRG set. Across these genes, all PharmGKB SNVs and indels achieved perfect recall and
precision against the CMRG reference.

Final experiment: three-sample multiplexing on R10.4.1

In the last sequencing run, we evaluated whether HG001, HG01190, and NA19785 could be processed together
on a single R10.4.1 flow cell. These GIAB samples were selected both to compare HG001 performance with the
earlier non-multiplexed R9.4.1 run and because curated *-allele reference calls exist for all three. The recall and
precision outcomes are presented in Table 4. Although the mean depth decreased from 47X to 20X, total recall
for PharmGKB-listed variants declined by only 0.24%, while precision rose from 99.59% to 99.84%. These data
confirm that the shift from R9.4.1 to R10.4.1 provides noticeable improvements for PGx-relevant variant
detection. As ONT now ships R10-series flow cells as the standard, we infer that multiplexing three samples on a
single PromethION R10.4.1 flow cell—capturing 5.68% of the genome—is suitable for PGx workflows.
Running three barcoded samples together reduces the estimated per-sample expenditure to €320. For comparison,
Twist Bioscience has released a long-read capture panel for PacBio platforms, but it targets only 49 genes and
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would require redesign of enrichment probes whenever new loci must be added; additionally, the hybridization
and reagent steps add extra cost.?

Long-read phasing success rate

The long-read datasets were also used to phase both haplotypes, an essential step for accurate *-allele resolution.
Short-read or imputation-assisted tools do not reliably capture subject-specific PGx phasing, whereas long reads
directly link alleles without depending on population references or trio data. Using the phased truth sets for
HGO001, HG002, and HG005, we computed phasing success across 47 PharmGKB VIP genes for which reference
phasing was available (Figure 1). Substantial differences among samples were seen for genes such as CFTR,
CYP2A6, CYP2C19, NRAS, and NUDT15. For HG001, R9- versus R10-based discrepancies likely reflect depth
and chemistry, while much larger sample-to-sample differences are best explained by variation in the number of
heterozygous sites available for phasing.

For example, CFTR contains 39 phased reference variants in HG0OO1 but 280 in HG002. A higher abundance of
heterozygous positions naturally produces longer haplotype blocks, improving the fraction of variants that can be
phased. The effect of unphased calls is also magnified when the reference set for a gene is small. As seen for
CYP2A6, HG001 had 1 correctly phased variant out of 3 reference positions, whereas HG002 had 1 out of 1.

cyPzaL3
cvezy2 -
cvP3as
F2RYL -
ABCGZ v -
ACE -
ADHIA -
ADRBZ -
AR
ALDHLAL ~ -
ALOXS ——
cacnAlLS . - >
crrm
cyr1az -

crrzas - -

o 20 a0 ©o B0 100
Phasing Success rate (%)

HGOOL HGOO1 <«  HGOOZ -  HMGOOS

Figure 1. Proportion of correctly phased variants relative to truth sets. Only the 47 VIP genes with available
reference phasing information are displayed.

Genes with very large genomic spans predictably had more unphased positions, as even long reads could not
extend across entire loci. When comparing genes with <90% versus >90% phasing success, a clear separation in
genomic span is observed. Figure 2 summarizes the relationship between gene size and phasing success across
samples. These patterns emphasize the need for high-molecular-weight DNA input: longer molecules enable reads
to encompass more variants, producing longer phasing blocks. Standard extraction methods designed for short-
read sequencing or microarray analysis may not consistently provide DNA of sufficient length for long-read PGx
applications.
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Figure 2. Boxplots showing gene span distributions for genes with <90% versus >90% phasing accuracy
across reference datasets.

Star-allele annotation using Aldy 4

In the final stage of analysis, we applied Aldy 4 to assign *-alleles across the PGx genes included in our panel
[26, 27]. Extracting maximal pharmacogenomic value from our dataset requires a tool that can jointly interpret
SNVs, INDELs, CNVs, and the phasing information produced by long-read sequencing. Many commonly used
platforms—such as PharmCAT—rely solely on .vcf input files for haplotype determination and consequently
overlook gene copy alterations or fusion events [36]. In contrast, Aldy 4 accepts entire WGS .bam files. PyPGx
includes a workflow tailored for long-read data but processes only .vcf files and lacks structural variant support
[37]. Cyrius also accepts WGS .bam input, though it is specialized for short-read sequencing and restricted to the
CYP2D6 locus [38]. Benchmark studies from Graansma et al. and Shugg et al. support Aldy as the most
comprehensive solution for this application [39, 40]. The *-allele results for the 24 Aldy-supported VIP genes are
listed in Table S.

