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Abstract: Artificial Intelligence (AI) is increasingly being implemented in pharmaceutical sciences and has the potential to improve 
efficiency across the value chain, from drug candidate discovery to manufacturing, quality monitoring, and regulatory process support. 
Nonetheless, the integration of AI within the pharmaceutical sector encounters persistent obstacles, such as data interoperability and 
fragmentation, the necessity for model validation and governance to satisfy compliance standards, the potential for bias and 
accountability concerns, and deficiencies in workforce skills. This review consolidates significant advancements in AI applications, 
such as generative AI, laboratory automation, and the digital twin concept, highlighting that effective implementation relies on 
workflow integration, data quality and integrity, and sufficient human-in-the-loop mechanisms. We propose strategic recommendations 
centred on human resource readiness, governance structures, and technology maturity assessment to assist readers in differentiating 
feasible solutions from aspirational frameworks. Moving forward, research and adoption will likely highlight precision medicine and 
regulatory–industry collaboration mechanisms for AI evaluation. The integration of AI with supporting technologies such as tamper- 
evident provenance/audit layers (such as blockchain) remains exploratory and generally limited to pilots. 
Keywords: generative ai in drug discovery, self-driving laboratories, closed-loop discovery, pharma 4.0, digital twins in healthcare

Introduction
The pharmaceutical sector currently stands at a crucial crossroads. While biomedical research has made rapid progress, 
the established economic model is facing significant pressure. A phenomenon known as the “Eroom Law”—where 
Research and Development (R&D) costs increase exponentially while the number of new drugs approved declines— 
continues to plague the industry.1,2 This productivity decline is rooted in the industry’s reliance on empirical high- 
throughput screening (HTS) and the classic Design-Synthesis-Test-Analysis (DMTA) cycle. This cycle is slow due to the 
need for physical testing (wet lab) and manual validation.3–5

These problems are exacerbated by persistent data fragmentation, or “data silos”. Molecular databases, clinical 
records, and real-world evidence (RWE) are stored on disparate platforms, hindering the interoperability necessary for 
data-driven decision-making.6 Similar challenges exist in manufacturing, which remains limited to rigid batch operations 
and labor-intensive clinical trials.7–10 On the regulatory side, regulatory bodies face significant challenges in evaluating 
innovations derived from complex algorithms, primarily due to concerns about transparency and the absence of standard 
validation frameworks.11,12

Amidst this impasse, AI has emerged as a transformative technology. Unlike previous waves of digitalization, AI 
introduces a paradigm shift toward predictive discovery methodologies.13 Newer generative AI models, such as 
Variational Autoencoders (VAE) and Generative Adversarial Networks (GAN), are now capable of de novo molecular 

Drug Design, Development and Therapy 2026:20 588295                                                       1
© 2026 Herdiana et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms. 
php and incorporate the Creative Commons Attribution – Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the 

work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Drug Design, Development and Therapy                                           

Open Access Full Text Article

https://doi.org/10.2147/DDDT.S588295
Received: 11 December 2025
Accepted: 8 March 2026
Published: 13 March 2026

D
ru

g 
D

es
ig

n,
 D

ev
el

op
m

en
t a

nd
 T

he
ra

py
 d

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.d

ov
ep

re
ss

.c
om

/
F

or
 p

er
so

na
l u

se
 o

nl
y.

http://orcid.org/0000-0001-5831-9389
http://orcid.org/0000-0001-6868-5286
http://orcid.org/0000-0001-7616-5176
http://orcid.org/0000-0002-5985-6909
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


design and predicting Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) profiles with signifi
cantly higher computational efficiency than conventional methods.14 This feature enables a shift from “random search” to 
“inverse rational design”.

