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Abstract:

Precision pharmacology aims to select the most appropriate medicine, dose and monitoring strategy for an
individual patient. Its translation is limited by fragmented records, incomplete biological characterization, time-
varying physiology and the difficulty of converting high-dimensional evidence into a safe action. Generative
health data science extends conventional prediction by learning structured representations of molecules, cells,
patients and clinical trajectories and by producing reviewable candidates such as molecular structures, treatment
options, synthetic records, counterfactual courses and dose scenarios. This critical review evaluates large
language models, multimodal and biological foundation models, graph and diffusion architectures, synthetic-
patient generators, digital twins and bounded agentic workflows across target discovery, repurposing,
pharmacogenomics, treatment selection, individualised dosing and pharmacovigilance. Evidence is strongest for
representation learning, structure-enabled discovery and selected pharmacogenomic pathways; autonomous
patient-level treatment and dosing remain investigational. Recent advances include explainable drug-repurposing
foundation models, multimodal clinical foundation models and a randomised phase 2a trial of a generative-Al-
discovered TNIK inhibitor. We propose a Data-to-Dose framework linking intended-use definition, data
provenance, longitudinal patient-state modelling, constrained generation, mechanistic and causal checks,
uncertainty-aware ranking, professional review and lifecycle monitoring. Generation must remain distinct from
clinical authorisation, and synthetic-data fidelity must not be equated with privacy, fairness or external validity.
Generative systems may become an enabling layer for precision pharmacology only when their creative capacity
is bounded by pharmacology, evidence and accountable clinical judgment.
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1. Introduction

Precision pharmacology integrates patient,
disease and drug information to select an
intervention and individualise exposure while
preserving a favourable benefit-risk balance [1-
3]. Its evidence base spans medication history,
laboratory trajectories, organ function and
pharmacogenomics, while multimodal Al
extends representation to imaging and
physiological signals [2,4]. Most established
clinical Al systems classify observations or
estimate  predefined outcomes, whereas
generative models can propose molecular
structures or learn reusable representations
across heterogeneous biomedical data [5-7].
Patient-linked simulation is an emerging
objective of digital-twin research, but any
output that can influence treatment requires
intended-use  definition and  workflow
evaluation [8,9]. Previous reviews described
broad healthcare, pharmaceutical and Al-
enabled drug-discovery applications; the
present article focuses on the narrower pathway
from multimodal patient data to
pharmacological action [10,11].

Drug response reflects inherited determinants as
well as dynamic factors such as inflammation,
renal or hepatic function, co-medication, disease
stage and adherence [2,3]. Actionable PGx
pathways exist, but genotype alone does not

—
Pharmacological Data-to-Dose
constraints translation
Mechanistic checks, PK/PD, Clinician review, shared
interactions, safety and decision-making and
uncertainty monitoring
——

privacy e lifecycle governance

capture the complete treatment phenotype
[2,3,12]. Multimodal modelling can integrate
clinical and molecular layers, although
retrospective performance does not establish
safe medication use [4,5,9]. Medication-focused
reviews identify hallucination, omission and
limited prospective evidence as unresolved
concerns for GenAl and LLM systems [13-15].
Computationally generated molecules likewise
require chemical-validity checks, synthesis and
experimental confirmation before
pharmacological claims are justified [7,11,16].
Synthetic  records  require  task-specific
evaluation and must not substitute for validation
on real patients [17,18]. Generative systems
should therefore be treated as proposal engines
within an accountable workflow rather than
autonomous prescribers [9,14,15].

This review defines generative health data
science for precision pharmacology, evaluates
applications from target discovery to post-
prescription monitoring, summarizes recent
advances, introduces a Data-to-Dose framework
and specifies validation and governance
requirements. As illustrated in Figure 1, the
framework links input modalities and generative
representations with pharmacological outputs
and cross-cutting safeguards.
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Figure 1. Generative health data science landscape for precision pharmacology.

Note: Patient records, multi-omics, imaging and
physiological signals can be represented by
language and multimodal models [4,6,19].
Chemical and structural data can be represented
by latent-space, graph, diffusion and sequence
models [7,20,21]. The lower band presents
provenance, uncertainty, privacy, equity, human
authorisation and controlled updating as cross-
cutting design requirements [9,14,22].

