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ABSTRACT

Artificial intelligence (AI) and machine learning
(ML) are rapidly transforming pharmaceutical
research, development, manufacturing, and clinical
practice. From drug discovery and predictive
toxicology to clinical decision support and
pharmacovigilance, Al-driven models promise
improved efficiency, reduced costs, and enhanced
patient outcomes. However, the performance,
reliability, and trustworthiness of these models are
fundamentally dependent on the quality, structure,
and governance of the underlying data.
Pharmaceutical data are often heterogeneous,
incomplete, biased, noisy, and generated across
disparate systems, creating significant challenges for
Al deployment. In parallel, the FAIR data principles
Findable, Accessible, Interoperable, and Reusable
have emerged as a global framework to improve
data stewardship and reproducibility. This review
critically examines the role of data quality and FAIR
principles in building reliable Al models in the
pharmaceutical domain. We discuss common
sources of “messy” data across the drug lifecycle,
methods for assessing and improving data quality,
strategies for FAIR implementation, and the ethical,
regulatory, and organizational implications of Al-
driven decision-making. Finally, future perspectives
are outlined to guide the development of robust,
transparent, and trustworthy Al systems in pharma.

Keywords: Artificial intelligence, pharmaceutical
data, data quality, FAIR principles, machine
learning, regulatory science, trustworthy Al

I.  Introduction
The pharmaceutical industry is undergoing
a digital transformation driven by advances in data
generation technologies, high-performance
computing, and artificial intelligence (AI). Large
volumes of data are produced throughout the drug
development lifecycle, including chemical and
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biological screening data, omics datasets, preclinical
studies, clinical trial results, real-world evidence
(RWE), electronic health records (EHRs), and post-
marketing surveillance datall. Al and machine
learning (ML) techniques are increasingly applied to
extract knowledge from these data, enabling
predictive modeling, decision support, and
automation.

Despite these opportunities, pharmaceutical
data are rarely “Al-ready.” Data are often
fragmented across silos, collected for different
purposes, stored in incompatible formats, and
affected by errors, missing values, and bias. These
issues collectively contribute to the problem of
“messy data,” which can undermine model
performance, reproducibility, and regulatory
acceptance ?1. Moreover, lack of transparency and
poor data governance raise ethical and legal
concerns, particularly when Al systems influence
patient safety or regulatory decisions.

The FAIR data principles provide a
structured approach to improving data management
and reuse. When combined with rigorous data
quality practices, FAIR-aligned datasets can
significantly =~ enhance  the reliability and
interpretability of Al models. This review explores
how data quality frameworks and FAIR principles
can be integrated to support robust Al applications
in pharma B,

II.  AI Applications Across the
Pharmaceutical Lifecycle
2.1 Drug Discovery and Preclinical Research
Al is widely used in target identification,
virtual screening, de novo drug design, quantitative
structure—activity relationship (QSAR) modeling,
and predictive toxicology. These applications rely
on chemical, biological, and omics datasets that are
often noisy, imbalanced, and experimentally
heterogeneous!.
Al methods such as deep learning, graph
neural networks, and reinforcement learning are
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increasingly applied to target identification, hit-to-
lead optimization, and de novo molecular design.
These models depend heavily on curated chemical
libraries, bioassay databases, and omics datasets.
However, experimental variability, batch effects,
and inconsistent annotation of biological endpoints
introduce noise that can lead to false-positive
predictions 1. Ensuring data quality at this stage is
critical, as early-stage errors propagate downstream
and increase late-stage attrition.

2.2 Clinical Development

In clinical trials, AI supports patient
stratification, adaptive trial design, biomarker
discovery, and outcome prediction. Clinical datasets
are complex, longitudinal, and subject to protocol
deviations, missing data, and population bias.Poor
data quality or biased datasets may lead to
unreliable efficacy or safety predictions, raising
ethical and regulatory concerns. FAIR-aligned
clinical datasets enable reuse across trials and
support model-informed drug development (MIDD).

2.3 Manufacturing and Quality Control

Al-driven process analytical technology
(PAT), predictive maintenance, and anomaly
detection are increasingly adopted in pharmaceutical
manufacturing. Data quality issues may arise from
sensor  drift, batch-to-batch  variability, and
inconsistent metadata.

