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Pharmacogenomic artificial intelligence seeks to connect molecular variation with treatment
selection, dosing, efficacy, and toxicity, yet its development commonly depends on ancestry
categories that compress heterogeneous genetic, environmental, clinical, and social information into
a small number of labels. Such labels may describe aspects of study composition or support inequity
auditing, but they are inadequate stand-alone representations of pharmacogene haplotypes,
structural variation, linkage disequilibrium, admixture, environmental exposure, treatment context,
or individual source-to-target similarity. This article develops a proposed population-aware
pharmacogenomic representation—transportability—uncertainty framework for organizing these
non-equivalent determinants without treating ancestry as a biological shortcut. The framework
separates molecular pharmacogenomic representation, population-genetic structure, health and
environmental context, treatment and endpoint definition, transportability assessment, calibration,
uncertainty characterization, and equity governance. It argues that equitable treatment prediction
cannot be established through a single discrimination metric, pooled performance estimate, or
subgroup comparison. Instead, claims of usefulness should be conditional on representation
adequacy, target-population support, external validation, probability calibration, uncertainty

reliability, subgroup harm assessment, and clearly bounded decision use. Ancestry, race, and
ethnicity may remain relevant as transparently defined contextual variables, but they should not
substitute for measured biological or social determinants. The proposed framework is conceptual
rather than empirically validated and does not establish clinical utility, causal treatment effects,
regulatory acceptability, or deployment readiness. Its principal implication is that
pharmacogenomic artificial intelligence should be evaluated as a context-dependent pharmaceutical
evidence system whose reliability depends on what is represented, where predictions are transferred,
how uncertainty is communicated, and whether errors and benefits are distributed equitably.
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Introduction

Pharmacogenomics examines how inherited variation contributes to differences in drug exposure, efficacy, toxicity, and
treatment response, with the broader aim of improving pharmaceutical decisions for individual patients [1]. Artificial
intelligence and machine-learning methods may expand the range of genomic, clinical, and treatment variables that can be
considered simultaneously, but their potential usefulness depends on the quality and relevance of the evidence from which
they learn. Existing pharmacogenomic knowledge is not distributed evenly across populations, sexes, drugs, genes,
phenotypes, or health systems, and this imbalance can shape which molecular associations are discovered, which variants are
represented in assays, and which patients are well supported by predictive models [2]. The resulting problem is therefore not
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merely one of algorithm selection. It is a problem of evidence representation, population coverage, biological resolution,
contextual relevance, and decision accountability.
The population composition of human genetic research remains concentrated in a limited subset of global populations, leaving
substantial variation undercharacterized and constraining the interpretation of findings in groups that are poorly represented
[3]. Cross-population studies of genetic prediction further indicate that models developed in highly represented populations
may lose performance elsewhere and can reproduce or intensify disparities when portability is assumed rather than
demonstrated [4]. These concerns are especially consequential in pharmacogenomics because drug response may depend on
uncommon variants, multiallelic haplotypes, copy-number changes, local ancestry, linkage structure, co-medication, organ
function, disease state, dose, adherence, and environmental exposure. A broad population label cannot reliably encode this
combination of molecular and contextual determinants for an individual patient.
Current approaches frequently handle population variation in one of two unsatisfactory ways. Some models ignore population
structure and pool all observations as though the relation between features and treatment outcomes were invariant across
settings. Others add a categorical ancestry, race, ethnicity, or geographic variable and implicitly treat it as a sufficient correction
for population heterogeneity. The first strategy risks hidden distribution shift, confounding, and underrepresentation. The
second risks converting an administrative or socially mediated descriptor into a biological proxy for unmeasured
pharmacogenomic variation. Both strategies may produce apparently strong aggregate performance while leaving unanswered
whether the model represents the relevant molecular determinants, whether its probabilities remain calibrated in a target group,
or whether its errors are concentrated among patients with limited representation.
This article proposes a Population-Aware Pharmacogenomic Representation—Transportability—Uncertainty framework,
hereafter termed PA-PGx-RTU, as an original conceptual architecture for equity-aware treatment prediction. PA-PGx-RTU
separates five functions that are often collapsed: representing pharmacogenomic variation, characterizing population-genetic
and health context, constructing treatment-specific predictions, evaluating source-to-target transportability, and governing
uncertainty and equity. The framework does not reject all uses of ancestry, race, or ethnicity variables. Rather, it restricts their
role to explicitly defined descriptive, contextual, stratification, or inequity-auditing purposes and requires measured molecular
and contextual variables whenever those variables are the actual scientific determinants of interest. The central argument is
that equitable pharmacogenomic artificial intelligence cannot be established through a single accuracy measure. It requires an
evidence chain linking representation adequacy, transportability, calibration, uncertainty, subgroup consequences, and
bounded pharmaceutical decision use.

