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ABSTRACT

The prediction of adverse drug reactions remains a challenge due to the risk associated with the drug exposure,
changing physiology, comorbidity, polypharmacy and inherited variation. This study introduces and evaluates a
multimodal artificial-intelligence (AI) framework integrating longitudinal electronic health record (EHR) features
with actionable pharmacogenomic indicators. Since no patient-level set of data was provided, the evaluation is
based on a fully disclosed, deterministic simulation and the results are presented as illustrative. The synthetic
cohort had 24,000 medication episodes, segmented by time, into training, validation, and locked test sets. Clinical
variables included demographic variables, prior reactions, organ function, laboratory measurements, medication
burden, medication dose intensity, and recent medication utilization; genomic variables included 10 clinically
interpretable pharmacogenomic phenotypes. An early-fusion histogram gradient-boosting model was evaluated
against clinical-only, genomic-only, and random-forest models, as well as late-fusion models, on six thirty-day
adverse-reaction outcomes. The macro-average area under the receiver operating characteristic curve (ROC) and
area under the precision-recall curve (PRC) of the primary model on the simulated test set were 0.670 and 0.146,
respectively. Performance was maximised for severe skin reactions and kidney injury, and the calibration and
precision were limited by rarity. Genomic features were found to have incremental value from ablation and
permutation analyses, according to outcome. The study provides a reproducible evaluation architecture, external
validation with adjudicated real-world outcomes with real patients is needed to establish clinical utility.
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1. INTRODUCTION

1.1 Background and Context

Adverse drug reactions are harmful and unintended
responses coming about at normally used doses, and
adverse drug events are the more comprehensive set
of medication-related harms (Edwards & Aronson,
2000). They both result from a combination of drug
characteristics, drug exposure, physiology, co-
morbidity, other medications and care processes. As
diagnoses, prescriptions, laboratory test results,
procedures and notes are recorded in EHRs, they
reflect the evolving clinical context. The genomic
data provides reliable information on enzymes,
transporters, immune recognition and drug targets.
There is evidence of linked resources that allow
clinical and genomic information to be analysed at
population scale (All of Us Research Program
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Genomics Investigators, 2024; Denny et al., 2019).
Multimodal AI research suggests that using
complementary data can boost prediction when the
modalities are temporally aligned and evaluated
without leakage (Acosta et al., 2022). This
relationship is later formalized for medication
episodes in figure 1. The clinical task at hand is
prospective: estimate the probability of a specified
reaction for an individual patient after an index
prescription, in time to aid monitoring, dose
adjustment, testing, or an alternative treatment.

1.2 Research Problem

Many existing medication-safety systems rely on
identified interactions or contraindications or on
signals emerging from events that have already
occurred. Renal function, dose, polypharmacy, prior
intolerance and genotype cannot be combined in a
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nonlinear fashion in rules. EHR-only models can
learn those combinations, but may be confounded by
inherited susceptibility as unexplained residual
variation. Genomics-only models do not take into
account the clinical state that makes susceptibility
into risk. Although deep EHR systems have
demonstrated good clinical predictive performance,
they may struggle to perform well across institutions
due to variations in coding and populations
(Rajkomar et al., 2018; Shickel et al., 2018).
Adverse-event trajectory models are potentially
promising although external validation and
operational testing have been rare (Kim et al., 2025;
Kim et al.,, 2026). However, the problem is not
merely adding more variables. It is identifying if
clinically oriented genomic features provide
calibrated information over and above the
longitudinal EHR features in a design that accounts
for rarity, order of time, and sub-group variation.
1.3 Research Gap

The task is split into the four aspects of
pharmacovigilance signal detection, drug-level side-
effect prediction, patient-level EHR prediction and
pharmacogenomic guidance. Drug-event links can
be predicted using network models, and although
this is often done, the models seldom yield
individual risk (Cami et al., 2011; Zitnik et al.,
2018). Actionable variants are rarely included in
EHR representation models and pharmacogenomic
guidelines focus on specific combinations of drugs
and genes, not the patient's overall clinical course.
Multimodal integration, missingness,
transportability and calibration, and equitable
validation are unaddressed issues in reviews (Acosta
et al., 2022; Venkatesh & Ritchie, 2026). Only a few
studies assess incremental genomic value by
matched genomic ablations, and outcome-specific
discrimination, precision-recall Behavior,
calibration, explanation and subgroup outcomes are
reported in one leakage-controlled study.

1.4 Questions and contributions to research
objectives

The objectives of the study are threefold: to develop
a temporally defined multimodal framework for
predicting six adverse-reaction categories; to
compare the combined data with the clinical-only,
genomic-only, and other fusion models; and to
analyse calibration, feature contribution, robustness
and subgroup performance. It seeks to determine if
genomic markers can add predictive power over
EHR variables, which outcomes are best predicted,
and if the predictive power is similar across age, sex,
and simulated ancestry groups. The hypotheses to be
tested are that multimodal learning enhances macro
discrimination and precision, that gains focus on
reactions that have robust pharmacogenomic
mechanisms, and that subgroup performance
differences remain even when there is an equal
number of cases in model development. The
contribution is a reproducible experimental
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architecture  linking  medication  episodes,
interpretable genomic phenotypes, chronological
validation, ablation, calibration, and explanation.
Since no real linked records were available the paper
sets out to examine the analytical coherence rather
than assert any clinical effectiveness by simulation.
The selection allows for internally consistent results
and explicitly states the next step: independent
adjudicated EHR-biobank results under governance.
2. LITERATURE REVIEW

2.1 Conventional Adverse Drug Reaction
Prediction with the Tools

The terms that Edwards and Aronson (2000) created
still have significance today in the construction of
labels: an adverse reaction suggests a causal
response; an event can only follow an exposure.
Cami et al. (2011) demonstrated that
pharmacological networks could predict novel drug-
event associations, while network proximity doesn't
provide sufficient patient context.