Nevertheless, the integration of high-speed computing technologies into a relatively slow experimental ecosystem can 
result in a velocity gap between computational design cycles (minutes–hours) and experimental validation (days–weeks, 
or longer, contingent on automation readiness and operational reliability).15 This phenomenon is referred to as the “New 
Productivity Paradox” in this review. It is the risk that upstream acceleration merely relocates bottlenecks downstream 
when physical validation capacity, automation reliability, and operational readiness are not correspondingly enhanced. 
According to evidence from closed-loop studies, experimental throughput is frequently a significant constraint, and 
practice performance is affected by failures of the system robot malfunctions, and reagent logistics.16

In addition to technical challenges, the adoption of AI in highly regulated sectors is also constrained by policy 
preparedness and regulatory acceptance, particularly when models are complex (“black box”) and difficult to audit. In the 
drug safety domain, the literature on AI governance underscores the significance of transparency, auditability, and 
accountability in order to establish trust and allow humans to challenge AI output when necessary. Consequently, a more 
viable method is risk-based evaluation, which is consistent with the principles of Good Machine Learning Practice 
(GMLP) that prioritise the entire product lifecycle and incorporate human oversight mechanisms and model lifecycle 
documentation.17

This critical narrative review aims to dissect the dynamics of this transition and propose a strategic integration 
framework. To inform the analysis, evidence was identified through a targeted, non-exhaustive search with Scopus as the 
primary database, complemented where appropriate by regulatory and policy sources. We emphasize recent empirical 
literature (2023 onward) as a recency lens to capture fast-moving developments in deep learning and generative AI, while 
retaining earlier seminal work when foundational. Unlike previous reviews that often focus on a single phase, this article 
offers a holistic lifecycle analysis—from discovery to manufacturing—and differentiates theoretical concepts from 
validated, industrially scalable solutions.

Conceptual Framework
To organize evidence and provide analytic clarity and avoid terminological redundancy, this review uses two operational 
concepts. The Velocity Gap refers to the mismatch between rapidly accelerating upstream computational design/triage 
and comparatively rate-limiting downstream experimental, CMC, and clinical validation under GxP constraints. The 
Bio–Digital Gap refers to the translation and traceability discontinuity between in silico representations (datasets/model 
outputs) and biological/manufacturing reality, including domain shift, assay heterogeneity, provenance limitations, and 
comparability challenges. Together, these constructs explain why AI capabilities can advance quickly while end-to-end 
productivity gains remain uneven in regulated pharmaceutical settings. For clarity, we use the Velocity Gap to denote 
throughput/validation constraints (cycle time, capacity, evidence generation) and the Bio–Digital Gap to denote transla
tion/traceability constraints (external validity, provenance, comparability) across the lifecycle.

Managing the Speed of AI Disruption
In practice, increasing the speed of predictive models does not automatically shorten the drug discovery cycle time, as 
experimental validation, logistics, and automation reliability are often key constraints.18,19 This section outlines the 
metrics and failure modes that contribute to the velocity gap, as well as realistic mitigation strategies (automation, data 
integration, and governance).

The Validation Bottleneck in AI-Driven Discovery
The most upstream transformation occurs during drug discovery. The integration of Deep Generative Models (DGMs) 
has replaced the “needle in a haystack” paradigm with “Inverse Design.” AI models now not only generate structures, but 
also use Multi-Objective Optimization (MPO) algorithms to rank candidates based on a combined score of binding 
affinity, solubility, and synthesizability.20 Algorithms such as GANs and Diffusion Models are capable of designing 
molecules de novo with predicted ADMET properties.20,21
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However, these advances can widen the Velocity Gap. AI can generate thousands of high-quality candidates within 
hours, whereas synthesis and experimental validation remain constrained by physical throughput and GxP-aligned 
workflows. Consequently, the volume of in silico candidates can exceed current laboratory capacity for timely validation. 
The result is a backlog of unvalidated innovations, where out of thousands of AI candidates, only a handful can be 
physically tested, increasing the risk of potential candidates being overlooked.21–23

The Reality Gap in Preclinical Simulations
Disruptions continue into the preclinical phase. Algorithms such as Graph Neural Networks (GNNs) are used to predict 
toxicity to reduce animal experimentation.20,21,23 However, these efforts face a “Translational Gap.” Models trained on 
homogeneous datasets often fail to generalize to dynamic biological systems (overfitting), simply “memorizing” dataset 
patterns without understanding chemical principles.24,25 This weakness is not only an accuracy issue but also a security 
vulnerability; biased models are more easily manipulated, a risk discussed further in Section 2.6.

Regulatory studies indicate that although regulators are starting to acknowledge organ-on-chip data, animal data 
continues to be the benchmark for global safety standards.26,27 This results in a dual inefficiency: companies perform AI 
simulations for internal evaluation yet are still required to conduct traditional animal testing for external compliance.

