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ABSTRACT

Artificial intelligence (Al) is emerging as a transformative technology in pharmaceutical market access and evidence
generation, offering new opportunities to improve healthcare decision-making through advanced data analytics and
predictive modelling. The integration of machine learning, natural language processing, deep learning, and generative
Al has the potential to strengthen real-world evidence (RWE) generation, health technology assessment (HTA),
health economics and outcomes research (HEOR), pricing and reimbursement strategies, and patient access. This
scoping review aims to map the applications of Al across the pharmaceutical market access pathway, with particular
emphasis on evidence generation, clinical and economic evaluation, and patient-centred healthcare. The review is
designed to follow an established scoping review framework and the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR). Relevant literature is intended to be identified
through searches of PubMed/MEDLINE, Scopus, Embase, and Web of Science, supplemented by relevant HTA agency
publications. The evidence will be organized according to Al techniques, application areas, reported benefits, imple-
mentation challenges, and research gaps. Key areas of interest include Al-assisted analysis of healthcare data, auto-
mated evidence synthesis, economic modelling, reimbursement planning, and patient stratification. Despite these
opportunities, challenges related to data quality, algorithmic bias, transparency, privacy, model validation, and regula-
tory acceptance may limit practical implementation. The review aims to identify emerging applications and research
priorities while emphasizing the importance of responsible Al governance, methodological rigor, and human oversight.
Overall, Al may support more efficient evidence generation and informed pharmaceutical market access decisions;
however, its clinical, economic, and societal value requires further empirical evaluation.

Keywords: Artificial intelligence, pharmaceutical market access, real-world evidence, health technology assessment,
machine learning, health economics and outcomes research, reimbursement, patient access

INTRODUCTION access requires demonstrating not only the safety and
efficacy of a medicine but also its comparative clini-
cal effectiveness, economic value, and impact on
healthcare systems and patient outcomes.Artificial
intelligence encompasses computational techniques,

The pharmaceutical industry is undergoing a signifi-
cant transformation driven by advances in digital
technologies, data analytics, and artificial intelligence
(AD).[1] Increasing healthcare expenditure, evolving

) - ] : including machine learning (ML), deep learning,
regulatory requirements, rising expectations for evi-

natural language processing (NLP), and predictive
analytics, that enable the analysis of large and com-
plex datasets.[4] These technologies have the poten-
tial to support pharmaceutical research, clinical

dence-based decision-making, and the growing com-
plexity of innovative therapies have intensified the
need for reliable and timely evidence to support
pharmaceutical market access.[2] Market access

i ) development, evidence synthesis, and healthcare de-
refers to the strategies and processes through which

- ) ) o cision-making. In market access, Al can facilitate the
pharmaceutical products obtain appropriate pricing,

reimbursement, formulary inclusion, and availability
to eligible patients.[3] Achieving successful market

identification of relevant clinical evidence, extraction
of information from scientific publications, prediction

of treatment outcomes, and assessment of healthcare
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resource utilization.[5] However, the reliability and
applicability of these approaches depend on the qual-
ity of the underlying data, model validation, trans-
parency, and the suitability of the analytical methods
for the intended decision-makingReal-world evidence
(RWE) has become an important component of phar-
maceutical decision-making.[6] RWE is generated
through the analysis of real-world data (RWD), which
may include electronic health records, insurance
claims, disease registries, pharmacy records, and pa-
tient-reported outcomes. Unlike evidence obtained
exclusively from randomized controlled trials, RWE
can provide insights into treatment effectiveness,
safety, adherence, healthcare utilization, and out-
comes in routine clinical practice.[7] Al-based meth-
ods may strengthen RWE generation by identifying
clinically relevant patterns, integrating heterogeneous
datasets, predicting outcomes, and supporting com-
parative effectiveness analyses.[8] Nevertheless,
confounding, missing data, selection bias, data in-
consistency, and limited representativeness remain
important methodological concerns that must be ad-
dressed before RWE is used to support consequential
healthcare decisions.Health technology assessment
(HTA) is another critical area in which Al may con-
tribute to pharmaceutical market access. [9]JHTA
involves the systematic evaluation of the clinical,
economic, organizational, social, and ethical implica-
tions of health technologies to inform coverage, re-
imbursement, and resource-allocation decisions.[10]
Conventional HTA processes frequently require the
assessment of extensive clinical trial data, systematic
reviews, economic evaluations, budget impact analy-
ses, and patient-relevant outcomes. Al-assisted liter-
ature screening, evidence extraction, synthesis, and
economic modelling may improve the efficiency of
selected assessment activities. Furthermore, predic-
tive modelling may support the exploration of treat-
ment outcomes and healthcare costs under different
scenarios. However, Al-generated analyses must re-
main transparent, reproducible, and methodologically
appropriate to meet the evidentiary requirements of
HTA agencies and reimbursement authorities.Health
economics and outcomes research (HEOR) provides
an additional link between clinical evidence and
market access decisions by evaluating the costs, con-
sequences, and value of healthcare interventions. Al
may support HEOR through patient stratification, cost
prediction, treatment pathway analysis, identification
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of unmet medical needs, and the analysis of patient-
reported outcomes. These applications may contribute
to a more comprehensive understanding of the eco-
nomic and clinical value of pharmaceutical products.
In addition, Al-driven analytics may help identify
barriers to treatment initiation, adherence, and conti-
nuity of care, thereby informing patient access pro-
grammes and healthcare delivery strategies. However,
predicted associations should not automatically be
interpreted as causal relationships, and economic
conclusions require appropriate validation and sensi-
tivity analysis.[11,12,13]