For evaluation, we used the GeT-RM star-allele assignments for HG001, HG01190, and NA19785 and
supplemented these with additional validated resources where GeT-RM lacked coverage [41-43]. Aldy reports
both major and minor haplotypes, but only major *-alleles were compared since GeT-RM contains no minor-
allele annotations.

Using R9.4.1 data, Aldy produced 14 matching, 8 non-matching, and 2 unreferenced calls. For three of the
discordant loci—CYP1A2, DPYD, and GSTP1—our results actually refined or corrected the listed reference
haplotypes. In CYP1A2, GeT-RM does not include the *1M allele; although *1M shares rs762551 with *1F, our
dataset clearly demonstrated the presence of 1s2472304 on both alleles. In DPYD, *4 was identified only by
several assays (Affymetrix DMET; LifeTech Tagman LDT; Agena iPLEX ADME PGx Pro), and none assessed
*5. For GSTPI, prior assays could not differentiate between *A/*C and *B/*D, including an NGS panel [44].
Aldy incorrectly assigned the CYP2A6 diplotype by inferring the *12 structural variant. Discordances for
CYP2C8, UGT1A1l, and VKORCI correspond to known issues with homopolymer stretches on ONT R9.4.1 flow
cells [45]. The misidentification of the CYP2D6 *4+*68 haplotype was anticipated, as Aldy also missed this in
its original publication [27].

For the R10.4.1 runs, Aldy produced correct calls for CYP2C8, VKORCI1, and UGT1A1, even with reduced
depth. This aligns with improvements from ONT’s dual-reader pore design, which enhances performance in
homopolymers.

For HG01190 (R10.4.1), Aldy yielded improved calls for CYP1A2, CYP2B6, CYP2C9, and CYP3A4, whereas
it failed for CYP2D6 and UGT1ALl. Since *1B of CYP1A2 is not part of GeT-RM, we manually confirmed its
presence. For CYP2B6, some assays reported *1/*1 without evaluating *5, while Affymetrix identified *5 but
incorrectly assumed rs36079186, leading to a *27 interpretation. The *1/*61 vs. *2/*62 discrepancy for CYP2C9
was also described by Liu et al. (2023). Regarding CYP3A4, the *36 allele had not been tested by GeT-RM;

e
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Aldy’s *36/*36 call is technically correct, but this haplotype was removed from PharmVar after v5.2.17, so the
current notation is *1/*1.

For NA19785, improved *-allele calls for CYP2B6 and SLCOBI agree with Liu ef al. (2023). CYP2E] alleles *4
and *5 were not included in Agena’s assay but were validated using IGV. Aldy correctly called *1/*36 for
CYP3A4, though—as above—*36 has since been retired and should be listed as *1. For NAT2, Aldy reported
*7/*7, but manual review showed the correct diplotype is *7/*12. Low read depth led Aldy to misattribute
rs1799931 to the *12 allele. As with the other reference samples, Aldy did not correctly resolve CYP2D6.
Across all evaluated samples, CYP2D6 remained problematic due to its highly complex genomic architecture. In
HGO01190, one allele was mistaken for *4 instead of the *5 deletion, likely caused by CYP2D7-derived reads
misaligning to CYP2D6. Both HG001 and NA19785 harbor intricate CYP2D6—-CYP2D7 hybrid configurations;
Aldy reconstructed only portions of the final diplotypes. Since Aldy’s fusion-breakpoint identification relies
primarily on SNV-based literature patterns—which may not distinguish all hybrid forms—more sophisticated
approaches, such as pangenome graph assemblies, may be required to resolve CYP2D6 structures [46].