The Rise of Synthetic Clinical Trials
Digital twins—virtual representations of trial participants derived from longitudinal clinical data—have been proposed as 
a way to reduce reliance on concurrent control arms and, in specific contexts, may help improve trial efficiency while 
maintaining statistical power.23,27 Such approaches use patient-level modelling to generate counterfactual trajectories and 
support in silico simulations and power calculations intended to support regulatory evidence planning.23 Consistent with 
the TRL mapping (Table 1), digital twins for hyper-personalisation remain predominantly early-stage (pilot/limited 
deployment), with regulatory use contingent on rigorous assurance and external validation. Importantly, these gains 
should not be assumed universally; their acceptability depends on fit-for-purpose validation, endpoint comparability, 
robust provenance/traceability, and ongoing monitoring and change control under a GxP-aligned QMS.

Regulatory frameworks have not yet established consensus on the validity of SCA relative to randomized clinical trial 
controls, underscoring ongoing epistemological and acceptance challenges for synthetic data in drug development.62 

Without a global consensus, these innovations risk delaying market access due to uncertainty about approval.

The Challenges of Smart Manufacturing in Pharma 4.0
The tension between the digital vision and physical reality is also evident in the manufacturing sector. The Pharma 4.0 
concept, which focuses on real-time sensors, IoT, predictive maintenance, and closed-loop control, promises adaptive 
manufacturing based on real-time sensor data and predictive maintenance.63 However, actual implementation is ham
pered by infrastructure inertia and high capital expenditures (CapEx). Legacy facilities designed for rigid batch processes 
are difficult to convert to closed-loop systems without costly revalidation processes.63,64 Pharma 4.0 demands the ability 
to produce small batches or even personalized drugs (such as 3D printing) cost-effectively. Any variability in raw 
materials or process conditions must be tightly managed to avoid compromising Critical Quality Attributes (CQAs).63

Regulatory Lag and the Black Box Dilemma
The most profound systemic impact has occurred in the field of regulatory science. The crux of the problem lies in the 
validation of the algorithmic decisions. Deep learning models with the highest predictive accuracy are often “black box” 
in nature. The more complex an algorithm is, the lower its interpretability, making it difficult for regulators to validate the 
model’s credibility and ensure the absence of hidden biases.65 This contradicts the principle of pharmaceutical regulation, 
which demands transparency in causality to ensure patient safety.40,66

In the evolving EU regulatory context, AI systems used in medical device settings may be subject to high-risk 
obligations depending on their intended use and classification under the EU AI Act, which can include requirements 
related to transparency, human oversight, and robust technical documentation.67 This may be particularly relevant where 
the AI system functions as a safety component of, or is itself, a regulated medical device. These requirements can create 
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Table 1 Pharma Lifecycle Use-Case Matrix: Typical Evidence Levels, Technology Maturity (TRL), and Regulatory Touchpoints

Lifecycle 
Domain

Capability Typical 
Evidence 

Level

Indicative 
Maturity 

(TRL 
Band)

Regulatory Touchpoints Refs

Discovery/ 

Preclinical

In silico mutagenicity assessment and triage in line with ICH M7: 

application of two complementary (Q)SAR models (expert rule- 
based and statistical-based) to predict bacterial Ames outcomes. 

When predictions are discordant or inconclusive, an expert review 

is performed to provide scientific justification and/or to trigger 
confirmatory Ames testing. Outputs support ICH M7 hazard 

classification and the selection of an appropriate control strategy for 

impurities predicted to be positive.

E2–E4 4–9 ● ICH M7(R2) requires two complementary (Q)SAR methods, one 

rule-based and one statistical-based.
● If results are discordant or inconclusive, perform expert review 

with additional justification and/or confirm with an Ames test.
● Models should be validated and well documented following 

OECD principles and QMRF, with applicability-domain 
assessment.

● Positive predictions should be managed using ICH M7 control 

options 1–4, including fate or purge arguments when applicable.

[28–30]

Discovery 3D Generative Design uses diffusion or transformer combined with 

GNN to generate new candidate molecules and perform lead 
optimization, including atom and bond generation and property 

guidance such as QED, SA, LogP, TPSA, and affinity prediction.