2. Review approach and evidence selection
This article was developed as a targeted critical
methodological review rather than a systematic
review or meta-analysis. PubMed/MEDLINE,
primary publisher platforms and official
regulatory repositories were searched for English-
language literature available through 21 July
2026. Search terms combined generative artificial
intelligence, foundation models, multimodal
health data, single-cell models, drug discovery,
pharmacogenomics, precision dosing, synthetic
patients, digital twins, clinical validation, bias,
federated learning and lifecycle regulation.
Eligible sources included original methodological
or clinical studies, prospective or randomised
evaluations, authoritative reporting standards and
official governance documents. Opinion pieces
without methodological or pharmacological
relevance, duplicate reports, non-English records
and sources whose claims could not be verified
against an original or official record were
excluded. Reference chaining was used for
foundational studies. Bibliographic metadata and
DOI identifiers were checked against publisher
pages, PubMed, official records or the supplied
published PDFs.

Evidence was interpreted across four maturity
levels: enabling performance, translational
confirmation, clinical utility and lifecycle
evidence. Because the included technologies,
intended uses and outcomes were heterogeneous,
quantitative pooling was inappropriate. Claims
were therefore calibrated to the maturity and
directness of the supporting evidence. The review
does not claim exhaustive systematic coverage;
instead, it provides a transparent, purpose-driven

synthesis centred on the proposed Data-to-Dose
pathway.

3. Foundations of generative precision
pharmacology

3.1 From prediction to decision-focused
generation

Predictive models estimate outcomes conditional
on observed inputs, whereas generative models
learn distributions or structured representations
from which new instances can be sampled or
proposed [6,7]. Pharmacological outputs may
include  molecular  graphs, biomolecular
complexes or designed proteins [20,21,25]. Other
outputs include generated single-cell
representations, clinical text or patient-linked
simulations [8,26,27].  Generation is not
equivalent to a clinical decision because treatment
selection requires a defined comparator, benefit-
risk objective, contraindication checks and
uncertainty thresholds [9,24].

3.2 Multimodal patient-state representation
Structured EHR fields capture diagnoses,
prescriptions and laboratory results; clinical notes
preserve context; imaging and pathology capture
spatial phenotype; omics describe inherited and
dynamic biology; and wearables provide
longitudinal physiology [4,6,28]. Generalist and
specialty  foundation models can reuse
representations across tasks, as illustrated by
medical foundation-model frameworks, PanDerm
and SleepFM [6,19,29]. Retrospective benchmark
performance does not establish medication safety
because temporal ambiguity, incomplete
reconciliation, local terminology and missing data
can distort the inferred patient state [9,13,24].
Retrieval grounding can improve traceability, but
retrieved evidence can still be incomplete,
outdated or misapplied [13-15].

3.3 Biological and chemical foundation models
Geneformer and scGPT demonstrate that large-
scale single-cell pretraining can support network
prediction, perturbation analysis and multi-omics
integration [26,30]. Latent-space and diffusion
approaches can generate molecules or proteins
under specified objectives [7,21,25]. AlphaFold 3
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predicts structures of biomolecular complexes
rather than establishing drug efficacy [20].
Generated candidates remain hypotheses until
synthesis or expression, assay confirmation,
selectivity, ADMET and reproducibility are

demonstrated [7,16,31]. As summarised in Table
1, each health-data modality requires a distinct
generative task, precision-pharmacology use and
minimum validity assessment.

Table 1. Health-data modalities, generative tasks and pharmacological validity requirements.

Data Generative Precision- Minimum
modality contribution pharmacolog validity checks
y use
Clinical Longitudinal Medication Temporal
records representation reconciliation, accuracy,
and , evidence source
medicatio summarizatio synthesis and attribution and
n history n and option review reconciliation
candidate [10,13] with actual
explanation administration
[13,27,28] [9,23,24]
Genomics Variant, cell- Drug Validated
and multi- state and avoidance, assays,
omics perturbation stratification, ancestry
representation biomarker coverage, batch
s [2,26,30] discovery and control and
dose guideline
adjustment concordance
[2,3,12] [2,12]
Imaging Cross-modal Phenotyping, External-site,
and representation response device-shift,
physiolog and assessment subgroup and
y longitudinal and adaptive prospective
phenotype monitoring validation
modelling [4,19,29] [9,19,32]
[4,19,29]
Chemical Molecule, Target Chemical
and protein or discovery, validity,
structural complex lead  design synthesizabilit
data generation and y, orthogonal
and structure repurposing assays and off-
prediction hypotheses target testing
[7,20,21] [11,31,33] [7,16,21]
[13-15].

