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Abstract

Artificial intelligence (Al) heralds a transformative shift in drug development, with
speed, precision, and predictive power as its core features. Advances in systems-level
biology platforms, coupled with substantial investments in generative Al-centric
pharma integration, have fostered healthy optimism among stakeholders about
identifying new cures through renewed approaches and improved productivity.
However, navigating epistemological, ethical, patient safety, and ontological
dimensions within research and development (R&D) presents challenges that
Al must address to enhance its mainstream adoption and practical utility. Here,
multidisciplinary experts discuss key applications of Al across the full continuum
of drug development, examine the challenges encountered, and propose solution
frameworks. Drug development remains fraught with unknown biology, patient
heterogeneity, and perplexing therapeutic risks. Stringent regulatory and compliance
guidelines further necessitate that conventional pharma processes, practices, and
strategies remain paramount in R&D execution, while guiding the integration of Al in
a“value-for-effort,” evidence-based, yet Promethean fashion.

Keywords: Generative artificial intelligence; Machine learning; Drug discovery; Synthetic
control arms; Digital twins; Al-driven clinical research
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1. Introduction

The development of new medicines is a long, complex,
and multilayered process in which research, technology,
and data science must interact to advance the quest for
faster and more effective treatments. Artificial intelligence
(AI) is increasingly believed to play a key role in this
domain. However, industry, academic, and regulatory
stakeholders are still pondering how best to implement
effective Al-enabled innovation within drug development.
Although drug development involves multiple integrated
disciplines, the application of AI remains concentrated
in specific areas, with relatively limited interaction across
different functions. While many discovery scientists are
embracing Al at the systems level, they often lack clear
guidance on translating its relevant outputs to the clinical
development arena, including population enrichment,
trial design, and endpoint optimizations. Conversely,
many clinical development professionals are not only
unfamiliar with the role of Al in drug discovery but also
with the application and integration of Al into clinical
trials. First, there is a need to cross-fertilize the end-to-end
knowledge in drug development in an interdisciplinary
and integrated fashion to fully harness the benefits of Al,
while understanding its limitations across the full scope
of research and development (R&D) activities. Second,
effective applications of AI in drug development can
encounter challenges that emerge in opaque or unexpected
ways. As with any transformative technology, it is critical
to assess the disparity between AIs greatest projected
capabilities and its practical, real-world applications. The
objectives of this paper are as follows:

(i) To provide a narrative review of the end-to-end
landscape and potential scope of Al in key areas
of drug development.

(i) To offer a balanced perspective on current
opportunities and inherent limitations of AL

(iii) To propose practical frameworks and checklist-
based criteria for more effective integration of Al
into drug discovery, preclinical development, and
clinical development.

2. Methods
2.1. Source materials

Anchored in real-life experiences and applied frameworks
in drug development, this review draws upon a year-
long series of seminars held in Cambridge’s Kendall-MIT
Square, known as the Pharma Leaders Decentralized
Clinical Trials (DCT) Monthly Series.! From March to
December 2024, the DCT series assembled a host of
leaders from life sciences, pharmaceuticals, biotechnology,

and healthcare sectors to explore how different emerging
technologies, including AI, digital health, and real-world
evidence (RWE), can reshape drug development. The
meetings focused on patient-centric trial paradigms,
strategic shifts toward validated system-level AI, DCT
systems designed from the ground up, and the importance
of collaborative networks and domain-specific leadership.
Insights and converging themes from this series informed
the transition to a dedicated Al workstream and ultimately
shaped the scope and direction of this paper.

2.2, Application, vetting, and organization of
materials

Following the broader DCT series, a targeted panel
comprising 11 multidisciplinary experts with extensive
experience in Al integration across drug development was
convened to author this paper. The panel possessed diverse
expertise spanning Al and machine learning (ML), drug
discovery, pharmacology, clinical development, medical
evidence and RWE, data science and governance, and
regulatory science. This heterogeneity facilitated both
domain-specific representation and generalized expertise-
oriented content development for the manuscript. The
authors used both generalized and modular Delphi panels
to analyze the role of multifaceted Al in drug development.
The initial goal of the Delphi process was to map the current
status, unmet needs, and critical knowledge gaps in the
application of Al across discovery, preclinical, and clinical
development stages. This was followed by a consensus-
based approach to propose practical solution frameworks
that could optimally influence the AI landscape in drug
development. Our team first anonymized and aggregated
responses from DCT speakers and panelists to a set
of carefully designed question prompts. All feedback
was then synthesized, categorized, and prioritized per
thematic modules aligned with the paper’s main sections.
The respective modules were recirculated back to the
Delphi panel for two additional rounds of discussion.
Finally, viewpoints were refined, and insights converged
while preserving the diversity of opinion. Consensus was
measured using preset thresholds. The proposed solution
frameworks and AI application checklists were also
reviewed by select experts from the DCT think tank for
applied input and were compared with existing literature
to confirm contextual alignment.

The role and framework of Al across the R&D value
chain are described in the following sequential sections,
which cover key insights, application models, challenges,
and solution strategies. An overview is presented in Figure
1, which emphasis the use of Kirkpatrick model of learning
and evaluation.?
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Figure 1. Pharma Al enterprise: “end-to-end” and “end-in-mind” integration of Al in drug development. Image created by the authors.
Abbreviations: ADMET: Absorption, distribution, metabolism, excretion, and toxicity; Al: Artificial Intelligence; ID: Identification; KPIs: Key
performance indicators; QSP: Quantitative systems pharmacology; PK/PD: Pharmacokinetic/pharmacodynamic; ROI: Return on investment; RWE:

Real-world evidence.

