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Currently, pharmacogenetics relies on partially annotated star alleles, leaving novel variants and complex haplotypes
uninterpretable. Computational scoring frameworks could overcome these limitations. Here, we comprehensively evaluated the
ability of existing (CADD, FATHMM-XF, PROVEAN, MutationAssessor, SIFT, PhyloP100, APF, APF2) and novel (PharmGScore and
PharmMLScore) variant effect predictors to assess pharmacogenetic alleles in multiple scenarios. Altogether we analyzed 541
PharmVar alleles, high-throughput CYP2C9 and CYP2C19 mutational maps, and 200 642 UK Biobank exomes linked with health
records containing antidepressant treatment outcomes. Many evaluated tools, especially ensemble frameworks, matched or
exceeded star allele classifications (ROC-AUC up to 0.85 for allele definitions, 0.95 in vitro; TPR up to 0.99 for exomes) and accurately
predicted severe antidepressant adverse events for carriers of deleterious variants in CYP2C79 (OR 1.20-1.35). Our findings show
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that computational predictors deliver star allele accuracy while overcoming their limitations. With additional validation,
computational tools could enhance clinical decision frameworks by enabling continuous scoring, incorporating previously

unknown variants, and providing genome-wide applicability.
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INTRODUCTION

Linking genomic variation to drug response remains a challenge
in precision medicine [1], mostly evident in psychiatry, in which
20-60% of patients do not respond to first-line therapy and drug
development is limited [2]. Hundreds of pharmacogenetic variants
have already been translated into clinical guidelines [3] and
consequently associated with better outcomes and fewer adverse
drug reactions (ADRs), which account for five percent of all
hospital admissions [4-8].

In particular, star alleles, which are curated lists of specific
variants on a haplotype, classified in a substrate-agnostic manner
into only four functional levels (increased, normal, decreased, or
no function) have facilitated clinical implementations. Unfortu-
nately, this framework cannot accommodate novel and rare
variants outside these lists, nor does it capture the full spectrum of
the protein’s functional outcomes. Importantly, over 90% of
annotated pharmacogenetic alleles are rare across ancestries, and
17% of CYP functional diversity remains unexplained by known
variants [9-12]. Moreover, the classical star allele approach cannot
score most compound haplotypes or efficiently scale to additional
pharmacogenes.

Computational predictors help classify variants in diagnostic
settings [13]. However, generic tools, particularly conservation-

based ones, often underperform on pharmacogenes [14, 15],
driving efforts to build dedicated models [16-18], such as APF and
its successor APF2 [19, 20]. Built on 337 known pharmacogenetic
variants, APF has 93% sensitivity and specificity for deleterious
variants. APF2 offers further improvement by adding AlphaMis-
sense deep neural network scores. Remaining limitations of tools
dedicated to pharmacogenes include difficulty of use, and lack of
support for noncoding variants, especially splice-site or regulatory
variants. Current scores cannot combine variant effects across a
gene or haplotype or are dedicated to one gene only. To the best
of our knowledge, none have yet been compared directly against
star allele calls in large-scale human data with linked drug-
response phenotypes.

There is a clear need in the field for scalable, automated
computational approaches to evaluate pharmacogenetic variants
[17, 21, 22], and it remains unknown whether such predictors can
match or surpass the performance of star alleles. Here, we address
this issue through a multilevel evaluation strategy that provides
the most comprehensive evaluation of computational tools for
pharmacogenomics to date. We first tested if predictors recover
PharmVar star allele functions when multiple SNPs are aggregated
per haplotype and showed that PharmGScore exhibited the best
performance. Second, we investigated whether the predictors
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generalize well to novel variants independent of traditional
training  sources, demonstrating  high  sensitivity  of
pharmacogene-dedicated scores on deep mutational scanning
data for CYP2C9 and CYP2C19. Third, we benchmarked computa-
tional tools against a classical pharmacogenetic framework in 200
642 UK Biobank (UKB) exomes, confirming that gene-level burden
tests recapitulate star allele phenotypes in population exomes
despite incomplete coverage. Finally, to assess applicability to
real-world clinical data, we analyzed antidepressant treatment
outcomes in the UKB and showed that computational tools
predicted severe antidepressant adverse drug reactions with odds
ratios of 1.20-1.35, closely matching star allele associations in a
clinically meaningful way. Our results provide a robust empirical
framework for further method development and show that
additive ensemble scoring offers a comprehensive, scalable, and
flexible alternative for deriving pharmacogenomic profiles from
genome sequencing data.