E1–E2 3–5 There are no detailed guidance for DGM at the discovery stage, so 

it is generally positioned as a decision-support or discovery tool. 
Therefore, the focus is on governance and traceability through data 

provenance, dataset documentation, and benchmarks and evaluation 

metrics, controlling for hallucinations and inaccuracies, and 
auditability of claims regarding structural validity, drug-likeness, 

synthetic accessibility, and model assumptions.

[31–36]

Discovery Closed-loop automation with a Lab-in-a-Loop or self-driving labs 

approach, combines active learning and robotics or automation to 
accelerate the DMTA cycle.

E2–E3 4–6 There are no truly specific guidelines or “hard guidance” for closed- 

loop automation at the discovery stage. Regulatory frameworks are 
generally approached through the principles of governance, 

validation, and conformity to intended use. A literature review of 

self-driving labs and closed-loop discovery shows that this field is 
still developing, with many pilot studies or limited implementations 

and challenges in integrating systems, data, and processes.

[31,37–39]

Discovery Privacy-based collaboration through federated learning, such as 

MELLODDY, to train models across institutions without moving or 

sharing raw data.

E2–E3 4–6 Regulatory concerns generally place more emphasis on data 

governance and privacy compliance, auditability and decision trails, 

and bias and data shift controls, than on regulating federated 
learning techniques themselves.

[31,40–42]
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Preclinical 
(MIDD)

Utilization of AI in conjunction with PBPK and QSP for translation 
and decision support in MIDD, including dose determination, PK/PD 

prediction, and scenario simulation, with the aim of supporting 

model validation and development decision making.

E2–E4 5–8 PBPK has a clear regulatory framework for reporting and submission, 
including report structure, transparency of assumptions, and 

parameter justification. With available guidance, such as from the 

EMA, it is more regulatory-anchored than AI components. 
Meanwhile, the use of QSPs in submissions is increasing and is used 

across development stages, but evidence requirements are generally 

assessed on a case-by-case basis based on the intended use and 
validation strategy. 

[43–46]

Clinical Optimization of clinical trial design and evidence augmentation using 
RWE, including optimization of eligibility criteria with Trial 

Pathfinder and the use of external controls or synthetic control 

arms based on RWD.

E2–E4 7–8 The regulatory framework follows FDA guidelines for externally 
controlled trials and modern GCP principles ICH E6(R3). Analyses 

typically use the propensity score (sIPTW) and incorporate 

sensitivity analyses. The Pathfinder trial exemplifies the use of RWD 
to optimize eligibility, with validation based on Flatiron Health data 

demonstrating that broadening criteria can improve patient 

eligibility without changing the hazard ratio in a retrospective 
analysis.

[43–49]

Clinical Digital twins based on patient simulation and counterfactual 
scenarios to support hyper-personalization.

E1–E2 3–6 There are no specific regulatory guidelines for digital twins, so they 
are generally treated as PoCs or pilots, with an emphasis on AI 

governance. Most reported systems remain proof-of-concept or 

early clinical research; fully bidirectional, continuously updated twins 
are uncommon. A small number have reached TRL 5–6 through 

limited trials in clinics or hospitals.

[50–52]

Manufacturing 

(GMP)

Smart manufacturing analytics for GMP, including predictive 

maintenance, process monitoring and anomaly detection, and 

computer vision for inspection and visual quality control.

E3–E4 7–9 Regulatory frameworks are beginning to accommodate structured 

evaluations for AI/ML-based advanced manufacturing, including risk- 

based assurance, validation, and oversight approaches. Under the 
EU AI Act, some AI systems used in regulated industrial contexts 

may fall under high-risk obligations depending on intended use and 

sectoral linkage, which would imply stronger requirements for 
documentation, transparency, human oversight, and post-market 

monitoring. Industrial implementations report operational benefits 

such as accelerated test-to-release pipelines, but still require change 
control, data integrity, and auditable performance evidence.

[53–58]

(Continued)
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Table 1 (Continued). 

Lifecycle 
Domain

Capability Typical 
Evidence 

Level

Indicative 
Maturity 

(TRL 
Band)

Regulatory Touchpoints Refs

Evaluation/ 
Supply chain

QR or RFID-based traceability and provenance with interoperable 
electronic tracking, with the option of using blockchain as an 

additional layer for integrity and audit trail.