3. Results
3.1.Drug discovery

Over the last two decades, small-molecule drugs have
remained—and are expected to continue to remain—the
backbone of modern therapeutics, addressing a broad
spectrum of disease mechanisms. Traditional drug
discovery has involved phenotypic screening of large
compound libraries for hit identification, followed by
systematic optimization to improve compound efficacy,
selectivity, and pharmacokinetic (PK) properties.>” ML
extends this paradigm through condensed virtual screening
approaches that avoid explicit biophysical simulations,
instead relying on representation learning and latent
embeddings.*" Generative AI (Gen AI) may redefine this
process by enabling in silico compound development with
targeted PK properties.'*'¢

At its core, Gen AI for small-molecule discovery
leverages deep learning models such as variational
autoencoders (VAEs),"”"?* generative adversarial networks
(GANs),2*#  and reinforcement learning (RL)*?
approaches to produce novel chemical structures with
desired properties. These models are trained on large

datasets encoding known compound structures alongside
biological or physicochemical attributes, enabling
Gen Al to learn underlying rules of drug-likeness and
bioactivity. Each of these tools (VAEs, GANs, and RLs)
has strengths in drug discovery. First, VAEs can generate
structurally diverse molecules and handle sparse datasets
effectively, making them well-suited for chemical space
exploration and lead optimization.”® Second, GANs are
useful for creating realistic, targeted molecular designs
and optimizing specific properties, although they can
be challenging to train and stabilize.”® Third, RL excels
at multi-objective, sequential tasks but needs significant
computational resources and careful model setup.”
Beyond VAEs, GANs, and RL, recent advances in Gen
Al-driven drug discovery have been propelled by diffusion
models, transformer-based architectures, graph-based
models, equivalent neural networks, and large language
models (LLMs). Representative examples of these models
are shown in Table 1.

Opverall, a major strength of generative models is their
ability to explore chemical spaces beyond conventional
libraries, proposing scaffolds that medical chemists may
not yet have considered, including those that violate
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Lipinski’s Rule of Five.*-

When coupled with target-specific scoring functions
such as docking scores, predicted absorption, distribution,
metabolism, excretion,and toxicity (ADMET) properties, or
ML-based activity predictions, these models can prioritize
candidates, thereby streamlining hit identification and
lead generation timelines. Although real-world validation
outcomes for different Gen AI models remain limited,
multiple benchmarking frameworks have been developed
to compare subsets of VAE-, long short-term memory
(LSTM)-, genetic algorithm (GA)-, and graph-Monte
Carlo tree search (MCTS)-based models. One widely
used example is the GuacaMol framework,* which defines
both distribution-learning and goal-directed benchmarks
(e.g., rediscovery, similarity, and multi-objective property
optimization) and reports quantitative results for VAEs,
ORGAN (VAE+RL), and SMILES LSTMs, making it a
key reference for comparing VAE- and GAN/RL-style
models.” Another example is DrugPose, a more recent
three-dimensional (3D) generative benchmark for early-
stage drug discovery. This platform evaluates structure-
based design methods by assessing how well generated
ligands reproduce pose interaction patterns within binding
sites and benchmarks diffusion models for 3D molecular
structures and poses.!

Head-to-head quantitative comparisons within the
same architecture class (e.g., two-dimensional 2D SMILES
VAE versus 2D SMILES diffusion versus GAN versus RL)
on GuacaMol-style tasks remain relatively sparse, as most
diffusion-based studies target different benchmark classes.
Consequently, cross-paper comparisons require careful
interpretation.

As a practical takeaway to guide readers in selecting the
most appropriate methods for their task, we note that VAEs
and language-model based approaches perform strongly
for distribution learning and library generation using
2D representations and are well characterized within the
GuacaMol framework, making them reasonable starting
points when reproducible benchmarks are required. For
goal-directed optimization, RL-augmented models—such
as ORGANSstyle GANs, advantage actor—critic-based
(A2C) generators, transformer based GAN + RL hybrids—
and nonneural search methods (e.g., GA and MCTS) often
achieve leading performance on constrained property
optimization benchmarks. Finally, for structure-based
and 3D molecular design, diffusion models and related
3D generative approaches currently show the greatest
promise, with emerging benchmarks such as DrugPose
explicitly designed to evaluate these models in early-stage
drug discovery.

3.2. Proteomics

Concurrently, Al has begun to contribute significantly
to the design of novel biologics, including antibodies,
synthetic enzymes, cytokines, growth factors, hormones,
peptides, fusion proteins, and nucleic acid-based
therapeutics. Al-driven protein engineering platforms,
such as Google’s AlphaFold*** and the University of
Washington’s RoseTTAFold*™, have fundamentally
reshaped de novo protein design by enabling high-
accuracy prediction of 3D primary and secondary protein
structures and their chemical properties at unprecedented
scale and speed. Tasks such as simulating protein-protein
interactions, predicting mutation impacts, and exploring
novel motifs are no longer bottlenecked by time-intensive
crystallography or cryo-electron microscopy, opening new
frontiers in computational biology.