Why Ancestry Labels are Inadequate Proxies for Pharmacogenomic Variation

Ancestry is not a fixed set of continental biological categories. It describes genealogical relationships that depend on the time
depth, reference populations, sampling frame, and genomic scale used to define them [5]. Two individuals assigned the same
ancestry label may differ substantially in haplotype composition, local ancestry, allele frequency, admixture history, and
genetic distance from a model’s development data. Conversely, individuals assigned different categories may share relevant
pharmacogene variants or genomic segments. Scientific representations that convert ancestry into a small number of mutually
exclusive groups therefore discard continuity, overlap, and locus-specific variation. More appropriate population-genetic
descriptions may include continuous genetic similarity, local ancestry, linkage disequilibrium, demographic history, and
reference-panel distance, selected according to the pharmacogenomic question rather than inherited from administrative
classification [6].

Race, ethnicity, and genetic ancestry also represent non-equivalent domains. Race and ethnicity may reflect social
identification, historical classification, migration, discrimination, language, geography, or access to care, whereas genetic
ancestry concerns patterns of biological relatedness inferred from genetic data. Treating these constructs as interchangeable
can obscure the pathways through which health-system exposure, structural racism, economic conditions, environmental
factors, and clinical access influence treatment and outcomes [7]. In pharmacogenomic artificial intelligence, the risk is
especially acute when a social category becomes a convenient surrogate for unmeasured molecular variation or when genetic
ancestry is used to dismiss social and environmental determinants. PA-PGx-RTU therefore requires parallel rather than
substitutive representation: molecular variables should represent pharmacogenomic biology, while social and health-context
variables should represent the conditions through which care, exposure, measurement, and treatment response are observed.
Population descriptors additionally vary in how they are collected and interpreted. A category may be self-identified, assigned
by an investigator, extracted from a medical record, inferred from geography, or estimated from genetic data. These procedures
do not generate equivalent variables, and the resulting labels may change across institutions, countries, time periods, and
datasets. Recommendations from large genomic research programs emphasize that race, ethnicity, and ancestry variables
should be explicitly defined, scientifically justified, harmonized cautiously, and reported with sufficient methodological detail
to permit interpretation [8]. For pharmacogenomic Al, this means that a population variable should carry provenance: who
supplied it, how it was measured, why it was included, what construct it is intended to represent, and which interpretation is
prohibited. A label lacking such provenance should not be allowed to function as an unexamined model feature.

The inadequacy of ancestry labels is therefore not an argument for population-blind analysis. Removing every population
descriptor while leaving sampling imbalance, linkage differences, assay gaps, and contextual heterogeneity unexamined may
conceal rather than resolve inequity. The proposed PA-PGx-RTU framework instead distinguishes three roles. First, measured
population-genetic structure may be required to understand genomic variation and model transfer. Second, transparently
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defined race or ethnicity variables may be required to audit inequities produced by research, health systems, or deployment.
Third, neither role justifies using a label as a stand-alone estimate of an individual’s genotype, drug metabolism, treatment
response, or clinical need. Table 1 organizes the evidence, constructs, and interpretation boundaries needed to develop why
ancestry labels are inadequate proxies for pharmacogenomic variation within the article’s central argument.

Table 1. Evidence domains, core questions, scientific requirements, and interpretation boundaries for why ancestry labels
are inadequate proxies for pharmacogenomic variation

Construct or

evidence Core question Scientific basis Role in the article Fall.ur_e or Boundary statement
. overclaiming risk
domain
Wh?t gen_ea_l oglc_al Ancestry is Replac_e s Treating inferred Genetic ancestry may
relationship is being s . essentialized .
. multidimensional, . . __ancestry components as describe relatedness but
Genetic represented, at what . continental categories .
. continuous, reference- . .S natural, fixed, or does not determine an
ancestry temporal and genomic with explicit . e
. ] dependent, and scale- . . clinically homogeneous individual drug
scale, and relative to which population-genetic .
. dependent. populations. response.
reference populations? constructs.
Is the variable intended to ~ Race and ethnicity are . . . . Race and ethnicity may
i . L . Supports inequity Recasting a social . .
represent social identity,  historically and socially o . . . reveal inequity but
Race and . . auditing and analysis category as a biological .
L structural exposure, produced classifications - . cannot substitute for
ethnicity Lo . . of social or health- mechanism or
discrimination, geography,  with context-specific measured molecular
. system pathways.  pharmacogene profile. .
language, or access to care? meanings. variation.
Does broad genetic Allele frequencies and o Assuming that global
L . Supports initial P .
Global similarity affect the correlation structures may A similarity guarantees Global structure is only
population relevance of the differ across populations com arisonga nd local pharmacogene one dimension of
structure  development dataset to the because of demographic P similarity or model transportability.

target population? history.

sampling assessment.

validity.

Does ancestry at a specific Admixed genomes may

Local ancestry from different ancestral

source populations.

an individual’s genome-
wide average?

Supports locus-

genomic region differ from contain segments derived specific interpretation response mechanism

of pharmacogene
regions.

Treating local ancestry

as a causal drug- Local ancestry may

refine association
analysis but does not
establish mechanism by
itself.

without identifying the
functional variant or
haplotype.