MATERIALS AND METHODS

Data extraction and preprocessing

Eight pharmacogenes: CYP2B6, CYP2C19, CYP2C9, CYP2D6, CYP3A5, DPYD,
NUDT15 and SLCO1B1 were examined. For all analyses, single-nucleotide
variants located within or up to 60 base pairs from any exon according to
Ensembl v106 [23] were retained. All datasets were processed under this
definition.

Scores for coding variants were downloaded from dbNSFP v4.3a [24].
For locations with multiple transcripts, the value associated with the
Ensembl canonical transcript [23] was chosen, and when absent, available
scores were averaged. Whole-genome predictors CADD v1.6 [25] and
FATHMM-XF [26] were added, using raw CADD values to match the scale of
other tools. APF and APF2 were reconstructed as described [19, 20],
substituting VEST4 for the unavailable VEST3. A complete list of predictors
is provided in Supplementary Table 1.

Star allele haplotype definitions and assigned clinical functions were
downloaded from PharmVar v6.0.10 [27] (Supplementary Table 2). Each

A Scores included in the study

score type score name score level*
ensemble PharmGSCore 2 AA, 2 all
prediction PharmMLSCore 1AA, 3 all
frameworks APF 4 AA, 1 all
dedicated to APF2 5AA
PCx
CADD all
general FATHMM-XF all
variant PROVEAN AA
effect MutationAssessor AA
predictors SIFT AA
PhyloP100 all

* AA - missense variants only (Amino Acid level)
all - any variant (nucleotide level)

Fig. 1

star-allele single-nucleotide variant (SNV) was annotated with every
predictor and distance to the exon. Missing values and variants lying
outside the predefined annotation window were set to not available (NA).
For each star allele, a burden score was calculated as the sum of available
scores, and minimum values were allocated if all component variants
were NA.

Amino acid substitutions from deep mutational scanning data for
CYP2C9 and CYP2C19 [28, 29] were converted from amino acid to
nucleotide changes. Only amino acid changes achievable through a single
nucleotide substitution were kept. When a substitution could arise from
multiple single nucleotide paths, individual scores were averaged to have
one prediction value per mutation.

OQFE exomes in the UKB (data field 23156) were processed by splitting
multiallelic sites and retaining variants within the study genes and
annotation window. Each variant was annotated with all predictors and NA
was assigned if no score existed. Gene-specific burden scores per
participant were obtained by summing variant values, with the predictor
minimum (neutral score) used when no evaluated variants were observed.

Due to known discrepancies among available tools [30], star alleles were
inferred with PGxPOP v1.0 [31] and the Polygenic tool (Intelliseq SA,
Krakow, Poland) with updated allele definitions from PharmVar (v. 6.0.10).
Concordance was evaluated at haplotype and phenotype levels. For
phenotypes, PGxPOP outputs were accepted directly, whereas Polygenic
diplotypes were converted with PharmCAT v2.13. European allele
frequencies were obtained from PharmGKB [32]. Polygenic-based calls
were employed to stratify participants by functional groups.

Antidepressant-related phenotype extraction is provided in the Supple-
mentary Methods. Briefly, data were parsed for drugs used for depression,
including treatment-resistant depression (e.g., amitriptyline, citalopram,
fluoxetine, sertraline, paroxetine, venlafaxine, mirtazapine, trazodone,
guetiapine, clomipramine, imipramine, duloxetine, aripiprazole, bupropion,
escitalopram), using both prescription codes and free-text entries. Prescrip-
tions per participant were aggregated into continuous therapy courses,
defined by the absence of dose or drug changes. Severe adverse drug
reactions were identified through hospital and death registry ICD-10 codes
T43.0-T43.2 and Y49.0-Y49.2. Participants with such codes were classified as
intentional poisoning (n = 481) or accidental poisoning (n = 121), the latter
requiring no record of drug-related self harm.

