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Abstract

Generative Al technologies are revolutionizing
drug discovery by accelerating the design of novel
compounds, optimizing molecular interactions, and
simulating clinical trials. These advancements
promise to reduce the time and cost of drug devel-
opment significantly. However, generative Al also
introduces unique governance challenges, includ-
ing ethical risks, regulatory compliance, and oper-
ational transparency. Evolving governance policies
present challenges for deploying these technolo-
gies effectively. This work examines these devel-
opments and proposes a comprehensive governance
framework tailored for the responsible deployment
of generative Al frameworks in drug discovery.

1 Introduction

The drug discovery process is notoriously expensive and
time-intensive, often costing over USD 2.8 billion and taking
more than 12 years to develop a single novel drug [DiMasi
et al., 2016]. To address these challenges and rising costs,
adopting more efficient strategies is imperative. Generative
Al (GenAl) is revolutionizing drug discovery by streamlining
the traditionally complex and costly process of identifying vi-
able compounds. By leveraging advancements in algorithmic
design and computational hardware, GenAl facilitates the de-
sign of novel molecular structures and accurately predicts
their biological impacts. This innovation accelerates drug dis-
covery, complements traditional methods, and offers signifi-
cant savings in time and cost [Mak et al., 2024]. Tools such
as DeepMind’s AlphaFold and Nvidia’s BioNemo platforms
exemplify the transformative potential of these technologies
[Jumper et al., 2021] [John et al., 2024]. However, despite the
promise of GenAl in drug discovery, its widespread adoption
raises critical governance challenges.

* How can GenAl outputs align with ethical principles?

* What governance mechanisms ensure compliance with
evolving policies?

* What unique considerations are required for deploying
GenAl in pharmaceutical workflows?

This paper explores recent advancements in Al governance
and proposes a framework to ensure responsible and innova-
tive applications of GenAl in drug discovery.

2 Generative Al in Drug Discovery: Current
Landscape and Challenges
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Figure 1: Projected Growth of Generative Al in Drug Discovery
Market (2024-2034).

The global market for GenAl in drug discovery is estimated
to be USD 204.56 million in 2024 and is projected to reach
approximately USD 2.3 billion by 2034, reflecting a com-
pound annual growth rate (CAGR) of 27.38% over the fore-
cast period !. Such a rapidly developing field presents unique
challenges from an ethical and regulatory point of view.

2.1 Ethical Risks

* Bias in Training Data: Al systems risk perpetuating bi-
ases in drug discovery [Mittermaier et al., 2023], leading
to inequitable healthcare solutions.

* Dual-Use Concerns: Generative models could inadver-
tently create harmful substances, posing security risks
[Urbina et al., 2022].
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2.2 Regulatory and Compliance

Global Al governance regulations are critical for ensuring the
ethical and transparent use of Al in drug discovery. The EU
Al Act, for instance, classifies healthcare Al as high-risk,
mandating strict transparency, risk management, and compli-
ance protocols to prevent misuse, such as unsafe molecule
generation. Similarly, the U.S. SR-11-7, while primarily for
banking, emphasizes model validation and monitoring to en-
sure Al systems perform as intended without drifting from
their purpose. In China and across Asia-Pacific, emerging
frameworks prioritize privacy and ethical safeguards, while
Canada’s Directive on Automated Decision-Making high-
lights the importance of human oversight in high-impact sys-
tems. In the pharmaceutical domain, the FDA and EMA
play pivotal roles in regulating drug development processes,
including Al-driven innovations [Agency, 2024; Food and
Administration, 2024]. Both agencies emphasize the need
for transparency, reproducibility, and alignment with safety
and efficacy standards for regulatory approval. These frame-
works, alongside guidance from the FDA and EMA, provide
insights to inspire a holistic governance process for address-
ing the unique challenges of generative Al in drug discovery,
ensuring ethical and responsible innovation.

3 Governance Framework Considerations

i. Societal and Stakeholder Impact

 Stakeholder Inclusion: Engage diverse stakeholders,
including patients, healthcare professionals, and regula-
tors, to ensure solutions align with societal needs.

* Anticipate Risks: Evaluate potential negative out-
comes, such as inequitable access to Al-generated drugs
or misuse of Al for harmful applications.

ii. Bias Control

e Data Audits: Regularly review training datasets for bi-
ases, especially in underrepresented populations, to pre-
vent skewed results.

¢ Clinical Inclusivity: Incorporate diverse demographic
and genomic data to ensure generated drug candidates
are effective across varied populations.

iii. Transparency & Explainability
* Model Explainability: Develop tools to provide in-
sights into how molecules are generated and why spe-
cific candidates are selected for further testing.