Are measured variants

correlated with functional Demographic history

Explains why an

Linkage similarity must

Assuming that the sam .
ssuming € SAME 4 examined at the

Linkage . . changes correlation associated marker tag variant captures the
. g variants in the same way . - relevant locus and
disequilibrium patterns between nearby ~ may not transfer ~ same functional signal .
across source and target variants across populations everywhere cannot be inferred from
populations? ' pop ’ 3 ' a label alone.
Are the relevant star alleles . Prioritizes direct o AT .
v > Drug-metabolism and z Predicting an individual Population frequency
Pharmacogene copy-number changes, molecular . .
. transporter genes may . genotype or phenotype  informs evidence
alleles and structural variants, and . representation over . .
. . contain complex from population planning but not
haplotypes  functional states directly . . " group-level Lo .
multiallelic variation. Lo frequency. individual assignment.
represented? approximation.
Prevents ancestry
. Are diet, co-medication, variables from Attributing modifiable Contextual variables
Environment . . Drug response reflects . . . o
organ function, disease . . . absorbing or socially mediated require direct
and health interacting genetic and . . . -
state, adherence, exposure, . . unmeasured clinical differences to inherited measurement wherever
context non-genetic determinants. - . .
and care context measured? or environmental biology. feasible.
effects.
Self-identification,
How was each population investigator assignment, Makes population Combining A descriptor without
Descriptor descriptor collected, record extraction, Variablelz 25] ditable incompatible categories provenance should not
provenance inferred, harmonized, and  geography, and genetic . or leaving their be treated as a reliable
- and interpretable. . L
used? inference are non- meaning unstated. scientific feature.
equivalent.
S Auditing categories
Are errors, access, Models may reproduce Retains justified . Lo ne &
. . . - - Concluding that metric  identify patterns of
Equity uncertainty, and benefits inequities even when group variables for . . .
- S . . o parity alone establishes harm but do not explain
auditing  distributed unequally across social categories are not monitoring . .
. . . . equity. those patterns without
socially relevant groups? causal biological variables.  consequences.

further analysis.

Population Representation, Linkage Structure, Environment, and Health Context

Population representation concerns more than whether multiple demographic categories appear in a dataset. It includes whether
the development evidence captures the pharmacogene alleles, haplotypes, structural variants, treatment exposures, clinical
states, environments, and health-system conditions relevant to the intended population. A genomically diverse sample may
still be unsuitable when phenotypes are inconsistently measured, treatment histories are incomplete, assays omit consequential
variation, or certain groups contribute too few outcomes for reliable calibration. Expanding representation therefore requires
coordinated changes in recruitment, infrastructure, scientific leadership, analytical capacity, data governance, and benefit
sharing rather than the addition of small numbers of underrepresented participants to an otherwise unchanged research system
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[9]. In PA-PGx-RTU, representation adequacy is consequently defined as decision-specific coverage of relevant variation, not
as demographic diversity reported in isolation.
Linkage structure provides a mechanistic reason why predictive relationships may fail to transfer even when the same variant
is measured in two populations. A marker associated with a phenotype in one development cohort may act primarily as a proxy
for a nearby functional variant. If the correlation between the marker and the functional variant differs in the target population,
the learned association can weaken, reverse, or disappear. Demographic history influences allele frequencies, haplotype
structure, linkage disequilibrium, and the extent to which genotyped markers capture causal or functional variation [10]. For
pharmacogenomic Al, these effects are particularly important when models rely on sparse genotyping arrays, imputed variants,
summary features, or common markers rather than directly resolved pharmacogene haplotypes. Population-aware
representation should therefore ask whether the same molecular feature has the same functional meaning and correlation
structure across the source and target contexts.
Population heterogeneity also persists within broad ancestry categories. Genetic-prediction accuracy has been shown to vary
among individuals placed in the same ancestry group, with differences associated with factors such as age, sex, socioeconomic
conditions, cohort composition, and the relationship between the individual and the training data [11]. Analyses of polygenic-
score use similarly show that training-set composition, allele-frequency differences, linkage disequilibrium, and analytical
choices contribute to unequal performance across populations [12]. These findings should not be transferred uncritically from
disease-risk prediction to pharmacogenomic treatment prediction, but they establish a relevant methodological warning: a
model cannot be assumed to be transportable merely because source and target participants share a nominal population label.
PA-PGx-RTU therefore treats population membership as an insufficient summary of individual support and requires explicit
evaluation of molecular, clinical, environmental, and data-generating similarity.
Direct pharmacogenomic evidence further demonstrates that clinically relevant cytochrome P450 alleles are distributed
heterogeneously across world populations [13]. Such frequency variation can influence which alleles are observed during
model development, which haplotypes are represented adequately, and which functional states remain uncertain. Yet a
population frequency cannot identify an individual genotype, and a genotype alone cannot determine treatment response
without considering phenotype definition, dose, co-medication, organ function, adherence, disease state, and other
determinants of exposure and effect. The proposed framework therefore represents population-genetic structure and health
context as complementary but non-interchangeable layers. Linkage structure informs whether genomic associations are likely
to transfer; environmental and clinical context informs whether exposure—response relationships are comparable; and direct
molecular measurement remains preferable to inference from group membership. Population-aware pharmacogenomic Al
begins not with a better ancestry label, but with a more explicit account of what biological, contextual, and treatment
information the label fails to contain.