Tatonetti et al. (2012) showed that a combination of
spontaneous reports and clinical data can lead to
interaction signals, preserving the reporting bias
while relying on the strengths of both reporting
methods.

Banda et al. (2016) harmonized adverse-event
resources to enhance comparability, but still could
not solve the underreporting problem or the problem
of confounding.

The chronological pharmacovigilance approach of
Davazdahemami and Delen called for time-aware
evaluation, which is crucial for making patient-level
predictions.

Galeano et al. (2020) predicted frequencies of side-
effects instead of binary links, which were more
relevant for decision, however, a frequency at the
drug level cannot express individual susceptibility.
Xu et al. (2024) found that in-silico safety methods
are still disperse among the data sources and that the
integration of pharmacogenomics needs more
rigorous validation. Table 1 is a summary of the way
these traditions inform the proposed study.

But, many signals are still picked up by conventional
surveillance and there is rare estimation of calibrated
individual risk at the time of prescribing, particularly
for rare signals in a heterogeneous population of
patients.

2.2 Machine Learning with EHRs

Goldstein et al. (2017) discovered the following
constraints that are essential for EHR prediction:
irregular  timing, missingness,  informative
observation, and shifting practice.

Beam and Kohane (2018) said that while scale may
reveal useful patterns, it does not fix biased labels or
deployment mismatch.

In 2018, Rajkomar et al. showed scalable deep
learning from raw records, but broadly predicting
outcomes is not the same as risk prediction by
medication.
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Shickel et al. (2018) concluded that deep EHR
models tend to be more expressive but less
interpretable and comparable.

Longitudinal diagnoses can be learnt rather than
manually summarised as introduced by Li et al.
(2020) with BEHRT for encoding the longitudinal
diagnoses with transformer attention.
Graph-informed medical-code relationships are
added in G-BERT by Choi et al. (2020), yet ontology
structure will not assure causal medication
interpretation.

Rasmy et al. (2021) found that pretraining on Med-
BERT increases the performance if the number of
labelled samples is limited; transfer can still
introduce biases of the source-system.

Johnson et al. (2023) reported that MIMIC-IV is a
reliable critical-care dataset; however, it was not
routinely collected for pharmacogenomics, and it
did not include patients from intensive care.
Recently, Kim et al. (2025) used pretrained OMOP
trajectories across two hospitals for adverse-event
prediction, with good discrimination. Its success
works in favour of temporal pretraining, and the rest
of the genome and the need for prospective
evaluation work in favour of multimodal work.
Such constraints render transportability testing of
necessity prior to clinical use.

2.3 Genomic and Pharmacogenomic Predictors
Relling and Klein (2011) referred to the Clinical
Pharmacogenetics Implementation Consortium as a
"bridge from validated genotype evidence to
prescribing action.

Whirl-Carrillo et al. (2021) documented the
evidence grading process in PharmGKB to facilitate
interpretable feature selection, as opposed to
indiscriminate fishing for genomic features.

Crews et al. (2021) correlated CYP2D6 phenotype
with opioid therapy, demonstrating how metabolism
impacts exposure and the importance of clinical
factors.

Lee et al. (2022) revised the CYP2C19-guided
clopidogrel recommendations with a focus on
phenotype-specific response in a specific drug
scenario.

For statin-induced musculoskeletal symptoms,
Cooper-DeHoff et al. (2022) combined SLCO1BI,
ABCG2 and CYP2C9, showing that multiple genes
can contribute to a single safety choice.

The All of Us Research Program Genomics
Investigators (2024) demonstrated that there are
diverse cohorts of genomic and EHR data that exist
and need continued quality assessment, particularly
for their representation of ancestry and phenotype.
While Bycroft et al. (2018) quantified the size of UK
Biobank, they also reported on the participation
structures which limit population inference. These
studies prefer actionable phenotype encodings,
thoughtful ancestry assessment and drug-specific
interpretation. They are not proponents of using the
concept of genetic ancestry as an alternative to
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measured variants, nor are they proponents of a
single reaction having a meaningful genetic
component.

2.4 The Future of ADR Prediction: Multimodal
Al

Acosta et al. (2022) proposed that multimodal
biomedical Al is a form of learning from
complementary sources, tackling the issues of
alignment, missingness and unequal information
content.

This argument was expanded upon by Moor et al.
(2023) for generalist medical foundation models
(MFM), but generalist capabilities do not replace
task-specific calibration or safety evaluation.
Venkatesh and Ritchie (2026) surveyed Al
integration of genomics and EHRs and found linked
biobanks, standardization, and scalable architectures
to be enablers, while privacy and transportability
constraints remain to be addressed.

Zitnik et al. (2018) showed multimodal graph
learning for polypharmacy effects, which are
different than the graph that is episode-centric for
bedside decisions.

Galeano et al. (2020) demonstrated that
incorporating heterogeneous drug information helps
to refine the frequency estimation, but the individual
physiology is not included.

Kim et al. (2026) mapped applications of Al in drug-
safety and concluded that internal validation remains
the predominant approach.

The crucial alert came from Obermeyer et al. (2019):
"Accurate health algorithms can reinforce structural
inequity when proxies reflect inequitable access.
Overall, the evidence supports multimodal
prediction only for incremental value, calibration,
and transparent explanations and subgroup
behaviour. What remains to be answered is if
genomic inputs can add value to risk predictions in
clinically relevant contexts, or if they make rare-
outcome predictions unstable.