Al-driven  analytics are applied in
pharmaceutical ~ manufacturing  for  process
optimization, real-time release testing, and deviation
detection. Manufacturing data often originate from
sensors and automated systems, making them
susceptible to drift, calibration errors, and
inconsistent metadata. High-quality, interoperable
data are essential to ensure compliance with Good
Manufacturing Practices (GMP) and to support
regulatory inspections [®),

2.4 Post-Marketing Surveillance and Real-World
Evidence

Pharmacovigilance and real-world evidence analysis
leverage spontaneous reporting systems, EHRs, and
claims data. These data sources are unstructured,
incomplete, and prone to reporting bias, posing
challenges for reliable Al-based safety signal
detection.

Al is increasingly  used to analyze
pharmacovigilance databases, electronic health
records, and insurance claims for safety signal
detection and effectiveness studies. These real-
world data sources are unstructured, incomplete, and

biased toward specific populations. Applying FAIR
principles improves traceability and reproducibility,
while robust data qualities frameworks help mitigate
reporting bias and confounding ["1.

III.  Characteristics and Sources of Messy
Data in Pharma

3.1 Heterogeneity and Data Silos
Pharmaceutical data originate from diverse
platforms, instruments, and  organizations.
Differences in data models, terminologies, and
standards limit interoperability and integration.
3.2 Incompleteness and Missing Values
Missing data are common in clinical trials and real-
world datasets due to patient dropouts, inconsistent
reporting, or technical failures. Inadequate handling
of missingness can bias Al models®].
3.3 Noise, Errors, and Variability
Experimental variability, manual data entry errors,
and measurement noise reduce signal-to-noise
ratios, affecting model accuracy and
generalizability.
3.4 Bias and Imbalance
Selection bias, demographic underrepresentation,
and class imbalance can lead to unfair or unsafe Al
predictions, particularly in clinical decision-making
contexts.

IV.  Data Quality Dimensions and

Assessment

4.1 Key Data Quality Dimensions

Commonly recognized dimensions of data quality in

pharma include:

* Accuracy: Correctness of data values

* Completeness: Degree to which all required data

are present

* Consistency: Agreement across datasets and

sources

*  Timeliness: Data

appropriate timeframe

* Validity: Conformance to defined formats and

standards

* Provenance: Traceability of data origin and

transformations

4.2 Data Quality Assessment Methods

Quantitative  metrics, rule-based  validation,

statistical ~ profiling, and anomaly detection

techniques are used to assess data quality. Al itself

can support automated data cleaning and error

detection 197,

4.3 Impact of Data Quality on AI Models

Poor data quality propagates through the Al

pipeline, leading to overfitting, reduced robustness,

availability within an
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lack of reproducibility, and diminished regulatory
trust.

FAIR Principles: Concept and Relevance
to Pharma Al

5.1 Overview of FAIR Principles
The FAIR principles aim to ensure that data are:
* Findable: Assigned persistent identifiers and rich
metadata
* Accessible: Retrievable via standardized protocols
* Interoperable: Using shared vocabularies and
formats
* Reusable: Well-described with clear usage
licenses and provenance
5.2 FAIR in the Pharmaceutical Context
FAIR implementation supports data reuse across
discovery, development, and regulatory
submissions. It enhances collaboration,
reproducibility, and  long-term  value  of
pharmaceutical datasets ['1],
5.3 FAIR and Regulatory Science
Regulatory agencies increasingly emphasize data
transparency, traceability, and reproducibility.
FAIR-aligned datasets facilitate auditability and
support model-informed drug development (MIDD).

VI. Integrating Data Quality and FAIR for
Reliable AI

6.1 Data Curation and Standardization

Adoption of common data models, controlled
vocabularies (e.g., CDISC, MedDRA), and
ontologies improves interoperability and model
transferability 121,

Data curation involves cleaning, normalization,
annotation, and alignment with accepted standards.
Use of common data models such as CDISC for
clinical data, OMOP for observational data, and

standardized  terminologies like =~ MedDRA,
SNOMED CT, and RxNorm enhances
interoperability and reduces ambiguity.