B General study outline

experimental level baseline evaluated parameter

star _ star
alleles

alleles LIRS

CYP2C9 protein
CYP2C19 activity
in vitro and/or AUC-ROC
data abundance
2
UK star sr::?:s
Biobank allele i
° per protein
, WES data calling phenotype
0]74 evaluated (-)R Siibsing
. , in the ADR
Biobank protein rou
ADR data phenotypes S
4,

High-level overview of the study. A Scores included in the analyses. PGx-specific prediction frameworks (PharmGScore,

PharmMLScore, APF, and APF2) are ensemble scores that integrate multiple general variant predictors. Six general variant predictors were
selected for comparison: CADD, FATHMM-XF, PROVEAN, MutationAssessor, SIFT, and PhyloP100. Some single and ensemble component scores
evaluate only missense variants (marked as ‘AA’ in the ‘score level’ column), while others can score any variant in the whole genome (marked
as ‘all’ in the ‘score level’ column). B General Study Outline. The study evaluates computational predictors across four levels of complexity: 1.
Comparison with curated star allele definitions from the PharmVar database. 2. Validation against high-throughput in vitro measurements of
CYP2C9 and CYP2C19 protein abundance and enzymatic activity. 3. Assessment of concordance between computational predictions and
classical star-allele calls derived from UKB whole-exome sequencing for key pharmacogenes. 4. Application of both star allele-based and
computational approaches to UKB clinical records to predict antidepressant treatment switches and severe adverse drug reactions (ADRs).
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Fig. 2 Effective prediction of star allele phenotypes for genes in PharmVar database using computational tools. A ROC curves for the ten
evaluated algorithms are displayed, with corresponding AUC values and 95% Cls provided on the graph for each score. For ROC analysis, star
alleles with normal or increased function were assigned a value of 0, while those with no or decreased function were assigned a value of 1.
ROC curves for individual phenotype classifications are presented in Supplementary Figure 4. B PharmGScore distribution for cytochrome
P450 (CYP) star alleles grouped by functional phenotype (for other tools, see Supplementary Figure 5). Differences between phenotypes for
each gene were determined with one-way ANOVA and pairwise t-tests with Bonferroni correction (full statistical results are available in
Supplementary Table 4). Bonferroni corrected p-values: ns: not significant, * p<0.05, ** p<0.01, *** p<0.001. Red lines indicate
algorithmically determined cutoffs for damaging variants for each gene.

Methods

We set up two novel variant-evaluating frameworks, PharmGScore and
PharmMLScore, with full descriptions provided in the Supplementary
Methods. Briefly, PharmGScore was created from four complementary
predictors (CADD, FATHMM-XF, Mutation Assessor, PROVEAN). We
annotated every SNV located within 60 bp of an exon (Supplementary
Figure 2) with those scores, gene-wise quantile-normalised their values to
a 0-150 scale and averaged to yield one score per variant. Pre-computed
PharmGScore values are available (see Data and code availability).
PharmMLScore was developed using 91 four-score ensembles, each
including CADD and FATHMM-XF plus two additional high-coverage
predictors selected from dbNSFP. Variant scores were phred-scaled,
capped at 40, rescaled to 0-1, summed per star allele, and combined
with variant counts to form five input features. A feed-forward neural
network was trained with gene-wise leave-one-out cross-validation to
distinguish normal/increased from decreased/no function alleles. The best
model included CADD, FATHMM-XF, SIFT and PhyloP100 and was selected
as the final PharmMLScore.

We evaluated the performance of ten selected scores (CADD, FATHMM-
XF, PROVEAN, MutationAssessor, PhyloP100, SIFT, APF, APF2, PharmML-
Score, PharmGScore) on star alleles with known functional consequences
using receiver operating characteristic (ROC) curves and calculated the
area under the curve (AUC) metrics with 95% confidence interval (Cl)
computed with the bootstrap method. Alleles of reduced activity
(decreased and no function) were contrasted with functional ones (normal
and increased), and the optimal decision thresholds were defined by
maximizing Youden’s index. Pairwise analyses for all functional groups
were performed analogously. We compared score values between all
functional groups with one-way ANOVA and pairwise t-tests excluding
variants with missing values.

For deep mutational scanning data of CYP2C9 and CYP2C19, we
categorized variants into three groups: damaging (<0.2), medium-impact
(0.2-0.8), and benign or increased function (>0.8) and generated ROC
curves for each score (classification of <0.2 vs >0.8).