Table 1. Evidence synthesis and design
implications

Persisten

Represen ¢ Design

Research tative

stream limitatio | response

evidence
n

Reporting  Prospecti

. Cami; bias and ve
Pharmacovi . .
dance Tatonetti; drug- episode
& Banda level definitio
signals n
Li Institutio ~ Chronol
EHR ’ nal shift ogical
.. Rasmy;
prediction Kim and locked
leakage test
Pharmacoge = Relling; Narrow = Actionab
nomics Whirl- drug- le
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Represen Persisten
Research pr t Design
tative NP
stream o limitatio | response
evidence n
Carrillo; gene phenotyp
CPIC scope e
features
Alignmen |yl tion,
Acosta; t, o
. .0 calibrati
Multimodal ~ Venkatesh missingn
on,
Al and ess, suberou
Ritchie  transporta group
. audit
bility

Note. The table critically links prior evidence to
choices evaluated in the present simulation.

3 CONCEPTUAL FRAMEWORK AND
HYPOTHESES

3.1 Clinical and Pharmacogenomic Risk Factors
A conceptual unit is a medication episode that is
based on a new or renewed prescription. The four
domains of risk are exposure intensity, physiological
reserve, clinical history, and inherited susceptibility.
Exposure consists of both dose relative to usual dose
and concurrent medication count. Physiological
reserve is represented by renal function, liver tests,
blood counts, and QTc. Clinical history includes age,
burden of comorbidity, recent admission, and
previous adverse reactions. Pharmacogenomic
indicators represent reduced or altered function in
CYP2C9, CYP2C19, CYP2D6, SLCO1B1, TPMT,
NUDT15, DPYD, and UGTI1AIl, together with
HLA-B*57:01 and HLA-B*15:02 carriage. This
selection does not imply that these variants are
responsible for all modelled outcomes as described
in PharmGKB and CPIC guidance but are
interpretable. Penetrance may be influenced by
clinical variables, such as a metabolizer phenotype
may be important in the presence of a relevant
substrate, or organ impairment may be more
important in another event. The model therefore
estimates conditional risk from the observed
combinations, and in practice does not give any
causality to any feature.

3.2 The framework for multimodal data fusion
Figure 1 is the flow from two input streams to a
probability. The EHR stream captures the context of
the condition and medication over time, within the
365 days prior to the index prescription. The
genomic stream provides stable phenotype flags that
are available prior to prediction. Early fusion
concatenates both streams and learns nonlinear
thresholds and interactions using histogram gradient
boosting. This architecture was chosen because the
demonstration does not rely on raw sequences, but
on structured features, and a transformer would be
too complex without a corresponding longitudinal
event matrix. Clinical and genomic learners are used
for ablation, and a late-fusion stack is used to

1JIDDT Volume 16 Issue 84s 2026

compare the performance of branch probability
fusion versus feature-level fusion. The bleeding,
organ injury, skin reactions, marrow suppression and
arrhythmia mechanisms and occurrence are different
and are dealt with in their own models. The output
layer provides a 30-day probability, an operating
threshold chosen based on validation data, and
feature contributions based on permutations. Figure
1 thus connects the biological rationale, the
statistical architecture and the intended decision
point without giving the score as a prescription.

Longitudinal EHR Multimodal fusion

ipical state and exposr\
Modality-specific
risk learners
Pharmacogenomics /

actionable variants

o

Calibrated ADR risk
and explanation

Figure 1. Conceptual framework for multimodal
adverse drug reaction prediction

Note. EHR and pharmacogenomic inputs are fused
to produce calibrated, interpretable 30-day outcome
risks.

3.3 Research Hypotheses

HI anticipates a superior performance of the early-
fusion multimodal model over the clinical-only
gradient-boosting model in terms of AUROC and
AUPRC. The HLA and thiopurine-related
mechanisms indicate that H2 predicts bigger
genomic gains for severe skin reactions and
myeloppression as compared to kidney injury. H3
projects acceptable calibration based on a
descriptive definition of lower Brier scores than a
class weighted baseline that has not been calibrated.
H4 posits that differences exist between the various
subgroups of age, sex, and ancestry and thus should
be audited, not assumed to be fair. Table 2 is
included to show a correspondence between each
hypothesis and its comparison and criterion.

Table 2. Hypotheses and evaluation criteria

: . Primary

Early fusion vs ~ Higher macro

Hl clinical-only AUROC and
model AUPRC
Outcome- Larger gains for
specific cutaneous
H2 . .
genomic reaction and
ablation myelosuppression

Primary model
H3 vs weighted
baselines

Lower macro
Brier score
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: . Primary

Nonzero
Age, sex, and
H4 . subgroup
ancestry audit =
variation
4 METHODOLOGY

4.1 Research Design

This is a simulation-based prediction-model
development study. No participants were recruited
and no records were accessed. Medication episodes,
baseline variables, pharmacogenomic phenotypes
and six binary outcomes were created from a
generator. It involved a process: a cohort was
generated and missingness patterns were added
during the training period, following a sequence; the
outcomes were simulated from probabilistic
processes;  the  episodes  were  divided
chronologically; the preprocessing model was
learned from the training data; the fusion model was
tuned using the validation data; and the fusion model
was evaluated on a locked test set. The workflow is
summarised in figure 2. Each episode's probability
of reaction within 30 days, given information up to
the index prescription. Study assesses forecast, not
treatment effects.

Synthetic cohort H Temporal split H Branch training ’
Metrics and audit H Locked test H Validation stack;}

Figure 2. Reproducible analysis workflow

Note. The locked test partition is used only after
preprocessing, model selection, and threshold
setting.

Note. The locked test partition is used on top of the
preprocessing, model selection and threshold
setting.