3.2.1. Challenges

In the context of proteomics, accurate protein structure
prediction represents only the first step. Translating
structural data into clinically viable therapeutics requires
integrated knowledge of experimental biology, functional
assays, cellular context, and PKs. Protein function depends
on dynamic environmental factors—such as tissue-
specific expression, post-translational modifications,
and interactional networks—which static models cannot
capture. Thus, validating the biological relevance and
therapeutic potential of predicted structures remains
a major challenge. Furthermore, the biological basis of
disease extends beyond individual proteins to the interplay
of the complex molecular systems, encompassing genomics
(DNA), transcriptomics (mRNA), metabolomics, spatial
biology, and immune microenvironments. Mapping
and integrating these interdependencies are essential
for understanding disease pathways, heterogeneity in
treatment response, and off-target effects.

3.2.2. Responses

The next frontier in Al-driven biology lies in building
multidimensional data sources and multiomics models
that can integrate across biological scales and modalities.
In response, pharmaceutical companies have spent the
last decade investing in proprietary data banks and Al
platforms tailored for drug discovery.®-* These internal
systems are supported by expansive structural, functional,
and pharmacological data drawn from both in-house
experiments and public sources. Leveraging these platforms
has enabled companies to harness the combination of ML
with high-throughput biology, such as automated imaging,
Clustered Regularly Interspersed Short Palindromic
Repeats screening, and single-cell sequencing, to build
predictive models of disease mechanisms, drug-target
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interactions, and phenotypic outcomes.* These models aim
not only to predict molecular binding to a target but also
to produce the desired effect within a specific biological
context.

Heterogeneous datasets and multiomics models are
still evolving and are being advanced in collaboration with
a new generation of TechBIO companies.* Key efforts
focus on capturing unknown biological hierarchies and
simulating cellular systems to create predictive, generalized
models of disease and therapeutic interventions. Currently,
tangible impacts of system-level AI platforms on drug
discovery are summarized in Table 2. Their integration into
established discovery pipelines reflects a growing emphasis

on operational deployment rather than standalone proof-
of-concept models.

As promising molecules are identified and advance to
the lead optimization phase, key Al and ML applications
relevant in such settings are shown in Table 3.

The success and sophistication of AI platforms
and integrative models depend on the availability and
integration of high-quality experimental datasets for
training and validation, as well as rigorous grounding in
real-world biology to produce biologically plausible and
clinically relevant outputs. This ambitious vision, however,
remains nascent. A few Al-derived drug candidates
have entered early-phase clinical trials, but to date, no

Table 2. System-level Al platforms making tangible impacts in drug discovery

Application area Al use cases

Required data types

Current achievements

Representative tools/
companies

Omics data mining, gene
expression analysis, network
biology, phenotypic screening

Target identification

Genomic, transcriptomic,
proteomic, pathway interaction
data

Validated targets in
oncology and rare
diseases; target discovery
platforms launched

Benevolent Al Insitro,
Atomwise, Insilico
Medicine

Multi-model integration of
CRISPR screens, high-content
imaging, multiomics to confirm
target function

Target validation

Functional genomics
(CRISPR), imaging,
knockdown assays,
perturbation screens

Automated target
validation pipelines;
integration into early-
stage discovery

Recursion, Verge
Genomics, Deep Genomics

Generative models (e.g., GAN,
VAEs) to create novel chemical
scaffolds and drug-like molecules

Small molecule
generation

Chemical libraries, activity
data, molecular descriptors,
3D structures

Several Al-designated
molecules entered Phase
I trials (e.g. DSP-1181)

Insilico Medicine,
Exscientia Iktos

Diffusion-based de novo protein
engineering, de novo antibody and
enzyme design using structure-
function learning

Biologics design

Protein sequences, 3D
structures, epitope data,
immunogenicity assays

Proof-of-concept protein
scaffolds and antibodies
designed; some are in
the preclinical stage

AbSci, Generate
Biomedicines, BioNeMo
(NVIDIA), Insilico
Medicine

QSAR modeling, reinforcement
learning for activity/selectivity
tuning

Lead optimization

SAR data, molecular docking
outputs, bioassay results

Improved hit-to-lead
timelines, AI-driven
compound libraries
adopted in pharma

Cyclica, Reverie Labs,
Relay Therapeutics, Insilico
Medicine, Astellas

Product absorption, distribution,
metabolism, excretion, and toxicity
using ML algorithms; optimize
molecules with generative Al

ADMET prediction
and optimization

In vitro/in vivo
pharmacokinetic data,
toxicology reports, metabolic
profiles

In silico ADMET is
widely used in early
screening; enhanced
compound prioritization

Deep Chem, Aitia, Insilico
Medicine, Astellas

Multiomic feature selection,
pathway enrichment models, and
deep learning for novel biomarker
identification

Biomarker
discovery

Clinical omics data, disease
phenotypes, longitudinal
patient data

Al-discovered
biomarkers used in early
diagnosis and response
prediction

Owkin, Tempus Al,
Freenome

Clustering algorithms and
ML-based risk scores for enrolling
appropriate patient subgroups

Patient stratification

EHREs, clinical trial data, omics
profiles, treatment outcomes

Used in trial design and
patient cohort selection,
improving responder
rate predictions

Unlearn, Al inference,
GNS Healthcare

Abbreviations: 3D: Three-dimensional; ADMET: Absorption, distribution, metabolism, excretion, and toxicity; Al: Artificial intelligence; CRISPR:
Clustered Regularly Interspersed Short Palindromic Repeats; EHRs: Electronic health records; ML: Machine learning; QSAR: Quantitative structure—

activity relationship; SAR: Structure—activity relationship.