E2 - E3 3–5 The DSCSA encourages interoperable electronic tracking with 
a transition or stabilization period. Studies and pilots demonstrate 

the potential for increased efficiency and counterfeit drug detection, 

but are hampered by cost, interoperability, and scalability. In 
blockchain-based approaches, sensitive data is typically stored off- 

chain, with only hashes or pointers recorded, for example via IPFS, 

to maintain privacy and traceability.

[59–61]

Notes: E1: conceptual/theoretical proposals, early prototypes. E2: proof-of-concept/retrospective benchmarks. E3: prospective evaluation/controlled pilots in relevant settings. E4: validated deployment/operational performance evidence 
(GxP-aligned where applicable).
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a documentation and auditability burden: deep learning models with clinical potential are often challenging to justify in 
a regulator-ready form because of complex data dependencies, limited interpretability, and performance sensitivity to 
distribution shift.

This tension between predictive performance and regulatory-grade assurance (documentation, transparency, trace
ability, and human oversight) has intensified interest in Explainable AI (XAI) and broader assurance approaches that 
support traceability, external validation, and reproducible performance claims.40,67,68 Without sufficiently transparent 
evidence of how a model reaches decisions and under what conditions it remains reliable, AI-enabled innovations may 
stall during regulatory review.68,69

Legal Risks and Security Threats in AI Models
Operational issues are now spilling over into the legal and security realms. As mentioned in Section 2.2, reliance on data 
creates a new vulnerability: “Model Poisoning.” Malicious actors can manipulate (biased or unprotected) training data to 
undermine the integrity of drug safety predictions, shifting cyber issues from a direct threat to patient safety.41

Furthermore, Intellectual Property (IP) uncertainty is a barrier. Student-Aided Learning (SAL) Practical Report (2025) 
and The United States Patent and Trademark Office (USPTO) guidelines (2024) confirm that purely AI-based inventions 
are difficult to patent without “significant human contributions”, creating asset protection risks for digital pharmaceutical 
companies.70–72

The Human Capital Crisis: Obsolescence of Expertise
The effective deployment, validation, and governance of AI-enabled workflows can be restricted by skill disparities and 
role misalignment, which are significant human-capital constraints, representing a critical human capital challenge across 
the entire pharmaceutical product lifecycle, from research and development to clinical translation, manufacturing, and 
commercialization. Skill deficits are identified as a significant impediment to business transformation in global employer 
surveys, and they predict a significant disruption in skills in the coming years. This suggests the necessity of a systematic 
upskilling and reskilling process.73,74

In the biopharmaceutical sector, industry reports similarly emphasise the “crossover” between digital capabilities and 
domain-specific scientific expertise, as well as the shortages in computational and digital skills. Consequently, we employ the 
term “bilingual” to indicate cross-disciplinary translation proficiency—professionals who are capable of operationalising 
domain enquiries into data/Machine Learning (ML) tasks and interpreting model outputs within the context of pharmacology 
and clinical constraints—thereby minimising the likelihood of underutilisation or misapplication of advanced tools.75

Educational curricula must address several issues. The lack of personnel who understand the interaction between data 
science and pharmacy exacerbates the “black box” problem of algorithms, where AI decisions become difficult for 
regulators to explain and verify.65 Moreover, the transition toward Pharma 4.0 requires not only technical AI and data 
science skills, but also the preservation of critical thinking, clinical judgment, and ethical accountability. Overreliance on 
AI without a foundational understanding may undermine professional competence and increase the risk of errors with 
serious clinical consequences.76,77

Strategic Imperatives to Close the Velocity Gap and Improve Bio–Digital 
Translation
The previous section shows that today’s limited AI adoption can create validation bottlenecks, regulatory ambiguity, and 
talent gaps. Without ecosystem-level changes, investment in AI may not translate into higher R&D output because digital 
iteration can outpace evidence generation and real-world translation. Therefore, the industry must move beyond pilots 
toward strategic pillars that align AI’s digital velocity with operational and GxP realities.