Despite these opportunities, the implementation of Al
in pharmaceutical market access presents several
challenges. Limitations include fragmented health-
care data, inconsistent data standards, algorithmic
bias, limited explainability, privacy concerns, cyber-
security risks, and uncertainty regarding the accept-
ability of Al-generated evidence in regulatory and
reimbursement settings. Differences in healthcare
infrastructure, clinical practice, reimbursement poli-
cies, and patient populations may also affect the gen-
eralizability of AI models across countries and
healthcare systems.[14] Consequently, responsible
implementation requires robust methodological stan-
dards, human oversight, appropriate data governance,
and collaboration among pharmaceutical companies,
healthcare professionals, researchers, patients, payers,
and HTA organizations.[15]

Although Al applications in drug discovery, clinical
development, and healthcare analytics have received
considerable attention, their integration across the
broader pharmaceutical market access pathway re-
quires further systematic mapping.[16] In particular,
the relationship between Al-enabled RWE genera-
tion, HTA, economic evaluation, reimbursement de-
cisions, and patient access represents an evolving area
of research. A scoping review can help characterize
the available evidence, identify established and
emerging applications, and highlight methodological
and implementation gaps without presupposing that
Al is uniformly effective across all settings.[17]

METHODOLOGY

2.1 Scoping Review Framework

The present scoping review will be conducted using
the methodological framework proposed by Arksey
and O’Malley, with subsequent refinements by Levac
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and colleagues. The review will follow the Preferred
Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews (PRISMA-
ScR) to promote transparent reporting of the review
process. The framework will be used to map existing

evidence on artificial intelligence (Al) applications in
pharmaceutical market access, real-world evidence
(RWE) generation, health technology assessment
(HTA), health economics and outcomes research
(HEOR), and patient access.[18]

Table 1: Methodological Framework for the Scoping Review

;l(;' Framework Stage Description of Methodology
Identification of the Re- Define the scope of Al apphcat%ons in phgrmacwﬂcal market access, including
1 . RWE generation, HTA, economic evaluation, reimbursement, and patient access.
search Question [19]
. . Search electronic databases, including PubMed/MEDLINE, Scopus, Embase,
Identification of Relevant .
2 . and Web of Science, supplemented by relevant HTA agency reports and refer-
Studies . .
ence-list screening.[20]
3 Study Selection Screen titles, abstracts, and full-text publlgatlgns against predefined inclusion
and exclusion criteria.[21]
Extract relevant information, including author, publication year, study design, Al
4 Data Charting technique, data source, application area, key findings, and reported limitations.
[22]
5 Collating and Summariz- | Organize the extracted evidence into thematic categories covering RWE, HTA,
ing Results HEOR, pricing and reimbursement, and patient access.[23]
. .. Present the findings using descriptive summaries, evidence-mapping tables, and
6 Reporting the Findings narrative synthesis, following PRISMA-ScR reporting guidance.[24]