4.2 Data Sources & Study Cohort

This data was created for this paper using seed
20260910 and is not a representation of or derived
from any specific individual. The schema was not
designed to reflect the patient values of the kinds of
structured variables found in MIMIC-IV or EHR-
linked biobanks, but rather the schema of the types
of variables found in these two sources (All of Us
Research Program Genomics Investigators, 2024;
Johnson et al., 2023). The simulation included
24,000 episodes of medication use across three
simulated sites. Age was capped at 18-90 years, and
sex, ancestry category, prior reaction, recent
admission, laboratory values, comorbidity count,
medication count, dose ratio, and genotype
indicators were sampled from declared distributions.
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The frequency of affected alleles was tested for
performance heterogeniety, and excluded from
model predictors to prevent using it as a biological
proxy. Chronological partitions had 16,800 training,
3,600 validation, and 3,600 test episodes. This size
provided at least 80 expected events in the test set
and more for the development of the model. The
allocation provides a stable descriptive evaluation,
but sample size requirements do vary depending
upon prevalence, model complexity and anticipated
optimism (Riley et al., 2020). The design parameters
are given in Table 3.

Table 3. Simulation design and cohort allocation

24,000 Stable rare-outcome
Cohort medication .
. evaluation
episodes
Three
Sites simulated Heterogeneity audit
sites

History 365 days Pre-exposure
window  before index context

Outcome 30 days after ~ Near-term safety

window index risk
16,800
Training episodes Base learner fitting
(70%)
S 3.’600 Stack and threshold
Validation episodes fittin
(15%) &
3.’600 Locked final
Test episodes evaluation
(15%)
Random Exact
seed 20260910 reproducibility

4.3 Variables and Adverse Drug Reaction
Outcomes

The 13 EHR predictors were age, sex, number of
comorbidities, number of medications, prior
reaction, estimated glomerular filtration rate, alanine
aminotransferase, bilirubin, haemoglobin, white-
cell count, QTc, dose ratio, and the recent admission.
Ten pharmacogenomic indicators had actionable or
phenotype of reduced function. The outcomes
measured were bleeding, kidney injury, liver injury,
severe cutaneous reaction, myelosuppression and
QT arrhythmia in the first 30 days after
commencement. Logistic probabilities for each
binary label were constructed that included
clinically plausible main effects and a small number
of genomic effects, together with random variation.
For instance, the renal function and clinical burden
were the most important indicators of kidney injury,

Page: 936



Al-Based Prediction of Adverse Drug Reactions Using Electronic Health Records and Genomic Data

whereas the HLA indicators were most important in
cutaneous reaction, and TPMT, NUDTI15, and
DPYD indicators were incorporated into
myelosuppression. Such mechanisms are illustrative
and not intended to be estimates of published effect
sizes. Definitions of outcomes and the simulated
incidence observed in the table are shown in Table
4. The use of broad outcome categories avoids false
claims of validated phenotyping. For a real study,
exposure definitions would have to be specific to
each medication, as would be the terms used, and the
clinicians would have to adjudicate exposures, and
sensitivity analyses with other windows would need
to be performed prior to model training. These
validations  should come before clinical
interpretation.

Table 4. Outcome definitions and simulated
incidence

Tlustrative 30-
day

Outcome Incidence

operational
definition

Binary
. medication- o
Bleeding associated 6.08%

bleeding event

Binary acute

Kidney injury kidney-injury 12.84%
event
Binary drug-
Liver injury associated liver-  5.51%

injury event

Binary severe
cutaneous 2.24%
reaction event

Severe cutaneous
reaction

Binary marrow-
suppression 3.67%
event

Myelosuppression

Binary QT-
. related a
QT arrhythmia st it 4.83%

event

Note. Definitions and incidences are simulated and
are not validated clinical phenotypes.

4.4 Data Preprocessing and Feature Engineering
All continuous variables were tested for range.
Renal function, liver tests, blood counts and QTc
were missing at 6—18%. All missing values were
replaced by training medians, but validation and test
medians were not computed. Completed testing was
assumed in the simulation and binary genomic
phenotypes were not imputed. Input for logistic
models were standardized, and parameters of the
scaling were estimated from the training data. The
values in the tree models were not scaled. To be

1JIDDT Volume 16 Issue 84s 2026

interpretable  against the known producing
mechanisms, there were only limited feature
engineering performed, where medication counts,
comorbidities counts, prior reaction, dose ratio, and
recent admission were considered. There were no
post-index  diagnosis, antidote, laboratory
measurements, or procedures added to the predictor
matrix. This limitation is to prevent leakage of the
label in the early stages of the result. No simulated
site or ancestry were included in the model, so these
were used as audit strata. A negative result should
not be collapsed with an unknown genotype in real
deployment; this would give rise to false biological
information. All columns were defined and
transformed to correct their attributes prior to the test
evaluation.

4.5 Multimodal AI Model Development

The main model was an early fusion 13 EHR + 10
genomic features-based outcome-specific histogram
gradient-boosting classifier. Efficient nonlinear
learning with  histogram  binning and L2
regularization and shallow leaf structures limit
variance. All classifiers ran 160 boosting iterations,
learning rate 0.05, L2 penalty 1.2 and a maximum of
22 leaf nodes. Hyperparameters were chosen
according to a small and prespecified setting, not an
extensive parameter search that might lead to over-
fitting the validation data. The primary architecture
learns clinically relevant thresholds, like changes in
risk when renal function decreases below a certain
threshold, as well as interactions, like increased
exposure in a reduced-function phenotype. For each
reaction a separate model was trained. The
histogram gradient boosting is based on additive
decision trees from Friedman's gradient-boosting
framework (Friedman, 2001), and the scikit-learn
implementation (Pedregosa et al, 2011) for
reproducibility. F1 summaries were derived from a
validation-derived threshold, whereas AUROC,
AUPRC and Brier score were threshold-invariant.
All model specifications are shown in table 5. Early
fusion was highly favoured as the main approach
since the main hypotheses focused on interactions at
the feature level. The model does not provide
recommendations for medications, it provides risks
that need to be taken into consideration when
evaluating research. All clinical interfaces should
show the event definition, prediction horizon,
principal contributors, genomic test status, and
uncertainty, and allow a clinician to view the
evidence in the laboratory and medications. This
design is conducive to auditing and prevents
performance claims on un-reported optimisation
processes.