Data Harmonization: From Fragmented Silos to “Smart Data”
Current AI models are highly dependent on the quality and accessibility of their training data. Therefore, data 
harmonization is a prerequisite for reducing the Bio–Digital Gap, the misalignment between in silico output and 
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biological/manufacturing reality, often driven by inconsistent or unauditable data. Data fragmentation (“Silos”) causes 
models to simply “memorize” biased datasets rather than learning chemical principles. The fundamental challenge is no 
longer simply volume (Big Data), but interoperability (Smart Data).23

According to the principles of Data Democratization, harmonization must be implemented to break down the silos between 
the discovery, clinical, and manufacturing phases. Without this strategy, algorithms are vulnerable to the risk of “garbage in, 
garbage out”.78 The implementation of the Findable, Accessible, Interoperable, Reusable (FAIR) principles and the establish
ment of a Single Source of Truth (SSOT) are vital mechanisms. This ensures that every department has access to standardized 
data, enabling cross-functional collaboration previously hampered by data access restrictions.77 The Attributable, Legible, 
Contemporaneous, Original, and Accurate (ALCOA+) principles must also be applied to maintain data integrity from R&D to 
post-marketing.23,79

Bridging the Bio–Digital Gap: Model-Informed Validation
To address the “Translational Gap” in the preclinical phase, the industry requires a hybrid validation approach capable of 
detecting risks early. This risk is compounded by the limitations of model generalization, where AI may generate 
candidates that appear chemically plausible but have undesirable toxicity profiles or do not exhibit adequate biological 
activity.80 As a mitigating solution, the synergistic integration of Model-Informed Drug Development (MIDD) is 
emerging. This approach combines the power of data-driven AI with physiological mechanistic models (such as 
Quantitative Systems Pharmacology (QSP)/Physiologically Based Pharmacokinetics (PBPK)) to simulate drug interac
tions in virtual populations before conducting physical trials.81 Furthermore, the importance of rigorous In-Silico 
Validation protocols—using molecular dynamics simulations as an initial filter—before drug candidates enter the 
bottleneck of physical experiments minimizes the attrition rate in later stages.82

Regulatory Innovation: Sandboxes and Glass Box AI
The tension between “black box” model-based innovation and regulators’ expectations for auditability and traceable 
evidence requires new trust-building mechanisms. One approach that is gaining prominence is the regulatory sandbox, 
which allows controlled trials with regulators to explore pathways to evidence, validation, and post-market surveillance 
without exposing patients to unnecessary risks. A concrete example is the MHRA AI Airlock in the UK, a sandbox for 
AI as a Medical Device that launched in 2024 and ran a pilot phase until 2025, producing a program report and initial 
recommendations on AI-specific regulatory issues. Phase 2 includes seven technologies; candidates are expected to test 
in the Airlock until March 2026, and the Phase 2 programme runs until April 2026. The structure of Phase 2 explicitly 
targets challenges relevant to AIaMD, including managing evolving models, regulating AI for diagnostics, and strength
ening post-market surveillance—so the sandbox serves as a space to generate practical lessons learned (policy-relevant 
evidence) that can inform the development of subsequent regulatory approaches and technical guidance.83,84

In a position also emerging in the European Union, the EU AI Act adopts a risk-based approach; AI systems that are 
part of medical devices or serve as safety components can be categorized as high-risk depending on the relevant 
classification and conformity assessment pathway, with implementation of obligations gradually occurring.69 In this 
context, XAI and its “assurance” approach (such as auditable technical documentation, cross-context performance 
evaluation, drift monitoring, and change control) are critical components for bridging the gap between predictive 
performance and regulatory evidence requirements. Rather than treating XAI as a single solution, a more realistic 
framework is a proof package that combines explainability with external validation, provenance/traceability, and model 
lifecycle governance to ensure AI-based decisions can be assessed credibly in a GxP setting.22,40

Workforce Transformation: Cultivating the Cross-Disciplinary Scientist
Technological disruption demands a transformation of human capital to reduce friction in collaboration between 
pharmacologists and data scientists. In this article, we use the term “bilingual scientist” operationally to refer to a cross- 
disciplinary profile capable of (i) understanding core data/AI concepts (such as data quality, applied statistics, interpret
ability, and model performance evaluation) and (ii) translating pharmacological/biomedical scientific needs and con
straints (such as biological validity, study design, and clinical significance) into precise analytical specifications.75–77
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This need for interdisciplinary competencies is relevant not only in early research but also at stages close to high- 
stakes decisions (such as clinical trial design and monitoring, evidence generation strategies, and validation/Quality 
Assurance (QA) processes for model use in workflows). Within the Human-in-the-Loop framework, the role of 
interdisciplinary scientists can be focused on specific governance functions: establishing scientific validity criteria, 
ensuring adequate verification/validation processes, and managing the risk of bias and failure modes before analytical 
results are used for patient-impacting decisions.