Population-Aware Representations for Treatment Prediction

Population-aware treatment prediction requires more than appending a demographic variable to an otherwise population-blind
model. Drug-response machine learning is already challenged by heterogeneous molecular measurements, limited sample
sizes, inconsistent endpoints, treatment confounding, incomplete validation, and uncertain generalization across experimental
and clinical settings [14]. In pharmacogenomics, these problems are compounded when common single-nucleotide variants
are used as substitutes for unresolved haplotypes, copy-number changes, structural variants, or functional phenotypes. The
proposed PA-PGx-RTU framework therefore begins with an explicit representation question: which biological and contextual
variables are necessary to define the treatment-response problem, and which available variables are merely imperfect proxies?
A population-aware representation should preserve the distinction among molecular evidence, population-genetic structure,
clinical state, environmental exposure, treatment specification, and data provenance rather than compressing them into one
composite ancestry feature.

A clinically oriented representation should also specify the pharmaceutical decision being supported. An example from early
rheumatoid arthritis shows that pharmacogenomic machine learning can combine genomic and clinical variables to predict
methotrexate response within a defined disease, treatment, endpoint, and study population [15]. Such work demonstrates the
potential value of multimodal prediction but also illustrates its boundary conditions: a model developed for one treatment,
outcome definition, ancestry composition, and clinical pathway cannot be assumed to support another drug, disease, or
population. In PA-PGx-RTU, every prediction task is therefore anchored to a treatment-and-endpoint representation containing
the drug, dose or exposure definition, indication, comparator where relevant, timing, adherence assumptions, efficacy or
toxicity endpoint, and intended decision. This layer prevents a generic “drug response” label from concealing materially
different pharmaceutical questions.

Molecular inputs should be structured according to their biological meaning and evidence status. Functional regulatory
annotation may improve the portability of genetic prediction by prioritizing variants more likely to reflect biologically relevant
effects rather than population-specific tagging relationships [16]. In a directly pharmacogenomic context, local-ancestry-
informed analysis of stable warfarin dose in Latino populations demonstrates that locus-specific ancestry may reveal
information not captured adequately by genome-wide categories [17]. These findings do not establish that functional
annotation or local ancestry will improve every treatment model. They instead support a representation principle: population-
aware pharmacogenomic Al should distinguish directly measured functional variants, inferred haplotypes, local genomic
context, annotation-supported candidates, and statistical proxies. The model should also preserve uncertainty about phasing,
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functional assignment, assay sensitivity, and reference-panel suitability rather than treating all encoded features as equally
reliable.

Population-aware integration should permit information sharing across groups without erasing target-population evidence.
Multi-population genetic prediction methods show that population-specific effects can be modeled jointly, allowing
information to be borrowed across datasets while retaining differences in effect estimates and uncertainty [18]. PA-PGx-RTU
extends this logic conceptually to pharmacogenomic treatment prediction through conditional integration. Shared biological
knowledge may inform multiple populations, but population-specific allele frequencies, haplotypes, linkage patterns, treatment
practices, and outcome distributions remain visible to the model and evaluator. The proposed architecture therefore rejects
both indiscriminate pooling and complete population separation. Its intended function is to determine what information can be
shared, what requires target-specific estimation, and where insufficient support should produce wider uncertainty, adaptation,
human review, or abstention rather than a forced prediction. Table 2 organizes the evidence, constructs, and interpretation
boundaries needed to develop population-aware representations for treatment prediction within the article’s central argument.

Table 2. Components, relationships, uncertainties, and validation needs within Population-aware representations for
treatment prediction

Component or Uncertainty or Validation

layer Inputs Core function Expected output limitation requirement
Variants, phased . Orthogonal assay
’ R h . >
Molecular haplotypes, star alleles, e;giiir:lsa: ©  Patient- or sample- S;Sr;ztyg ;rl%ri;riﬁi’ confirmation, haplotype
harmacogenomic copy-number changes, determinants level molecular Llinresolgved functioi, concordance,
p sen structural variants, . feature set with . > functional-evidence
representation plausibly related to omitted rare or structural

functional annotations, evidence status

assay quality

review, platform-

variation . o
specific validation

€xposure or response

Continuous genetic
similarity, local ancestry,
linkage disequilibrium,
allele frequencies,

Validation across
diverse and admixed
populations using

Reference-panel
mismatch, unstable
ancestry inference,

Characterizes

. Locus-aware and
genomic structure

Population-genetic individual-level

representation . . relevant to feature . X . . >
P admixture, demographic . population context  overinterpretation of prespecified population-
. meaning and transfer .
history, reference-panel broad components genetic assessments
distance
Age, organ function, Represents non- .o Lo
& org ’ 3 . Context profile ~ Missingness, temporal Longitudinal data-
Health and disease state, co- genetic determinants . o .
. — . linked to the  variability, measurement quality assessment and
environmental  medications, diet, exposure, of drug exposure, Lo
- . . treatment and error, unmeasured external replication in
context adherence, socioeconomic  observation, and