Volume x Issue x (2026)

doi: 10.36922/AIH025470103


https://doi.org/10.36922/AIH025470103

Artificial Intelligence in Health

Al's end-to-end role in drug development

Table 3. Key artificial intelligence and machine learning applications in lead optimization

Application References
QSAR modeling to predict biological activity from molecular descriptors. 65-67
ADMET prediction to assess absorption, distribution, metabolism, excretion, and toxicity risks before synthesis. 68-71
Retrosynthesis planning using models such as the molecular transformer to guide the synthetic feasibility of 7275
proposed analogs.

Automatic compound prioritization, integration of predictions from multiple models into a composite score for 76-78

decision-making.

Abbreviations: ADMET: Absorption, distribution, metabolism, excretion, and toxicity; QSAR: Quantitative structure-activity relationship.

Al-designed molecules have secured regulatory approval.”
High-profile collaborations between pharmaceutical giants
and Al-native biotech firms remain ongoing, representing
an important test case for evaluating the performance of
new-age Al-driven platforms.®

Drug development is inherently iterative and
interdisciplinary. Although discovery-based Al systems
and applications have made significant progress, there
remains a critical need for a collaborative interdisciplinary
approach. The successful translation of these advancements
into clinically differentiated, approved therapies will rely
heavily on seamless integration with clinical development
activities.

3.3. Clinical development

To realize their full potential as clinically differentiated
approved drugs, Al-generated candidates must be
integrated and synchronized with clinical development
efforts to enable proactive knowledge translation and
improve the likelihood of clinical success. Key requirements
include validating biological rationale, target engagement,
chemical profiling, and ADMET properties of Al-generated
drug candidates through interdisciplinary collaboration
between discovery and clinical teams. Furthermore, Al’s
predictive, analytical, and personalized medicine serve
as important drivers across multiple independent clinical
development domains, enabling the exploration of novel
use cases. The following sections summarize key areas of
Al-enabled clinical development.

3.3.1. Overview: Clinical use cases

Al-discovered drugs must undergo all standard drug
development phases in compliance with the United States
(US.) Food and Drug Administration (FDA) regulations
to ensure patient safety, efficacy, and an appropriate
benefit-to-risk assessment.®’ Accordingly, recent FDA
guidance on Al in clinical development emphasizes the
need for validated algorithms, representative training
datasets, well-documented workflows, and a clear scientific
rationale for any Al-driven regulatory submissions across

all phases of clinical development.®? The key areas of Al
impact in clinical development include, but are not limited
to (i) pharmacology, (ii) molecular profiling for precision
medicine, (iii) patient recruitment, (iv) trial design
optimization, (v) clinical operations, and (vi) medical
writing. These AI spheres are largely influenced and
interdependent with other disciplines, where Al serves as a
complementary tool rather than a central pillar.

3.3.2. Pharmacology

Artificial intelligence is redefining both preclinical and
clinical pharmacology by enabling efficient animal testing,
reducing the translational gaps between preclinical species
and patients, and accelerating pipeline progression. In
preclinical development, Al has used chemical structure
descriptors and in vitro data to improve efficiency and/
or accuracy in predicting human PKs and ADMET
properties.** A recent example applies a hybrid
ML-physiologically-based PK approach to predict human
PK, achieving robust accuracies. Among 106 small
molecules tested, prediction accuracies reached 80-90%
for 5-fold error and 40-60% for 2-fold error margin
for both area under the curve and maximum (peak)
plasma concentration.® These findings demonstrate the
potential to minimize the use of animal models, thereby
reducing costs and accelerating the development timeline.
Additionally, the FDA SafeAl initiative and the AnimalGan
platform have demonstrated a growing commitment
to deploying Al to simulate organ-specific and human
toxicities, with the potential to reduce or even waive
requirements for animal toxicology testing.” These efforts
are imperatively aligned with the FDA’ recent release of
a roadmap to reduce animal testing in preclinical safety
studies,® which outlines the phased reduction of animal
testing requirements for monoclonal antibodies and other
drugs. In combination with in vitro assays, organoid chips,
and computational modeling, including validated Al/
ML methods, these approaches hold promise for more
accurate human safety prediction, reduction, refinement,
and replacement of animal use, and accelerated delivery of
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new therapies to patients.¥

In clinical pharmacology, AI has demonstrated
efficiency in covariate screening, as well as in the
development of population PKs and exposure-response
(ER) model structures, compared with traditional
manual, labor-intensive processes, thereby accelerating
the development of the final model.”*? Additionally, the
precision and accuracy of PK/pharmacodynamic (PD)
and ER models have improved relative to conventional ER
models, particularly in handling high-dimensional dataand
non-linear ER relationships.”® Furthermore, Al-enabled
digital twins (DTs), used in conjunction with quantitative
systems pharmacology models, also show early promise
in complementing clinical trial investigations, deepening
understanding of mechanism of action, and supporting
dose optimization strategies.”*

3.3.3. Molecular profiling and precision medicine

The growing landscape of emerging technologies,
biomarker-directed therapies, complex drug mechanism
classes, and targeted combination therapies has created
multiple opportunities for Al clinical development use
cases. Al-based neural network frameworks have been
used to identify predictive—beyond purely prognostic—
biomarkers from clinicogenomic datasets in both oncology
and non-oncology indications.” LLMs trained on extensive
molecular profiling data also show promise in accurately
predicting alterations (e.g., oncogenic, mutational, overall
mutational burden), which can enhance diagnostic
accuracy and improve patient stratification and selection
in clinical trials.?®*