3. Al IN PHARMACEUTICAL MARKET
ACCESS

Artificial intelligence (Al) is increasingly being inte-
grated into pharmaceutical market access to support
evidence-based decisions regarding the availability,
affordability, pricing, and
medicines. Market access requires pharmaceutical
companies to demonstrate the clinical effectiveness,
safety, economic value, and relevance of their prod-
ucts to patients and healthcare systems.[25] Al tech-

reimbursement of

nologies, including machine learning, natural
language processing, predictive analytics, and deep
learning, can assist in processing large volumes of
clinical, economic, and healthcare data to identify
meaningful patterns and generate actionable insights.
[26] These technologies may support the identifica-
tion of unmet medical needs, assessment of treatment
outcomes, evaluation of competitor products, and
development of market access strategies. Al can also
facilitate the analysis of healthcare policies, reim-
bursement requirements, and treatment guidelines
across different geographical regions. However, the
usefulness of Al-generated insights depends on data
quality, algorithmic transparency, appropriate valida-
tion, and alignment with local healthcare require-
ments. Therefore, Al should be considered a decision-
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support tool rather than a replacement for clinical,
regulatory, economic, or payer judgment.[27]

4. AI-ENABLED REAL-WORLD EVIDENCE
(RWE) GENERATION

Real-world evidence (RWE) refers to clinical evi-
dence concerning the use, benefits, and risks of med-
ical products derived from the analysis of real-world
data (RWD). Such data may originate from electronic
health records, insurance claims, disease registries,
hospital databases, pharmacy records, and patient-re-
ported outcomes.[28]Al-enabled analytical methods
can improve the processing and interpretation of these
complex datasets by identifying patient characteris-
tics, predicting clinical outcomes, detecting safety
signals, and supporting comparative effectiveness
research. Machine learning algorithms can help iden-
tify suitable patient cohorts, while natural language
processing can extract clinically relevant information
from unstructured medical records and scientific lit-
erature.[29] Al may also support the integration of
multiple data sources to investigate treatment adher-
ence, disease progression, healthcare utilization, and
long-term therapeutic outcomes. These applications
can complement evidence from randomized con-
trolled trials by providing insights into routine clinical
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practice and populations that may be underrepre-
sented in clinical studies.[30] Nevertheless, RWE
generated using Al may be affected by missing data,
confounding factors, selection bias, coding inconsis-
tencies, and limited generalizability. Appropriate
study design, data validation, sensitivity analysis, and
transparent reporting are therefore essential to ensure
that Al-assisted RWE is reliable and suitable for
pharmaceutical decision-making.[31]

5 Al  IN HEALTH

. TECHNOLOGY
ASSESSMENT (HTA)

Health technology assessment (HTA) is a multidisci-
plinary process used to evaluate the clinical, eco-
nomic, organizational, social, and ethical implications
of health technologies. It plays an important role in
determining the value of pharmaceutical products and
informing reimbursement, coverage, and healthcare
resource-allocation decisions.[32] Al has the potential
to support several stages of HTA by automating liter-
ature screening, extracting data from clinical studies,
identifying relevant endpoints, and organizing evi-
dence for systematic reviews.[33] Natural language
processing can assist in identifying information from
published research, while machine learning can sup-
port the analysis of treatment outcomes and patient
subgroups. Al-assisted modelling may also help ex-
plore clinical and economic scenarios, estimate po-
tential healthcare consequences, and identify
uncertainties in available evidence. In addition, Al
may facilitate the synthesis of large datasets to support
the evaluation of therapeutic interventions in different
patient populations.[34] However, HTA decisions
require evidence that is transparent, reproducible,
clinically meaningful, and methodologically robust.
Al-generated outputs may introduce bias or uncer-
tainty if the underlying datasets are incomplete or the
algorithms are insufficiently validated. Consequently,
Al should complement established HTA methods and
expert assessment, with clear documentation of as-
sumptions, model performance, and limitations.[35]

6. Al IN HEALTH ECONOMICS AND
OUTCOMES RESEARCH (HEOR)

Health economics and outcomes research (HEOR)
evaluates the economic consequences and health out-
comes associated with pharmaceutical products and
healthcare interventions. It provides evidence con-
cerning treatment costs, clinical benefits, quality of
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life, healthcare resource utilization, and the value of
medical interventions.[36] Al can contribute to
HEOR by enabling advanced analysis of healthcare
expenditure, patient outcomes, treatment pathways,
and large-scale observational datasets. Machine
learning models may be used to predict hospitaliza-
tion risk, identify factors associated with high health-
care utilization, and classify patients according to
clinical or economic characteristics. Al can also sup-
port the analysis of patient-reported outcomes and
help identify relationships between treatment adher-
ence, disease severity, quality of life, and healthcare
costs. In economic evaluations, Al-assisted analytical
techniques may complement cost-effectiveness mod-
els, budget impact assessments, and scenario analyses
by supporting data processing and the exploration of
complex relationships.[37] These applications may
help researchers investigate resource allocation and
the potential economic implications of alternative
treatment strategies. However, predictive accuracy
alone does not establish economic value or causal
treatment effects. Reliable HEOR applications require
appropriate model validation, representative datasets,
transparent assumptions, uncertainty analysis, and
consideration of differences in healthcare systems and
patient populations.[38]