In WES analysis, UKB participants were stratified by star allele-based
enzyme activity. For each of the ten predictors, within these strata we
calculated True and False Positive Rates (TPR/FPR) defined as the
proportion of correctly and incorrectly classified individuals, respectively.

For the clinical outcome analysis, UKB participants were classified based
on CYP2C19 score values for each tool into two groups: without damaging
variants and with damaging variants. When considering star alleles, carriers
of normal or increased function alleles were assigned to the first group,
and carriers of decreased or no function alleles to the second. Associations
between CYP2C19 activity, the incidence of ADRs, and the number of
pharmacological therapies, were assessed using x* tests.

The Pharmacogenomics Journal (2026)26:8

RESULTS

In this study, we evaluated computational tools for pharmacoge-
nomic variant scoring across varying data complexity levels,
including UKB clinical data (Fig. 1).

Prediction of the functional impact of star alleles with known
consequences

We first examined how computational tools evaluate whole star
allele definitions when assuming an additive framework. We
compared ten variant scoring tools using pharmacogenetic
haplotypes from PharmVar, focusing on star allele definitions.
The dataset included 541 star alleles (544 unique SNVs, 4.26 SNVs
per allele) across 8 genes (CYP2B6, CYP2C19, CYP2C9, CYP2D6,
CYP3A5, DPYD, NUDTI15, SLCO1B1), with 9 variants linked to
increased protein function, 248 to normal, 92 to decreased, and
192 to no function (Supplementary Figure 3). We assessed each
tool’s ability to distinguish normal or increased function from
decreased or no function star alleles. PharmGScore performed
best (ROC-AUC = 0.849), followed by APF2 (0.817) and APF (0.801).
(Fig. 2A and Supplementary Table 3).

For pairwise comparisons of functional consequences, classifi-
cation was most effective for normal vs. no function alleles (mean
AUC = 0.782, Supplementary Figure 4 and Supplementary Table 3).
Distinguishing increased function vs. normal function alleles was
least effective (mean AUC=0.413). Overall, highly damaging
variants were classified correctly in most cases, while increased
function variants were commonly misclassified as damaging.
PharmGScore performed best in four of six pairwise comparisons,
CADD in decreased function vs. no function (AUC=0.71), and
PharmMLScore in increased function vs. normal function (AUC =
0.58). For genes with few star alleles (NUDT15, CYP3A5, SLCO1B1),
the tools’ performance and interpretability were limited.

Predictions vary by gene (Fig. 2B, Supplementary Figure 5), so
universal deleteriousness thresholds are impractical. We propose
gene- and tool-specific thresholds using Youden's index (Supple-
mentary Table 3), applied, for consistency, even to tools with
predefined score thresholds (e.g.,, CADD, APF, APF2).

We analyzed score distributions for haplotypes across five Cyto-
chrome P450 genes (PharmGScore in Fig. 2B and others in
Supplementary Figure 5). PharmGScore showed significantly higher
values for no function vs. normal function star alleles in four genes, with

SPRINGER NATURE
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Fig.3 Effective prediction of known and novel deleterious SNVs using computational tools. A ROCs for the classification of CYP2C9 activity-
affecting variants by the scores evaluated in this study. Variants with activity scores greater than 0.8 were assigned a value of 0 (normal or
increased function), while those with scores less than 0.2 were assigned a value of 1 (decreased or no function). For variants not evaluated by a
score, a neutral consequence (0) was assumed (PROVEAN, SIFT, and MutationAssessor do not evaluate nonsense variants; APF2, PhyloP100,
MutationAssessor, SIFT, and PROVEAN do not evaluate synonymous variants). B Same as A, but for the classification of CYP2C9 abundance-
affecting variants. C Scatterplot depicting CYP2C9 activity and abundance scores, colored by PharmGScore, for 1 010 SNVs with both
measurements available. D Same as A, but for the classification of CYP2C79 abundance-affecting variants.