outcome confounding relevant care settings

and health-system variables response

Drug, dose, route,
formulation, indication,

. . Drug-specific and
Endpoint heterogeneity, en d}g)oirr’l t-specific

Treatment and Defines the estimand

. . . Explicit treatment- exposure S .
endpoint comparator, timing, and pharmaceutical P | oxXpo . validation with
. . response target misclassification, . .
representation  exposure measure, efficacy decision . clinically meaningful
.. . treatment-confounding o
or toxicity endpoint definitions
Recruitment method, site .
o Makes feature Provenance record Incomplete historical Independent
. platform, phenotype source, . . . .
Evidence . . meaning and accompanying metadata and documentation audit
descriptor collection, . . X . . s
provenance layer - S evidence origin model inputs and  incompatible source and reproducibility
missingness, versioning, - o
; auditable outputs definitions assessment
data lineage
. Conditional S
Combines non- . External validation,
. . . . treatment Shortcut learning, . .
Information- Molecular, population, equivalent inputs S . . . ablation analysis,
. . . prediction with overfitting, omitted L .
preserving context, treatment, and without reducing . . sensitivity testing, and
. . . traceable interactions, unstable . >
integration core  provenance representations them to one ancestry o . comparison with
contributing feature importance .
feature - transparent baselines
domains
Source and target Determines what can .
IR Adapted or Prospective or
. . distributions, target be transferred, o Sparse target data,
Population-specific o . explicitly non- . temporally separated
. outcomes, local calibration  recalibrated, re- overadaptation, unstable .
adaptation layer transferable target-population

data, prior biological estimated, or

prediction state

target estimates

validation

knowledge withheld
Predictive distribution, Distinguishes Bounded Coverage testing,
. model disagreement, target supported predictions prediction, Miscalibrated selective-risk analysis,
Uncertainty and . . .. . . :
distance, data-quality ~ from cases requiring uncertainty uncertainty and unequal subgroup evaluation,

abstention layer ;
caution or non-

prediction

indicators, consequence
thresholds

statement, referral, abstention across groups
or abstention

and monitoring after
use

Transportability, Calibration, and Uncertainty across Groups

Transportability asks whether a relationship learned in one source population remains informative for a specified target
population, clinical setting, treatment, and decision. It should not be reduced to whether two datasets share the same ancestry
category. Genetic-prediction accuracy can vary continuously with an individual’s genetic distance from the development data,
including among people assigned to the same broad population label [19]. Transfer principles developed for diverse genetic
prediction further show that portability depends on interacting differences in allele frequency, linkage disequilibrium, effect
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architecture, admixture, environmental context, phenotype definition, and clinical use [20]. PA-PGx-RTU therefore represents
transportability as a multidimensional profile rather than a binary attribute. A model may be transferable for one drug, endpoint,
assay, and subgroup but unsuitable for another, even within the same institution.

Calibration is a separate requirement from discrimination. A model may rank patients correctly while systematically
overestimating or underestimating the probability of response or toxicity. Clinical prediction methodology identifies
calibration as essential because decision makers need to know whether a predicted probability corresponds to observed
outcome frequency in the target context [21]. For pharmacogenomic Al, calibration should be evaluated overall, across
clinically relevant prediction ranges, and within sufficiently supported population and intersectional groups. Recalibration may
be appropriate when the ranking relationship remains stable but the baseline outcome distribution changes. It is not an adequate
remedy when molecular feature effects, treatment pathways, or data-generating mechanisms differ fundamentally between
source and target settings.

Distribution shift may arise from changes in population composition, sequencing platform, phenotype measurement,
prescribing practice, co-medication, disease severity, clinical workflow, or calendar time. Health-Al research shows that
development-stage performance can deteriorate when the relationships generating inputs and outcomes change after
deployment [22]. PA-PGx-RTU consequently requires shift diagnosis before model transfer and continued monitoring
afterward. Covariate overlap alone is insufficient because two settings may have similar observed inputs but different causal
relationships among treatment, biology, health-system processes, and outcomes. When the relevant relationship appears stable,
external validation or recalibration may be justified. When it is uncertain or demonstrably different, model adaptation, new
evidence generation, or rejection is more appropriate than automatic transfer.

Uncertainty should describe the limits of evidence rather than decorate a deterministic output. Medical machine-learning
scholarship emphasizes that predictive uncertainty should be quantified, communicated, and linked to referral or abstention
when a model lacks sufficient support [23]. PA-PGx-RTU distinguishes aleatoric uncertainty arising from irreducible outcome
variability, epistemic uncertainty arising from limited knowledge or sparse representation, and distributional uncertainty
arising when a target case lies outside the development evidence. These forms of uncertainty have different implications.
Irreducible variability may require probabilistic communication, whereas epistemic or distributional uncertainty may justify
additional testing, expert review, adaptation, or non-prediction. Uncertainty estimates must themselves be evaluated because
numerical confidence can remain misleadingly high in poorly represented populations. Figure 1 presents the population-aware
pharmacogenomic lens, showing how the article’s key components and boundaries are connected within transportability,
calibration, and uncertainty across groups.

An integrative view of components, refationships, uncertainities, and boundaries
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Figure 1. Population-Aware Pharmacogenomic Lens.
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The figure is an original conceptual synthesis that organizes the article’s central contribution across ancestry labels are
inadequate proxies for pharmacogenomic variation, population representation, linkage structure, environment, and health
context, population representation, linkage structure, health context, population-aware representations for treatment prediction.
Arrows and grouping indicate proposed or evidence-supported relationships rather than measured effect sizes. The figure does
not represent a validated predictive model, regulatory determination, clinical recommendation, or deployment-ready system.