7. Al IN PRICING, REIMBURSEMENT, AND
MARKET ACCESS STRATEGY

Pricing and reimbursement are essential components
of pharmaceutical market access because they influ-
ence the affordability, availability, and commercial
sustainability of medicines. Al can support market
access strategy by analyzing clinical evidence, epi-
demiological data, healthcare expenditure, treatment
patterns, competitor information, and reimbursement
policies.[39] Predictive analytics may help pharma-
ceutical companies estimate potential demand, iden-
tify population-level treatment needs, and evaluate
different pricing or reimbursement scenarios.[40] Al-
assisted evidence synthesis can also support the
preparation of reimbursement submissions by orga-
nizing clinical outcomes, economic evidence, and
information relevant to payer requirements.[41] Fur-
thermore, machine learning may help identify varia-
tions in prescribing patterns and treatment utilization
that can inform market access planning. When com-
bined with appropriate economic models, Al can
assist in exploring the potential effects of pricing
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decisions on healthcare budgets and patient afford-
ability. However, pricing and reimbursement deci-
sions are influenced by numerous factors, including
regulatory requirements, national health policies,
budget constraints, therapeutic alternatives, and ethi-
cal considerations. [42]Al-based recommendations
must therefore be interpreted within the relevant
healthcare and legal context. Transparent methods,
reliable data, responsible use of market information,
and human oversight are necessary to ensure that Al-
supported strategies promote sustainable access rather
than merely optimizing commercial outcomes.[43]

8. AI-DRIVEN PATIENT ACCESS AND
PERSONALIZED HEALTHCARE

Patient access involves ensuring that individuals can
obtain appropriate medicines and healthcare services
in a timely, affordable, and equitable manner.[44]
Barriers to access may include high treatment costs,
geographical limitations, delayed diagnosis, inade-
quate healthcare infrastructure, poor treatment adher-
ence, and complex reimbursement procedures. [45]Al
may help address selected barriers through patient
stratification, predictive analytics, identification of
treatment gaps, and analysis of healthcare utilization
patterns.[46] Machine learning models can potentially

identify patients at risk of treatment discontinuation
or non-adherence, enabling healthcare professionals
to develop targeted support interventions. Al-pow-
ered digital health tools may also facilitate patient
education, symptom monitoring, medication re-
minders, and communication between patients and
healthcare providers.[47] In personalized healthcare,
Al can integrate relevant clinical and demographic
information to support the identification of patient
subgroups that may benefit from particular therapeu-
tic approaches.[48] These capabilities may contribute
to more individualized care pathways and improved
coordination of treatment services. Nevertheless, Al-
driven patient access initiatives must account for data
privacy, informed consent, algorithmic bias, digital
literacy, and unequal access to digital technologies.
Models developed using limited or unrepresentative
populations may inadvertently disadvantage vulnera-
ble groups. Therefore, the responsible application of
Al should prioritize patient welfare, equitable access,
clinical validation, and human supervision while
evaluating whether Al-supported interventions pro-
duce meaningful improvements in patient outcomes.
[49,50]

Applications, Case Studies, and Emerging Tech-
nologies[51,52,53,54,55,56,57,58]

Table 2: Applications of Artificial Intelligence in Pharmaceutical Market Access and Evidence Genera-