CYP2D6 and CYP2B6 best resolved. FATHMM-XF, APF, CADD, and
PharmMLScore also effectively distinguished functional groups (Sup-
plementary Figure 5 and Supplementary Table 4). CYP3A5 was the
hardest to score (not significant for all tools). Its non-functional allele
CYP3A5*3 (92% frequency in Europeans) has non-coding splice site
variants, misclassified as benign by CADD and FATHMM-XF, indicating a
need for specialized scoring for high-frequency impaired-function
alleles. CYP2C9 required lower deleteriousness thresholds than CYP2B6
and CYP2D6. Overall, ensemble scores outperformed individual scores
(70% of gene-level separations correct for ensemble tools and 43% for
single predictors, Supplementary Table 4).

Variant predictor performance for enzymatic activity and
protein abundance measurement

Datasets beyond observational studies allow for the evaluation of
computational tools on novel variants. This previously unexplored

SPRINGER NATURE

area is important due to the limited number and biased frequency
(towards common variants) of known alleles. We tested ten tools
using high-throughput in vitro functional data for CYP2C9 and
CYP2C19 missense, synonymous, and nonsense variants [28, 29].
Less than 10% of these variants appear in gnomAD, providing an
independent genotype-phenotype map for mostly novel variants.

We analyzed 1 329 CYP2C9 variants with activity scores and 1
459 with abundance scores (1 096 and 1 195 missense, 212 and
244 synonymous, 21 and 20 stop-gain) building ROC curves for
classification of “near-normal” (score > 0.8) versus “low” (score <
0.2) phenotypes. All predictors performed well, with AUC = 0.86 for
activity (Fig. 3A) and AUC=0.78 for abundance (Fig. 3B).
Pharmacogene-specific ~ ensemble  scores  (PharmGScore,
PharmMLScore, APF, APF2) and CADD achieved AUC>0.90 in
both assays, performing best at detecting damaging variants.
PharmGScore’s median values decreased stepwise with activity

The Pharmacogenomics Journal (2026)26:8
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Score values for cytochrome P450 functional groups
in 200 642 UK Biobank participants

A PharmMLScore

PharmMLSCore
N

CYP2B6
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B PharmGScore

PharmCSCore
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Fig.4 Violin plots of computational tool score distribution cytochrome P450 genes for UKB participants, stratified by metabolizer status.
The top three scores based on True Positive Rate (TPR) are shown: A PharmMLScore, B PharmGScore, C APF2. Protein functional groups were
derived from star alleles identified using the Polygenic tool. The dotted line represents the cut-off threshold determined by Youden’s index,
based on PharmVar database data. White dots with black outlines denote median values. The width of each violin is proportional to the

number of participants with a given score value.

(<0.2=64.33; 0.2-08=31.66; >0.8=6.41) and abundance
(<0.2=68.91; 0.2-0.8 =21.60; >0.8 =3.09) (Fig. 3C and Supple-
mentary Figure 6). For 1 958 CYP2C19 variants with abundance
scores, AUCs ranged from 0.66 (PROVEAN) to 0.95 (PharmGScore)
(Fig. 3D). Missense-only methods (PROVEAN, SIFT, MutationAsses-
sor) failed to classify 39 damaging nonsense variants. Because our
ensembles weight missense and nucleotide-level features equally,
we tested missense-only performance in CYP2C9 and CYP2C19
data (Supplementary Figure 7) and observed only modest
differences (AUCs: MutationAssessor 0.927, SIFT 0.900, CADD
0.879, FATHMM-XF 0.838; PROVEAN 0.847), indicating that
nucleotide-level predictors capture most of the nonsynonymous
signal. In summary, CADD and pharmacogene-specific ensemble
methods consistently achieved AUC > 0.9, demonstrating robust-
ness for novel damaging variants.

To further explore possible factors influencing predictor
performance, we evaluated tool performance on CYP2C9 missense

The Pharmacogenomics Journal (2026)26:8

variants, stratified by evolutionary conservation, amino acid
substitution  biochemical impact, and allele frequency.
Pharmacogene-specific tools and CADD achieved higher AUC
values compared to other predictors for variants in regions of low
evolutionary conservation (particularly at the vertebrate scale). All
tools performed better on substitutions with high severity,
whereas differences related to allele frequency were not
significant (Supplementary Figure 8, Supplementary Table 5).