Table 5. Model specifications

160 iterations; learning
rate 0.05; 22 leaves;
L21.2

Primary = 13 EHR +
early- 10 genomic
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fusion
HGB
Clinical 140 iterations; learning
HGB 13 EHR rate 0.055; 18 leaves;
L21.0
Clinical 13 EHR Standardized; balanced
logistic class weights
?sg?srgéc 10 genomic  Balanced class weights
Random 220 trees; depth 9;
forest All23 minimum leaf 8
Lat[e— Two branch L0g1§tlc meta-lle.arner
fusion - with probability
probabilities . .
stack interaction

4.6 Baseline Models and Ablation Strategy
Comparators examined multimodality, nonlinearity
and ensembling for determining performance. An
EHR baseline was provided using clinical logistic
regression. The contribution of genomic inputs was
isolated by clinical-only histogram gradient
boosting. We used a genomic logistic regression to
quantify information derived from variants. All
features were used as an alternative nonlinear
learner, a random forest. Finally, a late-fusion stack
of validation probabilities of clinical gradient
boosting and genomic logistic regression, as well as
their product, was performed via logistic meta-
learner. The test partition was not used to train either
branch or the meta-learner. Micro AUROC and
AUPRC were compared with early-fusion and
clinical-only H1 to validate the results. The H2
outcome-driven changes. The ablation design
examines information gained incrementally in the
simulation; it will not allow the identification of
biological causes or the clinical value of ordering a
genomic test without the other tests.

4.7 Validation Strategy and Evaluation Metrics
Chronological splitting was used to approximate the
late period validation and to minimize the mixing of
adjacent episodes. The training set was used for pre-
processing and base learners, the validation set was
used for stack and thresholds and the test set
provided metrics. The measurement of ranking was
done using AUROC, while the measurement of
AUPRC was considered in relation to the prevalence
of the positive class, as described by Saito and
Rehmsmeier (2015). Brier score was used to
evaluate errors and calibration curves to compare the
observed and predicted risk. One operating point
was summarized by F1 at the validation-selected
Youden threshold and not considered a clinical
threshold. For calibration, assessment was made
separately since discrimination is not able to provide
probability accuracy (Van Calster et al., 2019).
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Macro is a method that ensures that six outcomes are
weighted equally. Metrics have been calculated in
sex, age and ancestry subgroups and macro-
averaged. Reporting is based on TRIPOD-+AI but it
is noted that this is a simulation and not a real
clinical validation study (Collins et al., 2024).
Synthetic outcomes were not subjected to a null-
hypothesis significance testing.

4.8 Ethics Data Security and Reproducibility
The analysis did not involve the use of identifiable
data, so no approval or consent of any human
subjects was necessary. The synthetic records do not
contain any identifiers and are not connected to
people. This ethical exception does not extend to
future EHR-genomic research, where consent,
minimization of data, access/control, ancestry-
sensitive interpretation, and management of
incidental findings will need to be governed. The
simulation code was set with all distributions,
dependencies, partitions and seeds fixed. The
results, tables and 1200-DPI figures are all from the
same run. It is important to note that the study is
guided by principles of model-reporting and early-
stage evaluation from TRIPOD+AI and DECIDE-
Al (Collins et al., 2024; Vasey et al., 2022), but not
to suggest prospective clinical evaluation.

5. DATA ANALYSIS AND RESULTS

5.1 Cohort and Feature Counts and Rate Trends
Medication episodes in the simulated cohort were
24,000, with a mean age of 57.7 years (SD 16.3), and
51.7% classified as female. The mean numbers of
comorbidities and medication use were 3.08 and
4.97, respectively, and 16.5% had been exposed to
medication in the past. Estimated glomerular
filtration rate (eGFR) was determined at the mean
level of 74.2 mL/min/1.73 m2. The cohort and
partition sizes are summarized in Table 6. The
highest rates of missingness were for QTc (18%),
bilirubin (14%), and alanine aminotransferase
(11%). The distribution of outcomes is listed in
Figure 3. The most common occurrences of kidney
injury, bleeding, liver injury, QT arrhythmia,
myelosuppression, and severe cutaneous reaction
were 12.84%, 6.08%, 5.51%, 4.83%, 3.67%, and
2.24%, respectively. The locked test incidences were
similar: 12.08%, 6.19%, 5.69%, 4.89%, 3.92%, and
2.42%. For these frequencies, there were 87-435
episodes of positive test results per outcome.

Table 6. Simulated cohort characteristics

Characteri | Over | Traini | Validati
. Test
stic all ng on

Episodes 24(’)00 16,800 3,600 3’8 0
Age, mean  57.7 57.7 57.7 (517672
(SD) (16.3) (16.3) (16.2) )'
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Characteri | Over | Traini | Validati
. Test
stic all ng on

Female sex 51.7% 51.5% 51.8% 5;’)5
Comorbiditi | 5 40 | 308 | 307 | 307
es, mean
Medications o, 497 494 501
, mean
. 16.2
Prior ADR 16.5% 16.6% 16.6% 9%
eGER,  un 741 745 746
mean

Note. ADR indicates adverse drug reaction; eGFR is
expressed in mL/min/1.73 m2. Values are simulated.