tion
Sr. Application Area Al Technology Application / Case Potential Benefits Key Limitations
No. Study
Ar.1a1y51s of elec- Improved identifica-
. tronic health records | ~. - o
Real-World Evi- . . . . tion of clinical pat- | Missing data, con-
1 Machine learning | and insurance claims . . .
dence (RWE) terns and patient founding, and bias
to assess treatment
outcomes
outcomes
Automated screen- Faster literature re-
Clinical Evidence Natural language | ing and extraction of | . . Extraction errors and
2 ) . : . view and evidence | . .
Synthesis processing (NLP) information from . . . incomplete evidence
- . identification
clinical studies
Support for system- .
Health Technology | NLP and machine atic evidence re- Tmp rqved efficiency Limited transparency
3 . . . of evidence assess- o
Assessment (HTA) learning views and clinical ment and validation
evidence summaries
Health Economics Prediction of he.a}th— Better cost forecast- | Model uncertainty
- . | care resource utiliza- | . o
4 and Outcomes Re- | Predictive analytics | .. ing and resource and limited general-
search (HEOR) tion and treatment- planning izability
related costs
. . Analysis of clinical Support for eco- Dependence on as-
Cost-Effectiveness Al-assisted eco- nomic evaluation .
5 . . . outcomes and eco- e sumptions and data
Analysis nomic modelling . ) and sensitivity anal- .
nomic scenarios ysis quality
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Sr. Application Area Al Technology Application / Case Potential Benefits Key Limitations
No. Study
Detection of poten-
Drug Safety Moni- | Machine learning tial a(.ivers.e drug | Earlier 1dept1ﬁcat10n False-positive sig-
6 . reaction signals of potential safety nals and reporting
toring and NLP .. .
from clinical records concerns bias
and safety reports
Evaluation of pric-
Pricing and Reim- - . 1ng scenarios, bud- Improved strategic Policy variation and
7 Predictive analytics get impact, and . uncertainty in pre-
bursement ; planning -
reimbursement re- dictions
quirements
Identification of
- . . Targeted adherence .
. Predictive model- | patients at risk of Privacy concerns
8 Patient Access . . . support and care N
ling treatment discontin- N and algorithmic bias
) coordination
uation
Patient stratification
9 Personalized Health- | Machine learning | using clinical char- | More individualized | Need for clinical
care and deep learning | acteristics and treat- | treatment planning validation
ment-response data
Patient education, Improved communi-
Digital Health and Al chatbots and medication re- p Inaccurate responses
10 . . . cation and access to - .
Patient Support conversational AI | minders, and treat- . . and digital exclusion
. information
ment navigation
Investigation of . .
Advanced Evidence | Causal machine treatment-effect Better exp 191‘21'(1011 of .Remdual confound-
11 ) . O comparative out- | ing and methodolog-
Generation learning variation in observa- > )
. comes ical complexity
tional datasets
Drafting evidence
. Generative Al and | summaries and sup- | Faster information | Hallucinations, con-
Emerging Technolo- . . i
12 es large language porting structured processing and fidentiality, and re-
& models extraction from sci- | knowledge synthesis producibility
entific documents

9. CHALLENGES: DATA QUALITY, BIAS,
TRANSPARENCY, AND PRIVACY

The integration of artificial intelligence (AI) into
pharmaceutical market access and evidence genera-
tion presents several methodological, technical, and
ethical challenges. Data quality is a fundamental
concern because Al models depend on the accuracy,
completeness, consistency, and representativeness of
the information used for training and analysis. Real-
world data obtained from electronic health records,
insurance claims, disease registries, and hospital
databases may contain missing observations, incon-
sistent coding, duplicate records, and variations in
data collection practices.[59,60] These limitations can
affect the reliability of real-world evidence (RWE),
clinical outcome predictions, and economic evalua-
tions. Algorithmic bias is another important chal-
lenge, particularly ~when training datasets
inadequately represent specific age groups, socioeco-
nomic populations, geographical regions, or disease
subgroups. Biased models may generate inaccurate
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predictions and contribute to unequal treatment access
or reimbursement decisions. [61]In addition, limited
model interpretability can make it difficult for clini-
cians, health technology assessment (HTA) agencies,
payers, and patients to understand how Al-generated
conclusions are reached.[62] Privacy and security
concerns arise when sensitive health information is
processed, integrated, or transferred across organiza-
tions. Unauthorized access, inappropriate secondary
data use, and insufficient anonymization may com-
promise patient confidentiality. Other challenges
include limited interoperability between healthcare
information systems, model performance deteriora-
tion over time, and difficulties in reproducing analyt-
ical results. Addressing these requires
standardized data practices, representative datasets,
robust validation, explainable methods, secure infor-

1Ssues

mation management, and continuous monitoring of
model performance.[63,64]
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10. REGULATORY, ETHICAL,
GOVERNANCE CONSIDERATIONS