Theidentification and detection of actionable mutations,
with subsequent matched therapeutic intervention, have
been linked to improved patient outcomes and extended
survival across multiple tumor types,'® including in
the setting of therapeutic resistance.”®! For example, in
colorectal cancer, combination therapies involving small-
molecule targeted agents include cetuximab,'®® which
was initially approved for patients with KRAS wild-type,
EGFR-expressing colorectal cancer and has more recently
been approved in combination with encorafenib for
BRAFV600E.'* Beyond treatment matching as described
above, Alintegration remains an active and rapidly evolving
area in oncology precision medicine. Traditional manual
database searches could incorporate Al-based screening
to enable broader and more efficient clinical literature
reviews, thereby informing R&D decision-making.'**1% AI
algorithms are expected to enhance their ability to predict
patient outcomes and monitor treatment responses across
clinical data input and model types, supporting the refined
development of targeted therapies in oncology and other

therapeutic areas.

3.3.4. Patient recruitment and retention

Patient recruitment and identification of eligible patients
are crucial steps in the successful design, execution, and
completion of a clinical trial. Key efforts to facilitate trial
recruitment include eligibility assessments through patient
interviews, physical examinations, and analysis of real-
world data (RWD). Furthermore, enrollment success can
be enhanced by leveraging Al across four main modalities:
(i) development and application of GenAlI-based matching
algorithmsto align appropriate patients with trials’ inclusion
criteria;' (ii) analysis of patient data in unstructured
electronic medical record (EMR) medical notes through
natural language processing (NLP) using rule-based or
ML approaches;'” (iii) integration of medical knowledge
into trained models to enhance contextual accuracy
and reasoning of model outputs;'® and (iv) adoption of
advanced learning techniques—particularly neuronal
networks—to understand, interpret, and generate natural
language in LLMs.'%!"* Each of these Al-based modalities
comes with challenges and interdisciplinary dependencies
to ensure feasible and cost-effective execution.

Large language models have shown superior
effectiveness in extracting classified data from
unstructured medical notes compared to conventional
NLP- or ML-driven algorithms.""' However, LLMs require
substantial computing power and face privacy issues.
Therefore, their widespread adoption remains uncertain
given the current limitations in resources, knowledge, and
the regulatory landscape in most institutions.

With respect to NLP-based approaches, their feasible
and successful execution in real-world practice is
often constrained by limitations in source data. EMRs
used for NLP-driven patient selection are not deemed
comprehensive data sources, as they are primarily designed
for billing purposes and therefore provide an incomplete
representation of patient care. The lack of longitudinal data
and the unstructured nature of medical notes often lead to
substantial missing data and inconsistencies, resulting in
AT model drift, algorithmic biases, and inadequate patient
profiling >3

To optimize patient recruitment capabilities,
contemporary EMRs increasingly need to be integrated
and linked with multimodal data sources spanning
insurance claims, hospital data, specialty labs, and
omics data to ensure comprehensive yet targeted patient
profiling and trial-specific outputs. Over the past 15 years,
pharmaceutical companies, despite making significant
advances in RWE, have continued partnering with
contract research organizations, RWE providers, and
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health systems to develop proprietary, comprehensive “fit-
for-purpose” RWE data platforms capable of optimally
profiling study subjects and supporting successful patient
recruitment.'*'> Until high-quality multimodal RWE
datasets are widely available, inconsistent and fragmented
RWDs will continue to challenge the development of
reliable, unbiased AI models for patient recruitment.

Beyond recruitment, patient retention represents a
key patient-centric area where Al is increasingly being
used in clinical trials. By analyzing LLM-based patient
behavior characteristics across different disease cohorts
and leveraging data from both trial and real-world sources,
Al-based predictive algorithms can now identify patients
at risk of dropping out versus those who are likely to
remain study-compliant. Several Al companies focused
on such patient-centered research are now working with
pharmaceutical firms to develop study-specific, predictive
behavior assessments and strategies that boost patient
engagement and retention in clinical trials.!'¢"!

3.3.5.Trial design optimization

Currently, Al is increasingly recognized as a key enabler for
optimizing trial design. Generative Al-enabled platforms
can inform several key areas of clinical development,
including protocol feasibility, patient enrichment, value-
based endpoints, and the competitive positioning of the
clinical development strategy.'’®!'"® At the same time, such
Al modalities are often used in conjunction with RWE and
digital technologies to deliver practical and cost-effective
enhancements to clinical trials. The open-source Al tool
Trial Pathfinder,"" for example, used EMRs to simulate
data from completed non-small cell lung cancer trials, and
demonstrated that inclusion criteria could be broadened
without compromising statistical power. Deep learning
algorithms have also been applied to numerous aspects
of trial design, including patient flow modeling, effect
size estimates, and endpoint optimization.'* However,
most efforts are still limited to pilot studies or proof-of-
concept stages. Mainstream adoption of AI should follow
a needs-based assessment, tested alongside conventional
technologies to evaluate added value and operational
feasibility for pharmaceutical stakeholders.