Kidney injury 12.8%
Bleeding

Liver injury

QT arrhythmia

Myelosuppression

Severe cutaneous reaction

o
~
o

10 12
Simulated 30-day incidence (%)

Figure 3. Distribution of simulated 30-day adverse
drug reaction outcomes

Note. Bars show incidence across all 24,000
simulated medication episodes.

5.2 The proposed model has been validated on
predictive performance.

Table 7 shows the locked-test performance for the
early-fusion model. Macro-average AUROC was
0.6704, macro AUPRC 0.1460, Brier score 0.0520,
and F1 0.2051. The receiver operating characteristic
curves are shown in figure 4 and precision-recall
curves are shown in figure 5. The kidney injury and
myelosuppression had an AUROC of 0.7067 and
0.6855, respectively, and the severe cutaneous
reaction had the highest AUROC at 0.7296. The
AUROCs of bleeding, QT arrhythmia, and liver
injury were 0.6608, 0.6371, and 0.6024,
respectively. Incidence was the only strong factor
affecting AUPRC. The values for kidney injury were
found to be 0.2871 / 0.1208 for test and prevalence
respectively, while those for severe cutaneous
reaction were 0.1452 /0.0242 for test and prevalence
respectively. Bleeding, QT arrhythmia, liver injury,
and myelosuppression achieved 0.1157, 0.0985,
0.0865, and 0.1433. Brier scores were between
0.0221 (rare cutaneous outcome) and 0.0979 (kidney
injury). The thresholds obtained in the process of
validation were between 0.0269 and 0.1443,
indicating that using a traditional 0.50 cutoff would
be inappropriate. The kidney injury had the highest
f1 value of 0.3410 and liver injury had the lowest f1
value of 0.1429. The curves indicate that it is
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possible to rank with some benefit above chance but
also demonstrates a small degree of positive
predictive concentration for rare outcomes. These
findings are not about clinical accuracy, but about
technical feasibility, which is under the mechanism
of the generator. AUPRC showed enrichment of
positive outcomes, but this was less so for liver
injury and QT arrhythmia. The primary model
demonstrated a good ranking of risk over chance
performance and maintained a good calibration
probability range. Interpretation should be based on
outcome trade-offs rather than macro mean.

Table 7. Primary multimodal model performance
on the locked simulated test set

AUR | AUP | Bri Thres
0.0 0.1

. 0.660 0.11 . .
Bleeding ] 7 571 674 0.0510

Kidney  0.706 028 0.0 0.3

injury 7 71 979 410 Goland
Liver 0.602 0.08 0.0 0.1

injury 4 65 534 429 0.0529
Severe

0.729 0.14 0.0 0.1
cutanepus 6 52 21 922 0.0269
reaction

Myelosupp 0.685 0.14 0.0 0.2

ression 5 33 357 416 0.0513

QT 0.637 0.09 0.0 0.1

arrhythmia 1 85 458 456 0.0442

Note. Thresholds were selected in validation by
Youden's index; test results are illustrative.

1.0

o
®

o
o

o
IS

True-positive rate

—— Bleeding (0.66)
—— Kidney injury (0.71)

—— Liver injury (0.60)

—— Severe cutaneous reaction (0.73)
—— Myelosuppression (0.69)

—— QT arrhythmia (0.64)

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False-positive rate

Figure 4. Receiver operating characteristic curves
for the primary multimodal model

Note. Legend values are outcome-specific AUROCs
on the locked simulated test set.
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—— Bleeding (0.12)
Kidney injury (0.29)

—— Liver injury (0.09)

0.8 —— Severe cutaneous reaction (0.15)

: —— Myelosuppression (0.14)

—— QT arrhythmia (0.10)

0.6

Precision

0.4
0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 5. Precision-recall curves for the primary
multimodal model

Note. Legend values are outcome-specific AUPRCs
on the locked simulated test set.

5.3 Comparison with Baseline Models

Table 8 shows that the model comparison results in
support for H1 for discrimination and probabilistic
error. Early fusion outperformed the clinical only
gradient boosting by 0.0601 macro AUROC, 0.0381
macro AUPRC and reduced Brier score from 0.0527
to 0.0520. It also outperformed genomic only
logistic regression by 0.0933 AUROC and 0.0494
AUPRC. Random forest had an AUROC of 0.6564
and an AUPRC of 0.1312, and late fusion stack had
an AUROC 0f 0.6561 and an AUPRC of 0.1406. The
highest macro F1, 0.2200 was obtained in the case
of late fusion, indicating that there was a dependence
on the operating criterion. The poor Brier scores in
class-weighted logistic models were obtained,
although the models yielded reasonable ranking, due
to the fact that the absolute probabilities were
influenced by reweighting. Early fusion was the
leading hypothesis in 4 outcomes (AUROC or tied)
kidney injury and QT arrhythmia. It worked best for
reactions involving strong genomic effects of the
generator. Therefore, multimodality was helpful but
feature-level interaction modelling was more
effective than probability stacking for achieving
discrimination.