* Regulatory Readiness: Maintain clear documentation
of Al models, datasets, and algorithms to meet the trans-
parency standards set by regulatory bodies such as the
FDA and EMA.

iv. Accountability: Lifecycle Management

* Defined Roles: Establish clear accountability structures
across teams managing data curation, model develop-
ment, and deployment.

¢ Ethical Oversight: Create an Al ethics board to re-
view potential risks, monitor compliance with regulatory
frameworks, and manage ethical dilemmas.

v. Safety and Security
* Pre-deployment Testing: Conduct rigorous safety tests
to validate the reliability of Al models in generating vi-
able drug candidates.

¢ Continuous Monitoring: Deploy automated monitor-
ing systems to identify performance drift, anomalies, or
safety risks in real-time.

* Model Security: Safeguard Al models against cyber
threats that could compromise sensitive pharmaceutical
data.

vi. Privacy Protection and Data Security

e Privacy by Design: Implement encryption and
anonymisation techniques when handling patient data.

* Compliance Assurance: Ensure all Al processes com-
ply with global privacy laws, such as GDPR and HIPAA.

vii. Implementation Strategies
1. Bias Monitoring and Equity Assurance: Regularly
assess Al outputs for biases that may exclude under-
represented populations and collaborate with clinical
researchers to test the efficacy of Al-generated com-
pounds.

2. Consumer and Patient Protection: Use GenAl to de-
sign safer drugs by predicting and reducing potential
toxicity during molecule generation and ensure all out-
puts meet regulatory standards before clinical trials.

3. Worker Support and Collaboration: Equip re-
searchers and developers with tools to integrate Al in-
sights into traditional workflows and provide ongoing
training on Al advancements and governance require-
ments.

4. Global Leadership and Innovation: Align GenAl
practices with international standards, promote cross-
border collaborations, and encourage open-source inno-
vation while maintaining governance protocols.

viii. Measuring Governance Effectiveness

Organizations must implement metrics to monitor and evalu-
ate the effectiveness of governance strategies:

e Data Quality Metrics: Track the diversity, complete-
ness, and accuracy of training datasets.

* Model Reliability Indicators: Monitor success rates of
Al-generated candidates advancing to clinical trials.

* Compliance Audits: Conduct periodic reviews to en-
sure adherence to regulatory requirements and internal
governance policies.

¢ Cost-Benefit Analysis: Measure the value Al adds to
drug discovery processes, such as reduced timelines and
costs.

Conclusion

This proposed governance framework ensures that GenAl is
utilised responsibly in drug discovery by addressing ethical,
technical, and regulatory challenges. By adhering to these
principals, organizations can drive innovation while safe-
guarding patients, stakeholders, and broader society.
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A Generative AI Powered vs Classical Drug
Discovery



Table 1: Comparison Between Traditional and Generative Al-Powered Drug Discovery Approaches

Aspect Traditional Drug Discovery Generative Al-Powered Drug
Discovery

Process Sequential and linear; progress de- | Iterative and adaptive; models re-
pends on step-by-step experimenta- | fine outputs based on feedback.
tion.

Effort Labor-intensive; researchers man- | Data-driven and automated; algo-
ually design experiments and test | rithms generate molecules and pre-
compounds. dict outcomes.

Timeline Time-consuming; often requires | Faster; can reduce timelines by two-
years to develop a viable candidate. | thirds compared to traditional meth-

ods.

Cost Extremely expensive; costs often | Cost-efficient; delivers results at a

exceed billions of dollars.

fraction (as low as one-tenth) of tra-
ditional costs.

Data Integration

Limited to experimental results and
predefined compound libraries.

Leverages diverse datasets, includ-
ing genomic, chemical, clinical,
and literature data.

Target Selection

Limited to known and predefined
biological targets.

Identifies multiple alternative tar-
gets for experimentation using Al-
driven insights.

Personalization Focused on developing treatments | Highly personalized; leverages
for broader populations. patient-specific biomarkers to tailor

drug candidates.
Scalability Challenging to scale; each project | Highly scalable; AI models can

requires significant manual effort.

analyze and design for multiple
projects simultaneously.

Risk Assessment

Relies heavily on trial-and-error
with limited predictive tools.

Uses predictive analytics to assess
safety and efficacy earlier in the
pipeline.

Innovation Potential

Incremental; heavily reliant on
prior knowledge and standard ap-
proaches.

Disruptive; capable of discover-
ing entirely novel compounds and
mechanisms of action.

Regulatory Pathway

Relies on standardized frameworks
but faces challenges with new
mechanisms.

Requires new regulatory guidelines
to address Al-generated outputs and
explainability.
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