Standardization improves cross-study comparisons
and enables transfer learning across datasets.

6.2 Metadata and Provenance Management

Rich metadata and provenance tracking enable
interpretability, version control, and reproducibility
of Al models.

Rich metadata describing experimental context, data
generation methods, and preprocessing steps are
essential for reproducibility. Provenance tracking
allows tracing of data transformations and model
versions, supporting audit readiness and regulatory
review. FAIR-compliant metadata frameworks also

facilitate automated data discovery and integration
[13]

6.3 Bias Mitigation and Ethical AI

Systematic bias assessment, representative data
collection, and fairness-aware modeling are
essential to ensure ethical and equitable Al
outcomes.

Bias can arise from non-representative datasets,
historical inequities, or measurement errors. Ethical
Al in pharma requires systematic bias assessment,
inclusion of diverse populations, and fairness-aware
modeling approaches. Transparent reporting of data
limitations and model assumptions is essential to
maintain trust and protect patient safety!!'#,

6.4 MLOps and Continuous Data Quality

Monitoring

Integration of data quality checks into MLOps

pipelines allows continuous monitoring, model

updating, and lifecycle management.

Machine learning operations (MLOps) integrate data

quality checks, model validation, and performance

monitoring throughout the Al lifecycle. Continuous

monitoring helps detect data drift, degradation in

model performance, and emerging biases, ensuring

sustained reliability in real-world deployment.
Regulatory, Ethical, and Organizational

Considerations

7.1 Regulatory Expectations

Regulators require transparency, explainability, and

validation of Al models used in decision-making.

Data quality and FAIR alignment are critical

enablers of regulatory acceptance!'”).

7.2 Data Governance and Security

Strong governance frameworks are needed to

manage data ownership, access control, privacy, and

compliance with regulations such as GDPR and data

protection laws.

7.3 Organizational Culture and SKkills

Successful implementation requires cross-functional

collaboration between data scientists, domain

experts, quality professionals, and regulatory

teams!!6],

VIII.  Discussion

The successful application of artificial
intelligence in the pharmaceutical domain is
fundamentally dependent on the quality, structure,
and governance of underlying data. While recent
advances in machine learning and deep learning
have demonstrated impressive capabilities across
drug discovery, clinical development,
manufacturing, and post-marketing surveillance, this
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review highlights that algorithmic sophistication
alone cannot compensate for poor-quality or non-
FAIR data. The discussion below synthesizes key
insights, interprets current limitations, and
contextualizes FAIR principles as a strategic enabler
for trustworthy Al in pharmal'l,

8.1 Data Quality as the Primary Determinant of
Al Reliability

A recurring theme across pharmaceutical
Al studies is that data quality exerts a greater
influence on model performance than model
architecture.  In  real-world  pharmaceutical
datasets—particularly EHRs and RWE issues such
as missing values, inconsistent coding, class
imbalance, and noise are prevalent. These
deficiencies not only degrade predictive accuracy
but also compromise reproducibility and external
validity.

FAIR principles address these issues
indirectly by enforcing structured metadata,
standardized vocabularies, and traceable
provenance. However, FAIR compliance alone does
not guarantee data correctness or clinical relevance.
This highlights the need for integrated data quality
frameworks that combine FAIR principles with
domain-specific  validation, statistical —quality
controls, and expert curation.

8.2 FAIR Principles as an Enabler, Not a
Standalone Solution

The FAIR framework was originally designed to
enhance data reuse and machine readability rather
than to directly optimize AI outcomes. In the
pharmaceutical context, this review emphasizes that
FAIR principles should be viewed as foundational
infrastructure rather than a complete solution ['®,

For example:

Findability improves dataset discoverability but
does not address bias.

Accessibility may be constrained by regulatory and
privacy obligations.

Interoperability reduces semantic ambiguity but
requires widespread adoption of ontologies.
Reusability depends heavily on rich metadata and
clear usage licenses.

Therefore, FAIR must be complemented by ethical
Al practices, bias audits, and continuous monitoring
to ensure that AI models built on FAIR data are also
clinically safe and equitable.