5.4 Genomic Information's Contribution.

H2 was supported by outcome specific ablation. The
two outcomes with strong HLA or thiopurine-related
effects, severe  cutanecous  reaction  and
myelosuppression, benefited most from the addition
of genomic features to the AUROC. Gains were less
for kidney injury, largely due to estimated
glomerular filtration rate, age, comorbidity and
recent admission. Genomic-only models were found
to be better than chance but lacked clinical context
for absolute risk. The clinical-only tree model was
also found to have poorer precision-recall
performance than the early fusion tree model,
showing that genomic signals were more likely to
focus on the positives than simply rearrange the
negatives. The pattern was selective, and the
genomic indicator was added in where it was
relevant to the outcome mechanism and exposure
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context. This finding calls into question the addition
of genomic vectors without mechanistic alignment.
It is also a good illustration of the fact that it is not
enough to just have good performance. A mean
improvement of just a few points could mask a more
important benefit for a rare, severe reaction and the
negligible value for an organ-injury outcome. The
results below are illustrative and should be repeated
with genotype/medication combinations and real
adjudicated events.

5.5 Evaluation of Performance and Results

The predicted fractions are shown in the figure 6
compared to the observed fractions by quantile bins.
For rare outcomes, there were fewer events
determining fractions, and curves were not as stable
deviated less from the diagonal in the upper bins. In
terms of Brier score, the model's value of 0.0520 was
better than the Brier scores of both class-weighted
clinical (0.2317) and class-weighted genomic
(0.2260) logistic models, and was near the late-
fusion stack (0.0523). This was largely accepted by
H3. Subgroup audits are also listed in Table 8. Macro
AUROC was 0.6682 for episodes in females and
0.6714 in males. The AUROC was lower for ages
70+ than for any other age group, with a score of
0.6466 compared to 0.6660 for the 18-49 age group,
and Brier score rose with prevalence. Across
simulated ancestry strata, macro AUROC was in the
range 0.6562 to 0.6893 (with the lowest stratum
having 237 test episodes and not to be
overinterpreted). H4 was supported due to the
measurable differences in the groups and no poor
ranking group was observed. These differences are
addressed based on calibration advice and are not
considered evidence of fairness or unfairness (Van
Calster et al., 2019).

Table 8. Model comparison and subgroup audit
summary

Model or
subgrou
p
Clinical 0.052 0.153
HGB 0.6103 0.1079 7 7
Chr.nc'al 06252 0.1137 0.231 0.157
logistic 7 6
Early-
fusion 0.6704  0.1460 0'(())52 0'2105
HGB
Gengmlc 05771 0.0966 0.226 0.180
logistic 0 1
Late-
fusion 0.6561 0.1406 0.052 | 0.220
3 0
stack
Random 0.154 0.198
forest 0.6564  0.1312 ) )
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Model or | Macro | Macro
subgrou | AURO | AUPR | Brier F1

P C C
Female 0.6682 ) 0.055 )
subgroup ' 2
Male 06714 ) 0.048 )
subgroup 5
Age 18- 0.039
49 0.6660 - )
0.069

Age 70+ 0.6466 - 0 -

Note. Subgroup entries are macro-averaged across
outcomes, dashes indicate metrics not used for the
subgroup summary.
0.35
—e— Bleeding
—e— Kidney injury
0.30  —— Liverinjury
—e— Severe cutaneous reaction

—e— Myelosuppression
0.25 |~ QTarhythmia

0.20

0.15

Observed fraction

0.05

0.00 “
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Mean predicted probability

Figure 6. Calibration curves for the primary
multimodal model

Note. Observed fractions are plotted against mean
predicted probabilities in test-set quantile bins.

5.6 Model Explainability and Clinical
Interpretation

Figure 7 displays the permutation importance of the
outcomes. HLA-B*57:01, comorbidity count, HLA-
B*15:02, NUDT15 status, renal function, prior
reaction, haemoglobin, UGT1A1 status and QTc
were the most strongly associated with age when
permutation testing was performed. Both clinical
and genomic features were combined in the mixture,
as indicated by the results. Inspection continued to
have an important role: as for severe cutaneous
reactions, HLA; as for myelosuppression, NUDT15;
as for renal function and kidney injury, HLA; and as
for arrhythmia, QTc. Permutation importance is a
measure of dependency, not direction, nor causality,
and it can be split among correlated predictors.
Explanations would need to be attributed by
techniques like SHAP, introduced by Lundberg and
Lee (2017) and discussed as having the properties of
consistency. In reality, an explanation should link a
high score to clinically measurable values and a
well-established drug-gene relationship. Should not
convert the ancestry category into an assumed
genotype or hide the fact that the result from the
genome was not available
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Age
HLA-B*57:01
Comorbidity Count.
HLA-B*15:02
NUDT15

Renal function
Prior ADR
Hemoglobin

UGT1A1

QTc interval

0.000 0.005 0.010 0.015 0.020 0.025
Mean decrease in AUROC after permutation

Figure 7. Macro-averaged  permutation
importance for the primary multimodal model
Note. Importance is the mean decrease in test
AUROC after feature permutation, genomic features
appear in magenta and clinical features in blue.

5.7 Robustness and Sensitivity Analysis

There were three robustness tests. In the first,
conclusions were unaltered by ranking models based
on AUPRC: early fusion was the best. The late-
fusion stack is not only faster on F1, but also shows
threshold sensitivity, outperforming early fusion.
Third, AUROCs did not vary from one ancestry
category to another by more than 0.033, but age
differences were larger. All figures and tables were
reproduced and results re-computed from seed to
yield the same values. These Tests are to verify the
computational consistency and not transportability
beyond the Simulation.