Fairness Risks in Data Assembly, Feature Construction, and Deployment

Fairness risks begin before model training. The variable selected as the prediction target may encode unequal access, treatment,
documentation, or expenditure rather than the underlying health state of interest. A widely examined population-health
algorithm produced racially unequal decisions because healthcare cost was used as a proxy for health need, even though
spending reflected unequal access and patterns of care [24]. The pharmacogenomic analogue is not limited to monetary
variables. Recorded treatment response, dose stability, adverse-event detection, medication adherence, and access to genetic
testing may all be shaped by clinical systems. A model trained on these observations can reproduce health-system behavior
while appearing to learn biological treatment response. PA-PGx-RTU therefore requires explicit justification of the prediction
target and examination of the pathway connecting that target to the intended pharmaceutical construct.

Data assembly can introduce selection, measurement, documentation, and missingness biases. Electronic health records are
generated through care rather than controlled observation, and their data reflect who accesses care, which tests are ordered,
how diagnoses are coded, and which outcomes are recorded [25]. Populations with sparse, fragmented, or poor-quality digital
data may consequently be excluded from model development or represented through systematically less reliable
measurements. This condition has been described as health data poverty, which can limit access to data-driven benefit while
exposing poorly represented groups to models developed elsewhere [26]. In pharmacogenomics, data poverty may include
absent sequencing, incomplete structural-variant detection, weak phenotype linkage, limited treatment follow-up, and
insufficient local functional evidence. Data availability should therefore never be equated with data suitability.

Feature construction creates additional risks. An ancestry label may become a high-level shortcut that absorbs unmeasured
variation in genotype, environment, access, adherence, or clinical practice. Removing the label does not necessarily eliminate
the problem because other variables may reconstruct it indirectly, and their predictive role may still reflect structural inequity.
Reviews of algorithmic fairness in medicine show that bias can arise across data acquisition, labeling, representation, model
development, validation, and deployment rather than at one isolated stage [27]. PA-PGx-RTU accordingly treats fairness as a
lifecycle property. Feature review should ask whether each variable represents the intended construct, whether a less
ambiguous direct measurement is available, whether the feature’s meaning changes across settings, and whether reliance on
that feature could generate clinically unequal errors.

Deployment may reveal harms that average performance conceals. Empirical evaluation of medical imaging algorithms has
shown that apparently adequate overall performance can coexist with systematic underdiagnosis in underserved populations
and intersectional subgroups [28]. The same concern applies to pharmacogenomic Al when false reassurance, missed toxicity,
inappropriate dose recommendations, or excessive abstention are concentrated among patients with limited representation.
Equity evaluation should therefore include subgroup calibration, error burden, uncertainty reliability, access to confirmatory
testing, and the consequences of both prediction and non-prediction. Metric parity alone is insufficient because equal error
rates can still produce unequal harm when baseline risks, treatment alternatives, monitoring resources, or consequences differ.

Requirements for Equitable Pharmacogenomic Al

Equitable pharmacogenomic Al requires locally relevant molecular evidence and scientific capacity. Pharmacogenomic
research in Africa illustrates the importance of population-specific allele and haplotype knowledge, appropriate testing
platforms, laboratory infrastructure, trained personnel, interoperable data resources, and health-system feasibility [29]. These
requirements apply more broadly wherever populations are underrepresented or existing assays and knowledge bases
incompletely capture local variation. Equity cannot be achieved by transporting a model into a new population and adding a
subgroup-performance table. The evidence-generating system itself must support discovery, functional interpretation, assay
development, validation, clinical pharmacology expertise, and continued stewardship in the populations expected to use or be
affected by the model.

Responsible development also requires lifecycle accountability. Guidance for health machine learning emphasizes the
importance of stakeholder participation, clinically meaningful problem formulation, appropriate data, transparent validation,
workflow integration, monitoring, and mechanisms for responding to harm [30]. In PA-PGx-RTU, responsibility is distributed
across data contributors, genomic laboratories, bioinformaticians, model developers, pharmacologists, clinicians, pharmacists,
health systems, patients, and affected communities. Human oversight should not be reduced to a final approval step. It should
shape the treatment question, determine acceptable errors, review population descriptors, define abstention pathways, interpret
uncertainty, and decide whether a model’s evidence is sufficient for a particular use.

Technical validation remains necessary but cannot establish pharmaceutical usefulness by itself. Clinical-impact analyses of
artificial intelligence identify external validation, usability, workflow compatibility, prospective evaluation, and comparison
with meaningful standards of care as critical requirements beyond internal benchmark performance [31]. For
pharmacogenomic Al, this means that a model with strong retrospective discrimination still cannot be described as clinically
useful unless it has been evaluated for the intended drug, endpoint, population, platform, care pathway, and decision
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consequence. Analytical validity of the genomic input, calibration of the prediction, actionability of the output, availability of
treatment alternatives, and clinician and patient understanding are separate evidentiary requirements.