Computational prediction of pharmacogenetic variant
consequences in next-generation sequencing data

We hypothesized that in population-level exome data, computa-
tional predictors recapitulate star allele phenotypes. To test this,
we assessed ten predictors using star allele calls from 200 642 UKB
WES sequences, called with Polygenic and PGxPOP tools. After
confirming concordance and alignment with European star allele
frequencies [32] (Supplementary Figures 9 and 10), Polygenic

SPRINGER NATURE
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Table 1.
>2 treatment changes

Score OR 95% CI
Star alleles 1.02 0.97-1.08
PharmGScore 1.03 0.98-1.09
PharmMLScore 1.03 0.98-1.08
APF 0.98 0.90-1.06
APF2 1.06 0.91-1.22
CADD 1.1 1.01-1.22
FATHMM-XF 0.99 0.92-1.07
MutationAssessor 1.00 0.93-1.09
PhyloP100 1.14 0.95-1.37
PROVEAN 0.97 0.90-1.06
SIFT 1.09 0.95-1.26

Association between predicted deleterious variants in CYP2C19 and depression treatment outcomes in the UKB WES data.

Severe ADRs

p-value OR 95% Cl p-value
0.39 1.20 1.01-1.42 0.03
0.20 1.24 1.05-1.47 0.01
0.25 1.23 1.05-1.46 0.01
0.55 1.22 0.94-1.59 0.13
0.46 1.33 0.86-2.06 0.20
0.02 1.34 1.00-1.78 0.05
0.84 1.12 0.87-1.45 0.38
0.90 1.17 0.90-1.51 0.24
0.14 1.00 0.53-1.86 0.99
0.53 1.25 0.97-1.62 0.09
0.21 1.41 0.92-2.16 0.11

Variants in CYP2C19 were evaluated using computational scores, with chi-squared tests assessing associations with two or more depression treatment changes

or ADRs to antidepressants.
OR, Odds Ratio.

results were used. Score values for five CYP genes were plotted by
predicted protein phenotypes (Fig. 4 and Supplementary Fig-
ure 11). For CYP2C19 and CYP2D6, increased function variants
could not be classified due to WES data limitations (see
Discussion). We calculated true positive (TPR) and false positive
(FPR) rates per gene and functional category (Supplementary
Table 6). No function star alleles were well predicted (average
TPR=0.61, FPR=0.27), while increased metabolizer alleles had
higher false calls (TPR = 0.64, FPR = 0.50). For CYP2C19, PharmML-
Score and PharmGScore outperformed the other scores, while APF
and APF2 struggled with splice site variants in the no function *2
allele. PharmMLScore showed the highest sensitivity (0.81),
followed by PharmGScore (0.78) and APF2 (0.72). PROVEAN and
MutationAssessor, focusing on amino acid substitutions, had the
highest specificities (0.16 and 0.20, respectively).

Star allele classification may misidentify individuals by over-
looking rare or novel variants. For example, in the UKB cohort, we
identified a CYP2C19 missense variant (p.Glu354Lys) in 15
participants, with a high CADD score (24.8) and low protein
abundance (0.19), suggesting a damaging effect.

Prediction of severe adverse events to antidepressants using
star alleles and computational predictors

Building on the performance of ensemble tools established above,
we analyzed UKB health records for antidepressant outcomes.
Finally, we assessed whether predicted damage stratifies anti-
depressant treatment switching and severe ADR codes compar-
ably to star allele calls. Prior work linked CYP2C19 poor metabolism
to switching, side-effects, and non-response to escitalopram [33,
34]. Accordingly, we examined CYP2C19, assessing prescription
switches and severe ADRs. We labelled individuals as carriers or
non-carriers of damaging CYP2C19 variants for each score (see
Methods).

Therapy change was any medication or dose switch, and
>2 switches served as our non-response proxy. Among 75 256
antidepressant users, 29 343 met this criterion. Neither star alleles
nor most predictors were significantly associated with damaging
variants and therapy switches (Table 1, Fig. 5A). CADD alone
reached nominal significance (p =0.023). Notably, seven of ten
tools showed OR>1 but with wide intervals. PharmGScore and
PharmMLScore both resembled the star allele estimate.