6. DISCUSSION

6.1 Principal Findings and Interpretation

The simulation provides bounded evidence in
response to the three research questions. First, when
the EHR and pharmacogenomic features were
merged, the macro discrimination and precision was
enhanced compared to matched clinical only and
genomic only models. Second, the benefit was
outcome dependent, with the best results seen when
the generator encoded specific mechanisms of
variants, and the kidney injury was clinical. Third,
the results for the subgroups were similar but not
identical; discrimination was higher in more recent
episodes and there was little variation in ancestry.
The results are congruent with the conceptual
framework in Figure 1: genotype is susceptibility,
current physiology is the basis for the near-term risk,
and exposure is the basis for the near-term risk. The
early fusion method performed better than the late
fusion method for AUROC and AUPRC because
feature-level trees were able to directly represent
thresholds and interactions. The higher F1 value of
the late stack indicates that there is no single best
model, and requires a decision threshold and utility
to be specified. There were positive results from the
calibration relative to the weighted baselines, and
the rare-outcome curves were unstable at high
predicted risk. What was assessed, then, was
methodological coherence, which was assessed for
temporal eligibility, modality-specific ablation, rare-
event metrics, calibration, explanation, and
subgroup audit. The numerical values are simply

Page: 941



Al-Based Prediction of Adverse Drug Reactions Using Electronic Health Records and Genomic Data

illustrative and are not intended as estimates of the
expected performance of the hospitals.

6.2 Comparison with Existing Evidence

The multimodal gain is consistent with that of the
others (Acosta et al., 2022; Venkatesh and Ritchie,
2026) that say clinical and genomic modalities carry
complementary information. Another aspect of
outcome  variability is in accord  with
pharmacogenomic  guidance, which relates
actionable variants to specific drug-response
mechanisms, not general drug risk (Crews et al.,
2021; Lee et al, 2022). The discrimination
performance is not as high as the other adverse-event
tasks performed by Kim et al. (2025) in EHR. The
contrast is anticipated due to the high amount of
unexplained noises in the present generator, the use
of short baseline summaries, and the analysis of
uncommon heterogeneous outcomes. In contrast,
network studies like Zitnik et al. (2018) and Galeano
et al. (2020) do not attempt to predict the likelihood
of an individual's future risk of experiencing an
adverse drug event. The results, therefore, do not
directly replicate previous benchmarks, but
complement them.

6.5 Clinical and scientific implications

In terms of clinical application, the framework might
be used to assist in a targeted review of clinical
records at the time of prescription. A high score
should lead to confirming exposure, organ function,
interacting medicines, relevant genotype and not
automatically to treatment denial. Each of the
outcomes has a different threshold as a severe
cutaneous reaction has different cost to the
generation of a low-specificity laboratory-
monitoring alert. From a scientific perspective, the
ablation design provides a first direct test of the
value of genomic information once clinical context
is known. Institutions could consider assessing the
pipeline and only posting alerts once there is a score.
Reporting should be done in accordance with
TRIPOD+AI and workflow evaluation should be
conducted using staged guidance like DECIDE-AI
(Collins et al., 2024; Vasey et al., 2022). SPIRIT-AI
and CONSORT-AI can then guide protocol and trial
reporting in the case of an interventional trial (Cruz
Rivera et al., 2020; Liu et al., 2020).

6.4 Study Limitations

The restriction is that they are a simulation.
Distributions, missingness, genotype frequencies,
and outcome mechanisms were designed, and the
model captures part of the patterns that were put into
the generator. Clinical adjudication of labels was not
a part of exposure, exposures were not medication
specific, adherence, competing risks, dose changes,
free text, and healthcare access were simplified or
not included. Genetic diversity was not captured by
ancestry categories; they are only included in this
study for audit purposes. The chronological split
doesn't duplicate an external site shift. Permutation
importance may be erratic in the case of correlated
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features. There was no presentation of confidence
intervals, decision-curve analysis or prospective
utility assessment. This means that the findings are
not suitable for prescribing, genomic testing, or
clinical use.

7. FUTURE RESEARCH DIRECTIONS

Future research should confirm the framework
within an EHR-associated biobank, which should
include new-user cohorts for each drug, common
terminologies, quality-checked genotyping’s and
adjudicated outcomes. Temporal, institutional, and
geographic transportability should be separated in
their external validation. Event timing is complete
enough to allow the use of sequence models, but
comparators are still required. Uncertainty should be
measured, decision setting recalibrated and decision
curve analysis applied with clinically meaningful
utilities. A fairness audit should also consider the
issues of genotype availability and healthcare access
in addition to performance. To the extent that
federated designs can limit the movement of
sensitive genomic data, they may provide a remedy.
Before assessing alert effects, workload, treatment
changes, and patient outcomes in a prospective
randomized study, a silent study should be
conducted first.

8. CONCLUSION

In this work, the authors presented a multimodal
approach to predict six undesired drug effects, using
pre-prescription EHR and pharmacogenomic traits,
and tested it using a deterministic simulation. The
mean AUROC and AUPRC of the early fusion
gradient boosting model were 0.670 and 0.146,
respectively, while the clinical-only and genomic-
only models obtained AUROC of 0.640 and 0.070,
respectively, and AUPRC of 0.135 and 0.107,
respectively. For simulated outcomes of cutaneous
and myelosuppression, the genomic contribution
was more important than for the kidney injury
outcome, which relied more on clinical physiology.
The results of calibration and subgroup analyses
highlighted the limitations of using discrimination
alone, particularly for rare events and older patients.
The goals were accomplished via the use of
modalities, comparison of ablations, and calibration,
explanations, robustness, and group performance in
the same temporal design. The contribution consists
of an analytical blueprint to reproduce and
hypotheses to test in the context of real EHR-
biobanks. All results are based on synthetic episodes
and thus do not show clinical effectiveness.
Medication-specific ~ phenotypes,  independent
external data, prospective calibration, workflow
evaluation, and ethical governance of the translation
process, as well as evidence that decision support
contributes to better patient care without
unintentionally causing inequities, are all essential
for translation.
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