**"In addition, diplotyping the UGT1A1 locus remains notably difficult. The UGT Nomenclature Committee
currently recognizes 113 haplotypes.* The GeT-RM datasets do not offer unified genotype calls for HG01190 or
NA19785, even though each was analyzed on four and three platforms, respectively. For HG001, the consensus
assignment is *1/%28, yet the Affymetrix assay additionally detected *60 and *93, and Agena classified it as
*1/60. In our R9 dataset, the UGT1A128 allele was not identified, but appeared in the R10 dataset, likely
benefiting from the improved homopolymer handling. Aldy also flagged *112 (C>A variant) across all samples;
however, since A is now the reference base, this was manually revised to *1. In HG01190, phased read inspection
revealed the *37 allele (9 TA repeats), which Aldy missed, likely due to insufficient depth. Moreover, Aldy
consistently reported *60 and *80 for all samples, and manual review confirmed that both variants occur on the
same chromosomal copy. Overall, updated allele definitions and studies on larger populations are needed to clarify
true UGT1A1 haplotype composition. Our findings suggest that ONT long-read sequencing can help refine
UGTT1ALI characterization.

For HG002 and HG005, GeT-RM does not provide *-allele references.

Future perspectives

Alternative adaptive-sampling strategies could be examined to expand throughput for this PGx panel. At present,
MinKNOW evaluates the start of each molecule, aligns it, and determines whether it aligns to the target .bed
regions. Readfish, an open-source replacement, offers more flexibility [47], notably yielding faster rejection
decisions. In our hands, an average of 830—880 bp (~2 s of sequencing) was produced before a read was rejected.
Readfish has reported shorter N50s (~500 bp) for rejected reads, though its efficiency on PromethION is still
lower than on MinlON/GridION due to slower unblocking. ReadBouncer, using k-mer classification, performs
quicker accept/reject decisions but cannot handle very large references such as full human genomes [48]. A more
recent framework, BOSS-RUNS, dynamically modifies the regions of interest based on accumulated sequence
data and relays this information to Readfish, enabling prioritization of under-covered loci. However, its
computational demands make it impractical for human-scale targets [49].

Another challenge involves equimolar pooling of high-molecular-weight DNA for a single PromethION flow cell,
especially when samples differ in size distribution. Mechanical shearing could equalize fragment lengths, but
shorter input molecules reduce AS efficiency and shrink haplotype blocks, which is detrimental for PGx phasing.
Recently, computational solutions have emerged. Just as AS enriches target genes, it can be adapted to enrich
specific barcodes. While MinKNOW cannot currently combine gene-level AS with barcode selection, Readfish
enables barcode-aware AS [50]. Even so, a fully automated system that balances barcode representation and
harmonizes coverage across samples and targets would be useful. SwordFish offers such balancing for SARS-
CoV-2 amplicons but has not been shown to scale to large genomes [51].

The PGx field itself continues to evolve, and new strategies for linking diplotypes to functional phenotypes are
emerging. Instead of relying on categorical *-allele nomenclature, continuous prediction scales have been
proposed. Machine-learning models trained on entire gene sequences can infer phenotypes, even for variants not
assigned to any *-allele. Improved performance has already been demonstrated for CYP2D6 in tamoxifen- and
venlafaxine-treated groups [13, 52]. Our phased long-read, PCR-free datasets may offer superior input for such
approaches. As a limitation, we emphasize that wider cohort-level validation will be needed before considering
clinical deployment.
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Conclusion

Our study demonstrates that applying adaptive sampling on the PromethION platform yields extensive PGx
information spanning 1,036 genes, including SNVs, INDELSs, structural variants, phasing results, and -allele calls.
The long-read diplotyping framework we propose is comprehensive and well-positioned to integrate future
clinical insights. We show that up to three samples can be multiplexed on one PromethION flow cell with strong
performance, achieving recall and precision rates of 99.35% and 99.84% for targeted variants. At present, the
main restriction on accurate -allele assignment comes from the available bioinformatic tools. Enhancements to
AS could further increase sample multiplexing and improve accuracy by raising enrichment performance and
balancing coverage. Ultimately, we conclude that targeted long-read sequencing represents a powerful approach
for advancing personalized medicine in PGx."
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