Effective Al-driven clinical trial optimization relies
critically on access to high-quality, multimodal RWD for
model training and validation. Pharmaceutical companies
with robust RWE capabilities and diverse RWD platforms
can better understand disease characteristics and patient
experiences, enabling them to generate reliable insights for
Gen Al-based trial design simulations.'"*!">!2! Conversely,
single-sourced, non-representative, or low-quality RWE-
based AI models can lead to inherent biases and skewed

predictions in trial design simulations. Hence, clinical
development teams must prioritize RWE capabilities and
consider AI within the broader RWD/RWE ecosystem,
rather than relying solely on AI’s black-box capabilities and
computational inertias.

3.3.6. Digital twins in clinical trials

The widely publicized AI concept of DTs in clinical
development involves an  Al-generated virtual
representation of a patient that can be used to predict
prognosis, disease progression, and treatment outcomes.
Al'modelsin this area are primarily biological- and clinical-
data-centric, leveraging multimodal inputs from large-
scale bioclinical datasets to predict clinicopathological
profiles, patient outcomes, and disease trajectories that
closely approximate real-world progression patterns.
A longitudinal progression study by Fisher et al
demonstrated that an unsupervised ML model could
generate Alzheimer’s disease trajectories aligned with
those observed in real patients.'”’ More recently, Sanofi
evaluated the efficacy of an asthma drug using DTs that
integrated extensive data on disease biology and known
pharmacology, with “blinded” model predictions closely
matching outcomes from a Phase 1b study.'*

Digital twins must integrate comprehensive datasets
encompassing  patient-centered  disease  biology,
pathophysiology, and known pharmacology data (when
applicable) into a single computational framework to
avoid bias, inaccurate projections, and uncertainty in
model parameters. Furthermore, DT-driven AI models
require highly validated, representative, up-to-date, and
biomedically specific data sets as inputs. Given these
stringent prerequisites, current DT approaches are likely to
perform optimally in disease areas with well-characterized
biology and a relatively simple or single etiological source,
where the biological basis is well understood and fit-for-
purpose, multidimensional data are available. In practice,
few diseases exhibit such clearly defined etiologies or
benefit from access to high-quality, augmented datasets.
A recent collaboration among the U.S. National Science
Foundation, National Institutes of Health, and FDA
aims to develop DT frameworks and methodologies to
promote biomedical innovation and clinical research.'?>!*
Similarly, the European Medicines Agency’s (EMA) five-
year Al Action Plan, launched in 2023, includes initiatives
to advance DT technology through the development of
specific tools, techniques, and integration of RWE.!%1%
Given current technical limitations, data constraints, and
incomplete understanding of disease biology, DTs are
likely to remain applicable to specific disease areas and use
cases until significant advances are achieved in this field.
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3.3.7. External or synthetic control arms and
regulatory drug approvals

Synthetic or external control arms (SCAs) simulations
typically leverage Bayesian deep learning and GAN models
and are most commonly used in clinical trials for research
advancement purposes such as cost-effectiveness modeling,
meta-analyses, and indirect treatment comparisons.
These approaches are used both internally, for competitor
analysis, and externally, to show the medico-economic
value of therapies to Health Technology Authorities and
payer organizations.'?’

Artificial  intelligence-driven SCAs have been
increasingly publicized in the AI world as a promising
application in clinical trials to support regulatory drug
approvals, with some proponents suggesting their potential
to partially replace randomized controlled trials.'®
However, the regulatory positioning of SCAs remains
highly stringent and typically requires a custom historical
control or RWD set that can accurately simulate the placebo
arm according to key trial conditions and protocol. The
limited availability of such tailored datasets, together with
the current RWE landscape—characterized by disparate
datasets and heterogeneous patient trajectories—hinders
rigorous assessment and bias-free computation of control
arms across multiple dimensions. As a result, regulators
generally discourage reliance on Al-generated external
or synthetic control data for primary evidence in drug
approval decisions, thereby limiting their widespread
adoption for regulatory purposes. Between 2000 and
2019, the FDA included external control data in only 45
drug approvals for benefit-risk assessments, primarily in
rare disease or oncology settings or in cases where ethical
concerns precluded the use of a placebo or no-treatment
arm.'” Similarly, the EMA accepted external control data
in only 18 (17%) of 103 approved oncology submissions
between 2016 and 2021, with 37% of submissions
rejected due to study design issues and methodological
inadequacies.”®® Consequently, any proposed use of SCAs
as part of a regulatory strategy or drug approval should be
guided by FDA recommendations on external control arms
against the backdrop of a rigorous data-oriented feasibility
assessment before implementation.'!

Given the strong interdependence of RWE and Al in
clinical development, Figure 2 shows the integration of
AT applications across the clinical development lifecycle
against the backdrop of a multimodal RWE framework.
The figure highlights key dataset types that constitute a
multimodal RWE platform and provides a comprehensive
framework for understanding how AI and RWE can be

optimally combined to create a robust, Al-based clinical
development platform for designing patient-centric trials
and facilitating regulatory-grade data.

3.3.8. Clinical operations and medical writing

Artificial intelligence-powered co-pilots combined with
digital health demonstrate a promising role in improving
efficiency and peak performance in trial management.
Pharmaceutical companies are increasingly using AI tools
with NLP and LLM capabilities for auto-drafting medical
and trial documents, such as informed consent forms,
site initiation visit materials, clinical study reports, and
regulatory submissions.*>"** Furthermore, these tools are
employed to predict trial operations and finances using
risk-monitoring platforms,'*>"*” as well as to deploy Al
co-pilots in digital patient portals for patient monitoring
and engagement.'*®

Robotic process automation and ML-based AI tools
are enhancing pharmacovigilance (PV) by programming
and presetting PV systems for data processing, auto-
coding, auto-narrative generation, literature searches, and
regulatory reporting, thereby freeing PV professionals
for more analytical, medically oriented, and strategic
tasks.!***" Digital remote data capture with Al interfaces
also has the potential to boost patient accessibility, enhance
patient engagement and patient centricity, and improve
data quality and timelines in real time.**!