Note: ADMET, absorption, distribution,
metabolism, excretion and toxicity; EHR,
electronic health record. A generated value
should remain explicitly labelled and should not
replace an observed measurement without task-
specific validation [9,17,24].

4. Model families and bounded workflows

4.1 Language and retrieval-grounded models
LLMs can encode clinical knowledge and
support health-system prediction tasks [27,28].
Medication-focused studies have separately
evaluated information extraction, decision
support and pharmacovigilance applications
[13]. A risk-controlled role is to assemble an
inspectable patient state, retrieve current
evidence and format a proposal for professional
review rather than independently authorize
treatment [9,14,15]. Prompting alone is not a
safety architecture; pharmacology-focused
systems require source traceability and
deterministic checks for active ingredient,
formulation, unit, dose limits, organ-function
thresholds, contraindications and interactions

4.2 Graph, sequence, diffusion and causal

models

Molecules, proteins, pathways and longitudinal
patients have graph, sequence or temporal
structure that can be represented by specialized
models [7,20,30]. Deep learning identified
antibacterial candidates, TxGNN supported
clinician-centred drug-repurposing
prioritisation, and generative  discovery
produced rentosertib for a randomised phase 2a
trial [16,31,33]. These studies demonstrate
feasibility in specific settings, not general
superiority of generative pipelines over
conventional discovery or clinical development
[7,31,33]. Counterfactual treatment modelling
additionally requires explicit assumptions about
treatment assignment, confounding, adherence
and time-varying covariates [8,34].

4.3 Bounded agentic systems
A bounded agent could retrieve laboratory
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results, query approved knowledge sources,
invoke a validated dose model and draft a
recommendation for review; this is a proposed
workflow rather than an established standard of
care [13-15]. Because errors can propagate
across tool calls, we propose permission
controls, audit logs, independent checking,
human confirmation and incident pathways
before an agent influences treatment [14,15].
High-risk systems should not place orders or
alter doses unless the exact workflow has
prospective evidence and explicit institutional
authorisation [9,23,24].

5. Applications across the pharmacology
continuum

5.1 Target discovery, molecular generation
and repurposing

Single-cell foundation models can prioritize
disease-associated programs and perturbation
responses [26,30]. Protein and molecular
generators can propose interaction structures
and optimize candidate properties [7,20,21].
Credible  discovery = workflows  require
experimental measurement and independent
confirmation [7,16,31]. The rentosertib phase 2a
study is a translational milestone, but its
findings support further testing rather than
general claims of clinical superiority [31].
TxGNN can prioritize repurposing candidates
and provide biomedical paths, although
prospective treatment benefit remains to be
established [33,34].

5.2 Patient stratification and drug selection

PGx provides a mature example of data-to-
treatment translation because selected gene-
drug pairs have validated assays and explicit
actions [2,12,35]. A 12-gene panel reduced
clinically relevant adverse reactions in a
multicountry  implementation  study, and
genotype-guided  P2Y12  selection  was
evaluated in primary percutaneous coronary
intervention [12,35]. Generative systems may

explain recommendations or identify missing
variables, but they should not replace validated
laboratory interpretation or current guidance
[2,3,9]. Multimodal treatment selection should
estimate comparative benefit from trials, causal
analyses or validated models rather than
linguistic similarity [4,24,34].

5.3 individualised dose and schedule

Dose individualization is high risk because
numerical outputs can be directly actionable and
must account for formulation, indication, body
size, organ function, genotype, interacting
medicines and therapeutic monitoring [2,3,36].
The GIFT trial illustrates that genotype-guided
warfarin dosing can influence anticoagulation
control when embedded in a prespecified
protocol [36]. A generative dose interface
should operate within a bounded action space,
reject incompatible units, expose uncertainty
and defer to validated PK/PD or Bayesian
calculations where available [3,9,24]. Clinical
evaluation should measure target attainment and
toxicity rather than agreement with historical
prescribing [9,23,36].