Equity should be evaluated in relation to health consequences rather than reduced to one mathematical parity condition.
Fairness in healthcare machine learning depends on the clinical objective, the distribution of benefit and harm, and the
historical processes embedded in the data and decision pathway [32]. Broad claims of generalisability are likewise
inappropriate when usefulness is conditional on a specified population, setting, time, treatment, and workflow [33]. PA-PGx-
RTU therefore proposes that every model claim be paired with a bounded use statement specifying who is represented, which
treatment decision is supported, where validation occurred, how calibration and uncertainty were assessed, which groups
remain poorly supported, and what action follows when the evidence boundary is crossed. Table 3 organizes the evidence,
constructs, and interpretation boundaries needed to develop requirements for equitable pharmacogenomic ai within the article’s

central argument.

Table 3. Evaluation, implementation, and research priorities arising from Pharmacogenomic Artificial Intelligence beyond
Ancestry Labels through Population-Aware Representation, Transportability, and Uncertainty

Evaluation Suitable evidence or . . R -
. . What must be tested Failure signal Interpretive limitation Decision relevance
dimension assessment
Coverage analysis;
Whether development ? .
P haplotype and Important target- . Determines whether
. data cover the relevant . . : Demographic counts
Population- .. structural-variant population variants, . model development,
. molecular, clinical, . alone do not establish .
representation . representation; contexts, or outcomes are L adaptation, or new
environmental, treatment, . scientific . .
adequacy missingness absent or too sparse for . evidence generation
and health-system . representativeness LS
o assessment; source— evaluation is justified
variation .
target comparison
Orthogonal genotyping; ..
g ECNOLYPINE: Nyiscordant genotype or .
Whether sequencing . . . Determines whether
Molecular . . phenotype assignment, Analytical validity does .
. pharmacogenomic inputs concordance; phasing . . molecular inputs are
analytical unresolved structural ~ not establish clinical .
7L are measured and assessment; star-allele . o reliable enough to
validity variation, platform- utility

interpreted accurately and copy-number

validation

. . enter prediction
specific failure p

Drug-, dose-,
indication-, exposure-,
and endpoint-specific

review; phenotype
adjudication

Whether the model
Treatment and predicts a clearly defined
endpoint validity and clinically meaningful
pharmaceutical outcome

Determines what
decision the output
can legitimately
support

Ambiguous “response” Observational outcome
labels, treatment- prediction does not

confounding, inconsistent automatically estimate

follow-up causal treatment benefit

External multicenter

Whether relationships validation; genetic and

remain informative in the

Determines direct
use, recalibration,

Performance or feature Validation in one
relationships deteriorate external cohort does not

T tability . . textual dist: . . .
ransportability intended target population contextua distance after source-to-target establish universal adaptation, or
. analysis; temporal and -
and setting . transfer transfer rejection
platform testing
Calibration plots;
Whether predicted calibration intercept Systematic Stable estimates require Determines whether
Calibration probabilities or response  and slope; expected- overprediction or sufficient observations numerical predictions

versus-observed
assessment; proper
scoring rules

magnitudes correspond to
observed target outcomes

underprediction overall
or within groups

across the prediction can inform threshold-
range based decisions

High confidence persists

. Coverage assessment; . Determines
Whether intervals, Lo .’ in unsupported cases or . . .
. selective-risk analysis; . . Uncertainty estimates communication,
Uncertainty confidence states, or I uncertainty is . .
o . out-of-distribution . . can themselves be additional testing,
reliability abstention rules . systematically wider for . .
stress testing; subgroup . miscalibrated expert review, or
correspond to actual error . . one group without .
uncertainty evaluation . abstention
remediation
Group-specific
calibration; false- Aggregate performance
Subgroup and Whether errors and positive and false- conceals concentrated ~ Fairness metrics may Determines whether
intersectional  benefits are distributed negative burden; worst- toxicity, non-response, or  conflict and require  use would worsen or
harm equitably group analysis; inappropriate treatment ~ clinical interpretation reduce inequity

consequence-weighted
evaluation

recommendations

Human-factors studies;
comprehension testing;
override review;
escalation-path
assessment

Whether users understand

Human oversight model scope, uncertainty,

and usability  and appropriate override
behavior

Automation bias,
inappropriate reliance,
unclear accountability, or
inaccessible outputs

Determines whether
outputs can be
integrated safely into
clinical workflows

User satisfaction alone
does not establish
therapeutic benefit

Prospective
Whether using the model comparative evaluation;
improves a specified decision analysis;
treatment decision or treatment and safety
patient-relevant outcome outcomes; workflow
assessment

Clinical and
pharmaceutical
utility

Determines
Retrospective modeling  progression from
cannot establish research use toward
prospective benefit bounded clinical
evaluation

Technical performance

fails to change decisions

appropriately or causes
unintended harm
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Whether performance, Drift detection; . . Determines
oo . o Unrecognized data drift, . . .
I calibration, versioned audit trails; ; e Monitoring cannot continuation,
Monitoring and . S . changing prescribing . .
representation, and harm incident review; ; compensate for an modification,
governance . g patterns, or accumulating . Sy .
remain acceptable over periodic subgroup invalid initial use case suspension, or
. subgroup harm .
time reassessment withdrawal

Limitations and Boundary Conditions

The proposed PA-PGx-RTU framework is a conceptual synthesis rather than an empirically validated architecture. Its
components are supported by evidence from pharmacogenomics, population genetics, clinical prediction, drug-response
machine learning, transportability research, and algorithmic fairness, but the complete framework has not been tested as one
integrated system. Several supporting methods were developed for disease-risk prediction or general health Al rather than
pharmacogenomic treatment response. Their relevance lies in the mechanisms they identify—such as linkage-dependent
portability, calibration failure, dataset shift, proxy bias, and subgroup harm—not in proof that identical effects will occur for
every drug, gene, or clinical setting. Future evaluation must therefore be drug-specific, endpoint-specific, population-specific,
and decision-specific.