Thousands of tables, listings, and figures (TLFs)
summarizing and presenting data lie at the core of Phase 2
and Phase 3 clinical trials. AI tools are now automating the
creation and validation of TLFs, generating biostatistical
builders, and facilitating clinical trial integrations.'>'4
Data visualization and Al-enabled analytical tools, such
as Spotfire Copilot™,*'* are becoming increasingly
mainstream in clinical trials to efficiently visualize complex
data and support multimodal data analytics.

In summary, AI tools that enable smart data
management, analytics, and digital integration can
reduce administrative burdens, expedite study execution,
and augment clinical intelligence, thereby potentially
increasing the likelihood of clinical success.

In the evolving R&D landscape, clinical development,
data science, governance, and bioethics are inextricably
linked, each playing a crucial role within the biopharma
ecosystem to ensure the safe, efficient, and responsible
development of new treatments. Hence, technological
efforts to integrate AI into drug development must
interface with these disciplines in a cogwheel-like manner
to foster strategic growth as well as a culture of learning
and regulatory compliance.

Volume x Issue x (2026)

10

doi: 10.36922/AIH025470103


https://doi.org/10.36922/AIH025470103

Artificial Intelligence in Health

Al's end-to-end role in drug development

Figure 2. Integration of Al and RWE to create a robust, Al-based clinical development platform for regulatory use. Image created by the authors.
Abbreviations: Al Artificial intelligence; LLM: Large language model; ML: Machine learning; NLP: Natural language processing; RWE: real-world

evidence; Trial GPTs: Trial-specific generative pretrained transformers.

3.4. Data, science, governance & ethics

Artificial intelligence integration is most effective when
a dynamic R&D ecosystem encourages platform-based
innovation through connected components, promoting
flexible learning and skill development. Achieving this
requires coordination of Al data strategies with regulatory
compliance, domain expertise, scalability, and ethical
standards. Key aspects of robust AI governance include:

(i) Thorough data stewardship, ranging from
data provenance to data integrity, validity,
quality, privacy, and security, aligned with the
latest standards from the National Institute of
Standards and Technology (NIST), International
Organization for Standardization (ISO), and
General Data Protection Regulation (GDPR).141*

(ii) Artificial intelligence risk reduction across the
entire AT deployment lifecycle, with heightened
focus on potential risks to patient security,
safety, and clinical interests that can occur from

incorrect AI model interpretations. Such risks
may occur during compound screening, target
validation, biomarker discovery, and early-stage
trial activities.

(iii) Proactively addressing regulatory challenges

by embedding regulatory-first thinking into Al
workflows to ensure models are fit for clinical
use and suitable for supporting drug approvals.
This includes incorporating regulatory and
compliance checkpoints early in development,
supported by detailed documentation on testing
and monitoring.

(iv) Adoptingthe Consolidated StandardsofReporting

Trials—Artificial Intelligence (CONSORT-AI)
guidelines for reporting clinical trials involving
Al interventions. These evidence-based reporting
standards advocate for the comprehensive
documentation of Al-enabled trials, outlining 14
essential aspects, including integration settings,
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input-output mapping, human-AI interaction,
and error analysis, to promote rigorous and
transparent evaluation of Al applications.’"
Ethical drug discovery should be inclusive and equitable,
adhering to principles that place patient welfare at the
forefront. AI must serve as a supportive tool rather than
a substitute for human expertise, with human-in-the-loop
oversight integrated at critical decision points. Additionally,
comprehensive monitoring of algorithms across multiple
sources and robust stakeholder accountability are required
to maintain ethical standards.'

Artificial intelligence integration in R&D with its
associated governance, operational, and bioethics
framework is presented in Figure 3.

4, Discussion

Recent advancements in Al-driven drug discovery and
clinical operations have shown promising quantitative
improvements in speed and efficiency. Across the industry,
Al is projected to reduce early-stage drug discovery
timelines by 30-50% and lower costs by up to 25% over the
next five years.'”*

While technological advances can improve agility and
efficiency, these benefits alone do not guarantee clinical
or regulatory success, which depends on a plethora of

additional factors. Indeed, Al-enabled pharmaceutical
development over the past decade has been marked by
multiple unsuccessful trials, resulting in the shelving
and discontinuation of several drug candidates.” To
date, no Al-enabled drugs have secured regulatory drug
approval.?*1%

Most chronic diseases involve complex causal
relationships and significant transcriptional changes that
affect the expression of many proteins and disease pathways.
Decoding disease progression, simulating complex
biological systems, and designing precise therapies,
therefore, remain persistent challenges in R&D. Al systems
require high-quality, relevant, and diverse datasets to
address overfitting biases, learn effectively, and perform
reliably. There is a systemic need for comprehensive,
multimodal AI platforms capable of breaking data silos
and integrating multidimensional biology, disease-related
targets, precision chemistry, and clinical translation in
an end-to-end manner. Such integration is essential for
advancing Al-enabled drug development. Furthermore,
these multimodal bio-omics-clinical data platforms must
be harmonized with RWE and digital health systems to
connect early discovery insights with therapeutic relevance
and promote real-world optimization of development
programs.