5.4 Trial emulation and pharmacovigilance
Representation  learning can  prioritize
repurposing hypotheses through trial emulation
in longitudinal records, but causal validity
remains vulnerable to confounding, treatment
channeling and missing outcomes [34].
Medication-related GenAl studies have
evaluated adverse-event extraction, interaction
checking and pharmacovigilance, but the
evidence base remains dominated by
retrospective or benchmark evaluations [13].
Clinical deployment should therefore be
assessed for serious-event recall, false-alert
burden, reviewer workload and downstream
action [9,13,15]. As summarised in Table 2,
evidence maturity and minimum validation
requirements differ substantially across the
major pharmacological use cases.

Table 2. Evidence maturity and minimum requirements for major applications.

Minimum
Use case Current evidence Principal
evidence before failure mode
clinical use
Independent
Experiment synthesis or
al expression,
confirmatio assay Optimization
Target and n and confirmatio to model
compound selected n, artefacts or
generation early selectivity, invalid
clinical ADMET chemistry [7]
translation and
[16,21,31] reproducibil
ity [7,16,31]
Clinical Validated
. Incorrect
utility result,
. phenotype
. exists for current .
PGx decision . translation or
selected guidance,
support . . obsolete
gene-drug interaction
recommendat
pathways; checks and .
ion
the local
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generative workflow
interface evaluation
remains [2,9,12]
early
[2,12,35]
Clinical
evidence
exists for External
selected calibration,
protocolize prospective
Dose d target Unit error or
individualizatio algorithms; attainment, unsupported
n generative safety limits extrapolation
dose and unit
interfaces testing
remain [9,24,36]
early
[13,36]
Fidelity,
Evidence is liﬂgtcy’ Realistic but
Synthetic plredonll;ll_lan gynam}i]é . clinic_ally
patients and tly enabling updating 1mpo_ss1ble or
digital twins or and privacy-
retrospectiv prospective le_aklng
e [8,17,18] evaluation trajectory
[8,9,17]
Medication High-
-related sensitivity
GenAl evaluation, -
. . Omission of
Pharmacovigila ev1de_nce s sut_)group serious events
mainly testing and .
nce . . or excessive
retrospectiv reviewer-
false alerts
e or workload
benchmark- analysis
based [13] [9,13,23]

Note: Evidence maturity 1is intentionally
conservative; publication of a model or proof of
concept is not equivalent to demonstrated clinical
utility [9,23,24].

6. Synthetic patients and digital twins
Synthetic patient data reproduce selected
statistical or structural properties of source
populations and can support software testing,
education and method development [17,18].
Fidelity, task utility, privacy and clinical
plausibility require separate evaluation; realistic
marginal distributions do not establish safe use for
a clinical task [17]. Synthetic records should
remain labelled and versioned and should not
replace external validation on real patients
[9,17,18].

A pharmacological digital twin is a patient-linked
model initialized with observed data, updated over
time and used to simulate responses under
alternative  interventions [8]. Mechanistic
components can preserve physiological and
PK/PD constraints, whereas learned components
can represent residual nonlinear effects [8]. A twin
intended to influence treatment should be
evaluated for longitudinal calibration, sensitivity
to missing observations, update stability and the

consequences of erroneous simulations [8,9,24].

6.1 Positioning the Data-to-Dose framework
The proposed framework differs from existing
clinical-Al reporting and regulatory frameworks
by placing pharmacological action boundaries,
mechanistic PK/PD constraints, candidate

generation and post-treatment adaptation within
one sequential pathway. DECIDE-AI primarily
guides early clinical evaluation, CONSORT-AI
and TRIPOD+AI guide reporting, and FDA
change-control guidance addresses controlled
modification [9,22-24]. The Data-to-Dose
framework connects these governance principles
to the specific transition from patient-state
representation to a reviewable drug, dose or
schedule proposal. Supplementary Table S3
compares the purpose, stages and residual gaps of
these frameworks.