We next analyzed 602 antidepressant poisoning diagnoses,
including 89 participants with Y49.0-Y49.2 and 517 with T43.0-
T43.2 ICD-10 codes. Again, odds ratios were computed for carriers
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of damaging CYP2C19 variants versus non-carriers. Damaging
CYP2C19 status increased poisoning risk according to star allele-
based prediction (OR = 1.20 Table 1, Fig. 5B) as well as PharmG-
Score (1.24) and PharmMLScore (1.23). CADD gave a higher but
less precise result (1.34). Overall, nine of ten predictors indicated
OR > 1 for carriers of damaging CYP2C19 variants to be in the ADR
group. As hospitalizations due to antidepressant poisonings
include intentional overdoses, we restricted the analysis to
participants without any self-harm diagnostic codes (n =121,
Supplementary Figure 12). This resulted in similar but not
significant results for star alleles (OR=1.26, Cl 0.76 - 1.83, p-
value = 0.22), PharmGScore (OR=1.19, Cl 0.81 - 1.72, p-value =
0.37) and PharmMLScore (OR = 1.22, Cl 0.84 - 1.77, p-value = 0.29)
but not for CADD (OR =0.88, Cl 0.41 - 1.90, p-value = 0.75).

DISCUSSION

Pharmacogenetic testing for common genotypes has proven
effective but remains insufficient for complete interpretation of
next-generation sequencing data. Notably, even a single unan-
notated variant can significantly alter an individual’s drug
metabolism profile [9, 10, 12]. Population-based biobanks,
whole-haplotype and deep mutational scanning datasets com-
bined with machine learning offer promising advancements
[3, 35]. Here, we integrated the above approaches with star
allele-based protein phenotyping and benchmarked ten variant
scoring tools across eight pharmacogenes, with a particular focus
on CYP2C19 due to its important role in psychiatric pharma-
cotherapy [36]. To the best of our knowledge, this study
represents the first comprehensive effort to evaluate entire
pharmacogenetic sequences across multiple genes and four
increasingly complex data levels.

Apart from evaluating existing scores and building on previous
work [16, 17, 19, 20], we developed two novel ensemble
approaches which can evaluate both coding and non-coding
variants and are designed to analyze whole haplotype sequences.
PharmGScore was designed to overcome some known limitations
of current tools [15]. It integrates a diverse set of existing scores
and ensures a broad scoring range to distinguish moderately to
highly damaging variants. Across various tasks, PharmGScore
consistently ranked among the top performers. To facilitate its
adoption by the pharmacogenomic community, we provide
precomputed PharmGScore values for all SNVs across human
exons (+60 bp). PharmMLScore was developed to model the
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The dashed line indicates no association (OR = 1) between damaged CYPC79 and treatment outcome. P < 0.05 values are marked with “*;

exact p-values are shown in brackets.

relationship between input scores and star allele function while
mitigating overfitting on limited datasets, a known limitation for
variant effect prediction development [37]. This neural network-
based model evaluates entire haplotypes within each gene.
Although it did not outperform other tools on the PharmVar star
allele dataset, it demonstrated promising performance in real-
world data analyses. We anticipate that its advantages will
become more evident as larger and more diverse training
datasets emerge [35]. In particular, neural network approaches
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are well suited for modeling substrate-specific outcomes, which
are increasingly recognized as major challenges in pharmacoge-
nomics [38]. Both frameworks are designed to support new genes,
though annotated variants are required to establish gene-specific
thresholds.

Earlier work applied a transfer learning approach to CYP2D6
haplotypes, achieving notable success in predicting uncurated star
alleles [16]. In contrast, other tools, both general (e.g., CADD) [25]
and pharmacogene-specific (e.g., APF, APF2) [19, 20], are not
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designed to evaluate multiple variants. An additive burden model
simplifies assessing compound heterozygous effects, however
benign variants should be assigned very low values to minimize
their impact on the total burden. In this study, we demonstrate
that, for many scores, this additive burden assumption largely
recapitulates star allele-based assignments.

Most previous studies have evaluated the classification of
benign versus damaging variants [16, 19, 20]. Here, we also
assessed the ability of each tool to score variants with
intermediate and increased function, revealing reduced perfor-
mance of in silico predictors for these categories. To address this
limitation, we propose moving beyond the traditional discretized
classification into metabolizer classes. For CYP2C9 and CYP2C19,
we demonstrated that PharmGScore values effectively correlate
with abundance and activity scores at the intermediate levels.
However, translating these continuous scores into actionable
clinical guidelines remains an ongoing challenge. Another
approach may be through improved machine learning models:
in a study of 190 pharmacogenetic variants, a random forest
classifier distinguished efficiently between no, normal, decreased
and increased function variants [17].