8.3 Impact of Messy Data on Bias and Fairness
Messy data amplify biases already present in
healthcare systems. Al models trained on skewed

clinical trial populations or incomplete real-world
datasets risk systematic underperformance in
underrepresented groups, leading to inequitable
outcomes. This review reinforces that fairness is not
merely a model-level concern but a data lifecycle
issue, starting from data collection and annotation.
The FAIR emphasis on transparency and
provenance provides a pathway to identifying and
documenting bias sources. However, without
proactive bias mitigation strategies such as stratified
sampling, fairness-aware learning, and post-hoc
auditing FAIR data alone may still propagate
inequities!'®.

8.4 Explainability, Trust, and Regulatory
Acceptance

In pharmaceutical and clinical settings, trust is as
critical as accuracy. Regulatory bodies and
clinicians require interpretability to assess whether
Al-driven recommendations are scientifically sound
and clinically meaningful. Black-box models trained
on poorly documented datasets pose significant
barriers to adoption.

The discussion underscores that FAIR-aligned
metadata detailing data origin, preprocessing steps,
and limitations enhance explainability at the system
level, even when model internals remain complex.
This aligns with emerging regulatory expectations
for traceability, auditability, and reproducibility,
especially in Al-based decision-support systems!?",

8.5 Tension Between Data Sharing and Data
Protection

A major challenge identified is the inherent tension
between open data principles and stringent data
protection regulations. While FAIR promotes
accessibility and reuse, pharmaceutical data are
often restricted due to patient privacy, proprietary
interests, and legal constraints.

The discussion highlights federated learning and
privacy-preserving Al as promising compromises,
enabling collaborative model development while
maintaining data sovereignty. Integrating FAIR
metadata standards into federated frameworks could
significantly enhance cross-institutional Al research
without violating regulatory boundaries!l.

8.6 Organizational and Cultural Barriers

Beyond technical limitations, the review identifies
organizational inertia and cultural resistance as
significant barriers to FAIR adoption. Implementing
FAIR  principles requires investments in
infrastructure, workforce training, and long-term
governance strategies. Many pharmaceutical
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organizations still treat data as a secondary by-
product rather than a strategic asset.

The discussion argues that FAIR maturity should be
considered a competitive advantage, improving Al
readiness, regulatory compliance, and innovation
efficiency. Cross-sector collaboration between
academia, industry, and regulators will be essential
to standardize best practices %21,

8.7 Implications for Future Pharmaceutical Al
Research

This review suggests that future Al research in
pharma should shift focus from isolated model
development toward holistic data-centric Al
approaches. Emphasizing dataset documentation,
quality benchmarking, and lifecycle management
will  improve model generalizability and
translational impact.

Moreover, FAIR compliance metrics should be
integrated into Al performance evaluation,
alongside traditional accuracy measures. Such
multidimensional assessment frameworks would
better reflect real-world utility and
trustworthiness!?3.

IX.  Challenges and Limitations

Key challenges include legacy systems, cost and
resource constraints, lack of standardized FAIR
metrics, and resistance to data sharing. Balancing
data accessibility with privacy and intellectual
property protection remains complex.

Despite the growing adoption of artificial
intelligence (Al) across pharmaceutical research,
development, and healthcare, data quality issues and
incomplete  adherence to FAIR (Findable,
Accessible, Interoperable, and Reusable) principles
remain major bottlenecks in building reliable and
generalizable Al models 43,

9.1 Data Heterogeneity and Fragmentation
Pharmaceutical data originate from diverse sources
such as electronic health records (EHRs), clinical
trials, omics platforms, real-world evidence (RWE),
laboratory information systems, and regulatory
submissions. These datasets often differ in structure,
format, scale, terminology, and granularity, leading
to poor interoperability. Inconsistent data standards
hinder integration and reuse, limiting the
effectiveness of Al models.

9.2 Missing, Noisy, and Biased Data

“Messy data” is a defining challenge in pharma Al
Missing values, outliers, mislabeled samples, and
data entry errors reduce model robustness.

Additionally, systematic biases such as under-
representation of certain ethnicities, age groups, or
disease subtypes can result in AI models that lack
fairness and  clinical  validity, potentially
exacerbating healthcare inequalities.