7. Proposed Data-to-Dose framework

We propose an eight-step Data-to-Dose pathway
that makes every clinically consequential
transition inspectable and reversible. The pathway
specifies intended use; harmonizes data with
provenance; constructs a longitudinal patient
state; generates candidate drugs, doses or
schedules; applies mechanistic, causal and safety

IJDDT Volume 16 Issue 86s 2026

1596




Generative Health Data Science for Data-to-Dose Precision Pharmacology: A Critical
Methodological Review and Translational Framework

constraints; ranks benefit-risk with calibrated
uncertainty; obtains professional and patient
authorisation; and monitors outcomes. These
controls align with clinical-evaluation and
lifecycle-governance principles [9,15,22]. The
system should abstain when required variables are
missing, evidence conflicts or uncertainty exceeds

a prespecified threshold [9,14,15]. Controlled
updates require versioning, locked safety tests,
revalidation and the option to restrict or withdraw
the system [15,22,37]. As illustrated in Figure 2,
the framework uses sequential decision gates and
a controlled feedback loop.

—Y
Define clinical question
and action boundary

Harmonize data and
preserve provenance

Construct longitudinal
patient state

Generate candidate drug,
dose or schedule

Monitor outcomes and
control updates

Professional review and
shared decision-making

Rank benefit-risk with
calibrated uncertainty

Apply mechanistic, causal
and safety constraints

Real-world feedback may trigger revalidation, restriction, recalibration or withdrawal — not unrestricted
self-modification

Figure 2. Proposed Data-to-Dose translation framework.

Note: A prespecified clinical question is
converted into candidate actions only after
provenance review, patient-state construction,
pharmacological constraints, uncertainty-aware
ranking and  professional  authorisation.
Treatment outcomes enter a controlled
monitoring and update cycle rather than
unrestricted self-modification [9,15,22].

8. Validation, safety and governance

Technical evaluation must match the output.
Molecular generators require chemical validity
and experimental confirmation [7,16,21].
Medication-facing  text  systems require
factuality, completeness and harmful-omission
testing [13-15]. Synthetic records require task-
specific fidelity, utility, privacy and plausibility
assessment [17,18]. Dose systems require unit
integrity, calibration and safety-limit testing
[9,24,36]. External and temporal validation

should preserve the intended workflow and
evaluate changes in population, measurements,
formularies and practice [9,23,24]. Subgroup
analysis is necessary because deployed health
algorithms have reproduced structural inequity
and differential underdiagnosis [32,38].

Silent or shadow-mode evaluation can reveal
data latency, workflow mismatch and
unexpected failure before outputs influence care
[9]. Prospective studies should measure
clinically relevant outcomes, user interaction
and net benefit rather than benchmark accuracy
alone [9,23,24]. The evidence threshold should
increase with autonomy, patient exposure,
irreversibility and potential severity of harm
[9,14,22]. As illustrated in Figure 3, the
validation pathway progresses from pre-
deployment testing to  post-deployment
surveillance.
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Required evidence increases with autonomy, patient exposure,
irreversibility and severity of potential harm

Figure 3. Validation and governance lifecycle.
Evidence progresses from technical and
mechanistic validation through silent workflow
testing, comparative clinical-utility studies,
controlled deployment and post-deployment
surveillance [9,15,22]. The evidence threshold
rises with autonomy, patient exposure,
irreversibility and potential severity of harm
[9,14,22].

Generative medication systems can produce
unsupported content or omit clinically important
information [13-15]. Bias can enter through
training data, outcome definitions and historical

treatment patterns, while sensitive health data
create privacy and cybersecurity obligations
[15,38,39]. Federated learning can reduce data
centralization but does not remove heterogeneity,

inference or governance risks

[39]. WHO

guidance, FDA change-control guidance and the

EU Al
transparency,

Act

support

accountability

risk  management,

and controlled

modification [14,22,37]. Responsibilities should

be explicit

across

developers,

institutions,

laboratories, clinicians and governance bodies

[14,15,22].

As summarised in Table 3, the

principal failure modes require layered detection

and safeguard

strategies.

Table 3. Major failure modes and layered safeguards.