In general, all four pharmacogene-dedicated predictors
(PharmGScore, PharmMLScore, APF, APF2) and CADD demon-
strated strong performance in evaluating damaging variants from
deep mutational scanning datasets. Our finding holds significant
promise for psychiatric pharmacogenomics, given the critical roles
of CYP2C9 and CYP2C19 in antidepressant metabolism [39].
Moreover, this analysis circumvented the issue of circularity
between training and evaluation processes [37] by testing the
tools on previously unseen variants.

In WES data, PharmMLScore, PharmGScore and APF2 demon-
strated the highest TPR for recovering star allele-predicted
phenotypes. We acknowledge that WES misses certain pharma-
cogenetic variants, such as the common CYP2C719*17 increased
function polymorphism. However, WES remains the most pre-
valent form of clinical sequencing data and among the primary
star allele definitions in PharmVar only three variants fall outside a
60 bp window from exons. Furthermore, previous studies [40]
have shown that WES captures the majority of pharmacogenetic
variation. Moreover, limiting the analysis to exon-adjacent non-
coding variants reduces noise from intronic variants [41]. There-
fore, we argue that benchmarking computational tools using WES
data is currently the most practical approach.

Depression, the most prevalent mental disorder, is a key focus
for pharmacogenomic research as individual variability in
response to antidepressants has a significant genetic basis
[42, 43]. CYP2C19 poor metabolizers exhibit altered antidepressant
response rates and an increased risk of side effects [33, 44]. In a
study of 2 087 patients, significant variability in serum escitalo-
pram concentrations persisted within the *1/*1 group [45]. We
also identified a potentially damaging CYP2C19 missense variant
(minor allele frequency ~0.000075), not reported in curated
databases, highlighting the need for computational tools in
variant analysis. In our antidepressant switching analysis, star
allele-based calls failed to yield positive predictions, likely due to
phenotypic noise. In contrast, the CADD-based approach achieved
nominal significance, possibly due to the detection of damaging
missense variants. Four approaches, star alleles, PharmGScore,
PharmMLScore and CADD, reached significance in predicting
diagnostic codes associated with antidepressant toxicity. Impor-
tantly, the estimated ORs for star alleles, PharmGScore and
PharmMLScore remained nearly identical where ADR codes were
restricted only to accidental poisonings, confirming the potential
role of computational-based predictors in assessing increased risk
of severe ADRs.

Advancing functional prediction methods requires a deeper
understanding of the biological reasons why pharmacogenes
remain challenging to interpret. Drug-response variants differ
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evolutionarily and functionally from disease-causing variants, as
they are less constrained by purifying selection [46, 47]. Our
detailed analysis suggests that predictors capable of accurately
identifying functionally relevant variants in less conserved regions
tend to achieve the best overall results in pharmacogenomics.

Several limitations of this work must be acknowledged. First,
our analysis excluded structural variants, making increased-
function variants of CYP2D6 undetectable. Although known no-
function CYP2D6 copy number variants were evaluated, as they
are associated with damaging SNVs [16], a systematic analysis of
structural variation is still needed, particularly for CYP2D6. Tools
such as PyPGx [46], Stargazer [47], and StellarPGx [48] can
efficiently detect structural variants and are a promising direction
in further development of computational tools for even more
comprehensive variant effect prediction. Second, our evaluation
did not account for substrate-specific differences when determin-
ing phenotype scores, which is a limitation for the current star
allele system as well. Third, the small number of known star alleles
for certain genes, such as NUDT15, CYP3A5, and SLCO1B1 limits the
interpretation of the results. Finally, beyond variant scoring, the
integration of non-genetic factors, such as patient lifestyle and
comorbidities, drug properties and interactions, and environmen-
tal and demographic factors, will be needed to improve clinical
relevance.

Others have proposed an iterative pipeline integrating classical
pharmacogenetic variant calling with computational tools [21].
Here, we provide the first evidence that, with further develop-
ment, computational predictors can outperform star allele-based
approaches by matching their quality and being superior in
flexibility and inclusion of rare damaging variants.
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