Proposed Solution: Lab-in-a-Loop
To overcome the translation bottleneck, we propose a closed-loop discovery (“Lab-in-a-Loop”) approach. In this system, 
AI predictions are validated directly by automated experimentation, and the results are fed back to retrain the model in 
near real time.23,85 This mechanism uses Active Learning, where AI strategically selects the most informative experi
ments to reduce model uncertainty. Operating 24/7, the system drastically narrows the gap between digital design and 
empirical evidence.86,87

The transition to autonomous systems faces significant implementation barriers. Financially, building an integrated 
robotics facility requires a significant initial capital investment (CapEx), which can be prohibitive for budget-constrained 
mid-sized companies. Technically, integrating legacy laboratory hardware with modern AI algorithms poses non-trivial 
interoperability challenges. Furthermore, most current implementations of autonomous laboratory systems remain at 
a maturity level ranging from proof-of-concept to limited validation in relevant environments (Technology Readiness 
Level (TRL) 4–6), and have not yet reached full-scale industry standard status (TRL 9).

Intermediary Technology: Blockchain as a Data-Integrity Layer in the AI Ecosystem
While the ALCOA+ and FAIR principles provide the foundation for internal data quality, blockchain acts as an 
intermediary layer when data needs to cross organizational boundaries. In this context, blockchain does not replace 
existing Good Practice (GxP) systems, but rather complements them with three key functions. First, as a digital “notary”, 
blockchain can provide a tamper-evident record, helping to demonstrate that data from Manufacturing Execution Systems 
(MES)/Laboratory Information Management Systems (LIMS) has not undergone undocumented changes after being 
exported from internal databases. Second, blockchain enables verifiable provenance, ensuring the provenance of AI data 
—for example, sensor data from raw material suppliers—has a transparent and auditable track record. Third, blockchain 
supports trustless collaboration, where organizations can share data with external partners without the need for a central 
authority while maintaining accountability according to regulatory standards.88,89 The study results show that most 
solutions are still exploratory (around TRL 3), which suggests blockchain is currently more suitable for pilot or limited- 
scale deployments than as a standard platform ready for GxP.90

Future Trajectories: The Second Wave of Disruption
The integration of AI in pharmaceutical sciences is currently in its formative phase. While its long-term potential is 
promising, we propose that the future of the industry will not be an instant “wave of disruption”, but rather a gradual 
evolution dependent on overcoming current technical barriers. This section outlines a future scenario based on techno
logical plausibility, not inevitability, in which the convergence of digital biology and advanced computing could redefine 
the boundaries of precision medicine.

From Population to Hyper-Personalization
Precision medicine is increasingly moving beyond “one size fits all”, and digital-twin concepts combined with multi- 
omics data have been proposed to support patient-specific in silico scenario testing. Most digital-twins use for hyper- 
personalisation remains early-stage, and credible clinical use requires external validation, endpoint comparability, 
provenance/traceability, and ongoing monitoring under appropriate governance.91,92

In drug discovery, generative AI is progressing rapidly but still faces limitations (such as bias and hallucination-like 
errors). Near-term value is best framed as decision support for lead ideation and prioritisation with experimental 
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confirmation, patient-specific molecular optimisation should be presented as aspirational until demonstrated prospec
tively and reproducibly.93

The Convergence of Computing: Quantum and Edge AI
Current limitations of high-fidelity molecular simulation on classical computers have motivated interest in quantum 
computing and Quantum Machine Learning (QML) as potential enablers of future acceleration, particularly for specific 
subroutines in optimization and quantum chemistry. Quantum advantage for drug discovery–relevant tasks (such as 
protein folding, binding affinity prediction, or large-scale combinatorial search) remains unproven in real-world, noisy 
hardware, and most applications today are best viewed as early-stage (TRL 2–4) hybrid workflows that may complement 
—rather than replace—state-of-the-art classical methods. Accordingly, near-term value is more plausibly framed around 
targeted use cases, careful benchmarking, and “proof packages” that demonstrate reproducible performance gains under 
realistic constraints, before claims about expanded chemical space or supercomputer-level validation can be made.94,95