Population-aware representation also cannot eliminate all uncertainty or identify every relevant determinant of treatment
response. Genetic ancestry, local ancestry, functional annotation, and linkage structure remain imperfect scientific constructs
whose accuracy depends on reference data, measurement methods, demographic assumptions, and genomic resolution.
Environmental, social, behavioral, and clinical variables are similarly incomplete and may change over time. A more detailed
representation may reduce reliance on ancestry labels while simultaneously increasing data requirements, missingness, privacy
concerns, computational complexity, and the risk of overfitting. More variables do not guarantee better science unless their
measurement, meaning, temporal relation, and decision relevance are justified.

The framework does not establish causal treatment effects, mechanistic confirmation, dose recommendations, clinical benefit,
regulatory acceptability, or operational readiness. A model may identify associations or predict outcomes without
demonstrating that changing treatment on the basis of its output improves patient care. Equitable performance in one evaluation
cannot guarantee equitable access, interpretation, or outcomes after implementation. Abstention can prevent unsupported
prediction, but it may also withhold assistance disproportionately from populations already excluded from evidence generation.
The framework must therefore be interpreted as a structure for defining questions, evaluating evidence, exposing uncertainty,
and setting boundaries—not as a substitute for prospective pharmaceutical, clinical, ethical, or regulatory evaluation.

Research Agenda and Implementation Priorities

The first research priority is to develop population-complete pharmacogenomic evidence resources that resolve complex
haplotypes, structural variants, copy-number variation, rare variants, functional effects, and treatment phenotypes across
globally diverse and admixed populations. These resources should be connected to longitudinal information on dose, exposure,
adherence, co-medication, organ function, disease state, environment, and care context. Methodological studies should
compare categorical descriptors with continuous genetic distance, local ancestry, locus-specific linkage structure, and direct
molecular measurements. The goal should not be to identify a single superior ancestry representation, but to determine which
representation is scientifically necessary for each pharmacogenomic question and when a population variable adds information
beyond the measured molecular and contextual data.

A second priority is to establish transportability and uncertainty evaluation designs tailored to treatment prediction.
Multicohort studies should test models across populations, clinical sites, sequencing platforms, time periods, prescribing
systems, and treatment pathways. Evaluations should report external discrimination, calibration, uncertainty coverage,
selective prediction, subgroup error burden, and consequences of adaptation or abstention. Hybrid pharmacometric and
machine-learning approaches warrant investigation because mechanistic knowledge of exposure, metabolism, dose, and
response may constrain extrapolation more meaningfully than unconstrained statistical learning alone. Such studies should
compare transparent baselines, population-blind models, label-adjusted models, and population-aware representations without
assuming that greater architectural complexity produces better pharmaceutical decisions.

Implementation should proceed through staged evidence gates. Initial work should focus on analytical validity, representation
adequacy, reproducibility, and retrospective external validation. Subsequent stages should examine human interpretation,
workflow fit, target-population recalibration, subgroup harm, and prospective decision consequences. Deployment
consideration should occur only when a clearly defined use case, reliable genomic input, clinically interpretable output,
validated uncertainty behavior, oversight pathway, and monitoring system are present. Infrastructure investment, local
scientific leadership, community participation, data governance, and benefit sharing should accompany technical development
so that populations contributing data also shape the questions, interpretation, and distribution of benefits. When evidence
remains inadequate, the correct output is not a more confident ancestry-based approximation but an explicit research priority,
referral pathway, or decision not to predict.

Conclusion

Pharmacogenomic artificial intelligence cannot move beyond ancestry labels by simply deleting them, renaming them, or
adding them as adjustment variables. It must replace their inappropriate proxy function with direct and scientifically justified
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representations of pharmacogenomic variation, population-genetic structure, health and environmental context, treatment
specification, and evidence provenance. The proposed PA-PGx-RTU framework organizes these inputs around
transportability, calibration, uncertainty, equity, and bounded decision use. Its central contribution is to treat reliability as a
property of an evidence relationship between a defined model, target population, pharmaceutical decision, and clinical context
rather than as a single performance score. The framework remains conceptual and requires rigorous molecular, statistical,
clinical, implementation, and equity evaluation. It does not establish causal treatment effects, clinical utility, regulatory
acceptance, or deployment readiness. Its practical value lies in making unsupported assumptions visible and requiring
pharmacogenomic predictions to state not only what they estimate, but for whom, under which conditions, with what
uncertainty, and beyond which boundary they should not be used.
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