Figure 3. AI-R&D data science integration and governance framework. Image created by the authors.
Abbreviations: AL Artificial intelligence; GDPR: General Data Protection Regulation; HIPAA: Health Insurance Portability and Accountability Act;
NIST: National Institute of Standards and Technology; R&D: Research and development.
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A foundational requirement for robust and
generalizable Al in drug discovery and development is the
establishment of a modern data integration architecture
that unifies multimodal discovery, clinical, and real-world
datasets. Interoperability frameworks such as the OMOP
Common Data Model and HL7 FHIR—now bridged
through the HL7 Vulcan FHIR-to-OMOP initiative—
enable consistent data lineage, traceability, and scalable
analytics across heterogeneous data sources.'**'*” Federated
learning frameworks such as MELLODDY and the Al
Structural Biology network enable secure cross-company

model training without exposing proprietary data,
providing an industrial-scale pathway for collaborative Al
development.'*®'** Collectively, these frameworks, detailed
in Table 4, form a regulator-aligned, privacy-preserving
data backbone that empowers Al systems to learn from
richer, higher-quality evidence and supports improved
decisionmaking across the R&D continuum.

In the next three to five years, investments in and
adoption of Gen AI across foundational biology, target
identification, and lead generation are expected to grow

Table 4. Existing frameworks and standards addressing data accessibility and integration in artificial intelligence (AI)-enabled

drug discovery

Frameworks Applications References
OMOP Common Data Model and HL7FHIR bridged through ~ Ensure consistent data lineage, traceability, and scalable analytics 156.157
the HL7 Vulcan FHIR->OMOP initiative across heterogeneous data sources. ’
CDISC-FHIR oint Mapping Implementation and e S SDTM wansformatons shomschnial 160,161
Guide and TransCelerate’s Digital Data Flow (USDM) ’
systems.
FAIR data stewardship, operationalized through the ELIXIR . o S
. . . .. Strengthen semantic harmonization and reproducibility for

Interoperability Platform and its associated resources (RDMKit, multiomics and real-world data inteeration 162
FAIRsharing, FAIR Cookbook) & '
GA4GH standards such as Phenopackets for structured
phenotype representation and cloud-portable workflow APIs Support consistent, reproducible computation across ecosystems. 163,164
(e.g., WES/DRS)
BioCompute Objects (IEEE 2791-2020), supported by multiple ~ Standardize computational workflow documentation to enhance 165.166
FDA centers transparency and regulatory review of Al-derived analyses. ’
Federated learning frameworks such as MELLODDY and Enabl.e secure, Cross-company 1.nodel t.r aining without exposing

. proprietary data, providing an industrial-scale path for 158,159
the AI Structural Biology network ;

collaborative Al development.
exponentially. At the same time, AI will continue to be (i) Continuous-loop learning and  prudent
steadily implemented and integrated into clinical trials, knowledge dissemination across discovery,

although outcomes may vary due to limited availability
of Al-proficient talent in biopharma, stringent regulatory
requirements, and challenges related to integration within
existing R&D workflows. Nevertheless, advances in system-
level biology, Al-enabled chemistry, high computational
inertia, and substantial meteoric investments in Gen
Al-centric R&D integration are collectively demonstrating
that it is possible to identify new cures at a faster pace
and greater scale than previously achievable—albeit
with cautious optimism. For example, a fully end-to-
end Al-designed antifibrotic inhibitor for idiopathic
pulmonary fibrosis achieved positive Phase 2a clinical trial
results, representing the first clinical evaluation of a fully
Al-enabled drug with convincing proof of concept.'”

To bridge the gap between promising early findings and
the ultimate goal of delivering safe and effective therapies
to patients, several courses of action are warranted:

preclinical, and clinical development domains
should be implemented.
Adoption of a regulatory-first thinking and
a phase-wise approach with clearly defined
objectives for AI implementation is essential.
Targeted use cases should be identified that
correspond with the highest levels of decision
confidence,  therapeutic  expertise,  and
organizational understanding of disease biology.
(iii) Clinical trials should integrate Al-enabled
drug discovery with early-stage feedback and
optimization mechanisms.'¢®
(iv) Enterprise data strategies in clinical development
ought to evaluate the return on investment (ROI)
of Al in conjunction with progress in RWE
initiatives and digital health platforms, which
often deliver significant value independently.

(ii)
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This allows judicious assessment of operational
feasibility, computational costs, and data retrieval
effectiveness for each application.

Enhanced collaboration among industry,
academia, and regulators is needed to accelerate
enterprise-level Al  advancement through
federated learning initiatives and the development
of best practices for Al implementation in drug
development.'*®

V)

5. Conclusion

Artificial intelligence in pharmaceutical drug development
presents both significant opportunities and intrinsic
challenges that require careful consideration to ensure
regulatory compliance and uphold scientific integrity.
Comprehensive integration of Al across drug development
remains an evolving process rather than a revolutionary
shift. Al can serve as an important pillar in the rapidly
changing landscape of drug development; however, its
successful integration into R&D depends more on the
development of multimodal data platforms, effective
integration with existing pharma processes, and use—
case—driven demonstrations of ROI than a blanket spread
of computational inertia, hopes, and expectations. It is
imperative that Al technologies are applied ethically and
responsibly, with stringent human oversight throughout
the drug discovery and development lifecycle, and with
a heightened focus on fairness, transparency, and patient
welfare.
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