In parallel, data architectures for healthcare AI are increasingly moving toward hybrid cloud–edge designs. Within 
Internet of Medical Things (IoMT) settings, certain processing can be performed locally on devices to reduce latency and 
support privacy-preserving workflows, while centralized infrastructure remains important for model training, audit 
logging, and governance. For high-risk functions—such as adaptive dosing or closed-loop decision support—deployment 
feasibility depends on rigorous external validation, cybersecurity assurance, drift monitoring, and change control under 
a regulated quality system, rather than on edge computing alone.96,97

Trust Architecture: Blockchain and Regulatory Science 2.0
A digital trust layer—covering provenance/traceability, audit trails, monitoring, and change control—may be needed to 
safely scale an increasingly autonomous ecosystem. In parallel, “Regulatory Science 2.0” is increasingly discussed as 
a shift toward a lifecycle-oriented validation model for AI-enabled systems.81 In this framing, regulatory assurance may 
extend beyond static pre-deployment documentation to include ongoing performance monitoring, periodic audits, drift 
detection, and controlled updates, while continuing to rely on fit-for-purpose documentation and risk-based review.

In this context, explainability and broader assurance practices are likely to become increasingly expected in regulated 
clinical AI workflows, supporting transparency, auditability, and fit-for-purpose evidence packages for machine-assisted 
decision-making.66 In parallel, regulatory sandbox models are being used to enable regulator–developer collaboration in 
a controlled setting—for example, the MHRA’s AI Airlock programme provides a supervised environment to test and 
learn from AI as a medical device and to generate practical regulatory insights ahead of, and alongside, market access 
planning.72

Towards Industry 5.0: The Human-Centric Evolution
Realizing the potential of AI-powered pharmaceutical operations requires complementing automation with a human- 
centered approach consistent with Industry 5.0 principles. This implies redesigning roles so that digital tools augment 
human capabilities (such as decision-making support, pattern recognition, and workflow automation) while account
ability, ethical judgment, and contextual interpretation remain with humans (human-in-the-loop).64 Rapid technological 
advances are creating new jobs that require new skills, while simultaneously eliminating existing ones. This dynamic 
nature of the labor market emphasizes the need for workers to continuously adapt.98

Therefore, we recommend a hybrid curriculum that systematically integrates domain science with data/AI compe
tencies rather than treating them as electives. This recommendation aligns with industry reports noting the growing 
demand for data science/data analytics capabilities in the biopharmaceutical sector.75–77 Practically, the curriculum can be 
operationalized into (i) basic data literacy and statistics for scientists, (ii) applied ML/AI concepts with validation and 
bias awareness, and (iii) interdisciplinary project-based training using datasets relevant to the pharmaceutical industry to 
strengthen collaboration between field experts and data specialists.99,100
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Conclusion
This review confirms that the impact of AI on drug discovery, development, and manufacturing is determined not only by 
algorithmic advances, but by the ecosystem’s ability to generate auditable evidence and integrate AI into GxP-based 
workflows. The primary gap lies in the misalignment between the speed of digital iteration and the capacity for real- 
world validation and translation. Consequently, the benefits of AI will not be realized if predictive models stand alone 
without standardized data, clear provenance, and model lifecycle governance. Therefore, the most realistic implementa
tion path is a closed-loop architecture (Lab-in-a-Loop) that connects prediction, experimental design, automation, and 
test result feedback, supported by an assurance package that includes documentation, validation, drift monitoring, and 
change control. Importantly, many of these enablers remain uneven in maturity and are still under active development, 
with adoption varying by use case and regulatory context. Nevertheless, the trajectory is toward more robust lifecycle 
assurance and better-integrated workflows as evidence standards, tooling, and governance practices continue to evolve. 
Ultimately, meaningful productivity will emerge when AI is used to scalably guide experiments and operational decisions 
—transforming computational efficiency into replicable biological evidence and therapeutic benefit.
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