9.3 Limited Data Accessibility and Privacy
Constraints

While FAIR principles promote accessibility,
pharmaceutical data are often restricted due to
patient privacy, intellectual property, and regulatory
constraints. Compliance with data protection
regulations such as GDPR and HIPAA may limit
data sharing and reuse, creating tension between
openness and confidentiality.

9.4 Lack of Standardized FAIR Implementation

Although FAIR principles are widely endorsed, their
implementation  remains  inconsistent  across
organizations and domains. Many datasets are only
partially FAIR, lacking persistent identifiers, rich
metadata, or standardized ontologies. This limits
machine readability and automated data discovery.

9.5 Model Interpretability and Trust
High-performance AI models, especially deep
learning systems, are often criticized as “black
boxes.” In regulated pharmaceutical environments,
lack of explainability undermines trust among
regulators, clinicians, and stakeholders, limiting
real-world adoption despite promising predictive
performance.

9.6 Regulatory and Validation Challenges

Al models trained on low-quality or non-FAIR data
face difficulties in regulatory acceptance.
Regulatory  agencies  increasingly = demand
traceability, reproducibility, and transparency,
which are challenging when data provenance and
quality controls are inadequate.

X.  Future Perspectives

Future directions include increased automation of
data curation, wider adoption of FAIR-by-design
approaches, integration of explainable Al (XAI),
and closer collaboration between industry,
academia, and regulators. Advances in federated
learning and privacy-preserving Al may further
enable data sharing without compromising
confidentiality.

The future of Al in pharmaceuticals depends heavily
on systematic improvements in data quality
management and FAIR compliance, coupled with
evolving regulatory and technological frameworks.
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10.1 FAIR-by-Design Data Ecosystems

Future pharmaceutical data infrastructures are
expected to adopt FAIR-by-design approaches,
embedding metadata standards, ontologies, and
persistent identifiers at the point of data generation.
Automation tools for metadata annotation and
semantic harmonization will play a critical role.

10.2 Federated Learning and Privacy-Preserving
Al

Federated learning, secure multi-party computation,
and differential privacy techniques offer promising
solutions to data sharing limitations, enabling
collaborative Al model development without direct
data exchange. These approaches align well with
FAIR principles while preserving patient privacy.

10.3 AI-Assisted Data Curation
Al itself can be leveraged to improve data quality
through automated data cleaning, anomaly
detection, missing-value imputation, and bias
detection. Human-in-the-loop systems will enhance
both accuracy and accountability.

10.4 Regulatory Harmonization and Guidance
Regulatory agencies such as the FDA and EMA are
increasingly issuing guidance on Al and real-world
data use. Future frameworks are expected to
integrate FAIR data requirements with Al model
validation, accelerating regulatory acceptance of Al-
driven tools.

10.5 Ethical and Responsible AI Integration
Beyond technical performance, future Al systems
must emphasize fairness, accountability,
transparency, and ethics (FATE). Embedding ethical
audits and bias monitoring into Al lifecycles will be
essential for sustainable adoption in pharma.

XI.  Conclusion

High-quality data and rigorous adherence
to FAIR principles are foundational for the
successful application of Al in the pharmaceutical
sector. While Al offers transformative potential
across drug discovery, development, manufacturing,
and clinical decision-making, messy, biased, and
non-interoperable data significantly limit model
reliability and trustworthiness.

Addressing challenges related to data
heterogeneity, bias, accessibility, and regulatory
compliance requires coordinated efforts across
academia, industry, and regulatory bodies. Future
progress will depend on FAIR-by-design
infrastructures, privacy-preserving Al

methodologies, and robust governance frameworks.
Ultimately, aligning data quality, FAIR principles,
and ethical Al practices will enable the development
of reliable, transparent, and clinically meaningful Al
models that advance pharmaceutical innovation and
patient care.

Reliable Al in pharma cannot be achieved
without high-quality, well-governed data. Messy
data, if unmanaged, undermine model performance,
trust, and regulatory confidence. By integrating
rigorous data quality practices with FAIR principles,
the pharmaceutical industry can build robust,
transparent, and reusable Al models that support
innovation while safeguarding patient safety. Data
quality and FAIR are therefore not optional add-ons
but foundational requirements for trustworthy Al in
pharmaceutical science.
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