Failure Potential . Required
Detection
mode consequence safeguards
Curated
Source-text retrieval,
Unsupported Incorrect comparison, source
evidence or drug, dose or omission traceability,
harmful monitoring testing and deterministic
omission plan [13-15] expert review checks and
[9,13,14] abstention
[9,14,15]
Hard
f;llsg (;Z;%Zt Chemical and constraints,
Invalid ’ structural synthesis
. wasted )
chemical or synthesis or checks plus planning,
biological Y orthogonal ADMET and
. unexpected .
generation toxici assays experimental
> Mt]y [7,16.21] confirmation
i [7,16,21]
Obsolete L Detg rmm_lsnc
. Timeline unit engine,
evidence or .
Temporal, reconstruction, freshness
. order-of- . ..
formulation . normalization limits and
. magnitude
or unit error and boundary mandatory
dose error .
[9,13.24] tests [9,13,24] confirmation
7 [9,14,15]
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Diverse data,
. Unequal qugrqup l.oca.l
Population calibration, validation,
. benefit, :
bias or inference access
- excess harm .
privacy . testing and controls and
or disclosure . .
leakage [32,38,39] audit privacy
T [32,38,39] testing
[15,32,39]
Progressive Version
performance Outcome, control,
decline after calibration, controlled
Model or .
data, override and updates,
workflow Sy L .
. guideline or incident revalidation,
drift o ..
workflow monitoring restriction or
change [9,15,22] withdrawal
[15,22,37] [15,22,37]

Note: No single safeguard is sufficient; controls
should be layered and proportionate to the
intended use and potential harm [9,14,15].

9. Recent advancements (2024—-2026)

AlphaFold 3 broadened structure prediction to
complexes containing proteins, nucleic acids,
small molecules, ions and modified residues [20].
TxGNN introduced zero-shot drug-repurposing
ranking with interpretable biomedical paths [33].

PanDerm evaluated multimodal representation
learning  across  dermatological  imaging
modalities, whereas SleepFM used
polysomnography  pretraining for disease
prediction [19,29]. The randomised phase 2a
rentosertib study is an important clinical milestone
for an Al-discovered target and molecule, but
larger and longer studies are required [31]. These
advances mark movement from isolated
benchmarks towards translation; they do not
validate autonomous precision prescribing
[9,13,31].

10. Future research priorities

Future studies should compare multimodal
foundation models with validated clinical,
genomic and pharmacometric baselines rather
than weak algorithmic comparators [2,9,24].
Hybrid models should integrate mechanistic
PK/PD constraints with learned representations
while preserving uncertainty [3,8]. Synthetic-data
research should establish task-specific thresholds
for fidelity, privacy, fairness and clinical
plausibility [17,18]. Digital twins require
prospective studies of dynamic calibration across
progression, adherence change and treatment
switching [8]. Human-factors studies should
quantify automation bias, shared decision-
making, workload and accountability [9,13,15].
Multi-site prospective benchmarks should include
longitudinal medication context, rare serious
harms, diverse populations and explicit abstention
cases [9,32,38]. Lifecycle research should define
measurable triggers for update, restriction and de-
implementation [15,22,37].

11. Limitations of this review

This review has limitations. The search was
restricted to English-language literature and was
targeted rather than exhaustive; therefore, relevant
studies may have been missed. Rapid model and
regulatory changes may reduce the durability of
some conclusions. The evidence base spans
heterogeneous molecular, clinical and governance
studies, which prevents quantitative synthesis and
direct comparison across use cases. Many
generative medication applications remain
retrospective ~ or  benchmark-based, and
publication  bias may favour  positive
demonstrations. Four author-associated articles
were included only where their published scope
was relevant; major claims were supported
preferentially by independent original studies or
authoritative  guidance. These limitations
reinforce the need for prospective, multi-site and
independently evaluated research.

12. Conclusion

Generative health data science can represent
complex patient states and formulate reviewable
pharmacological options [4,6,8]. It can also
generate biological and chemical hypotheses
[7,21,30]. The same flexibility creates risks of
unsupported content, invalid molecular proposals,
biased extrapolation and cascading workflow
errors [7,13,15]. The proposed Data-to-Dose
framework places intended use, provenance,
mechanistic checks, calibrated uncertainty,
professional authorisation and monitoring at the
centre of translation. Evidence is substantial for
enabling technologies and selected PGx
pathways, whereas generative patient-level drug
selection and dosing remain investigational
[12,13,31]. Clinical authority should be earned
through demonstrated benefit, safety and lifecycle
accountability rather than model scale or fluency
[9,14,22].
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