AND

The responsible application of Al in pharmaceutical
market access requires appropriate regulatory over-
sight, ethical safeguards, and governance mecha-
nisms. Al-generated evidence used in clinical
evaluation, health technology assessment, economic
modelling, or reimbursement submissions should be
methodologically sound, transparent, reproducible,
and relevant to the decision being supported.[65]
Regulatory and HTA organizations need to consider
how Al tools are developed, validated, documented,
updated, and monitored throughout their lifecycle.
Governance frameworks should define accountability
for model development, data management, interpre-
tation, and the use of Al-generated recommendations.
Ethical considerations include fairness, patient au-
tonomy, informed consent, confidentiality, explain-
ability, and equitable access to healthcare
technologies.[66] The use of patient-level data must
comply with applicable privacy and data protection
requirements, including relevant national legislation
and institutional policies.[67] In India, the Digital
Personal Data Protection Act, 2023, and applicable
rules and commencement provisions are relevant to
the governance of digital personal data. Internation-
ally, applicable data protection laws and emerging Al
governance frameworks may also influence cross-
border pharmaceutical research and market access
activities.[68] Human oversight remains essential,
particularly when Al outputs influence consequential
decisions concerning medicine reimbursement, treat-
ment eligibility, or resource allocation. Pharmaceuti-
cal companies, researchers, healthcare professionals,
payers, and HTA agencies should establish clear pro-
cedures for auditing algorithms, documenting limita-
tions, reporting errors, and managing conflicts of
interest. A risk-based approach to governance can
help ensure that Al contributes to efficient evidence
generation without compromising scientific integrity,
patient rights, or public trust.[69,70]

11. FUTURE PERSPECTIVES [71,72,73]

The future of Al in pharmaceutical market access is
likely to involve greater integration of clinical, eco-
nomic, genomic, administrative, and patient-reported
data to support more comprehensive evidence gener-
ation. Advances in machine learning, natural lan-
guage processing, generative Al, causal inference,
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and federated learning may enable researchers to
analyze complex datasets while addressing selected
challenges related to data access and information
sharing. Al-assisted evidence synthesis could im-
prove the identification and organization of clinical
studies, while advanced analytical models may sup-
port the evaluation of treatment outcomes across di-
verse patient populations. In health technology
assessment, Al may assist in evidence mapping, un-
certainty analysis, and the development of economic
models, provided that these applications are appro-
priately validated and transparent. Digital health
platforms and patient-centred analytics may also sup-
port treatment adherence, identification of unmet
medical needs, and coordination of patient support
services. Future applications could include near-real-
time monitoring of treatment outcomes and the inte-
gration of RWE into post-marketing evaluation and
reimbursement reassessment. However, these devel-
opments will require standardized data infrastruc-
tures, interdisciplinary  collaboration,  robust
validation studies, and clear expectations from regu-
latory and HTA authorities. Future research should
prioritize prospective evaluations of Al-supported
workflows, comparisons with conventional methods,
assessments of cost-effectiveness, and investigations
of their effects on equity and patient outcomes. The
successful implementation of Al will depend not only
on technological advancement but also on demon-
strated clinical relevance, economic value, and re-
sponsible governance.

12. RESEARCH GAPS[74,775,76]

Despite growing interest in Al applications in health-
care, important research gaps remain regarding its
effectiveness and practical value in pharmaceutical
market access and evidence generation. First, the
available evidence is heterogeneous in terms of study
design, data sources, Al techniques, outcome mea-
sures, and validation methods, making comparisons
between applications difficult. Second, there is a need
for more external and prospective validation of Al
models used for real-world evidence generation,
comparative effectiveness research, and economic
evaluation. Third, the extent to which Al-assisted
analyses improve the accuracy, efficiency, repro-
ducibility, or decision quality of health technology
assessments remains insufficiently established across
different healthcare settings. Fourth, limited research
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directly evaluates whether Al-supported market ac-
cess strategies lead to improved reimbursement out-
comes, reduced delays in medicine availability,
greater affordability, or better patient health out-
comes. Fifth, the economic implications of imple-
menting Al including development costs,
infrastructure requirements, workforce training,
maintenance, and cost-effectivenessrequire further
investigation. Sixth, the effects of algorithmic bias
and underrepresentation of disadvantaged populations
on equitable patient access need systematic evalua-
tion. Seventh, there is a need for clearer methodolog-
ical guidance on the documentation, validation,
explainability, and acceptable use of generative Al in
evidence synthesis and reimbursement submissions.
Finally, evidence from low- and middle-income
countries, including India, remains particularly im-
portant because healthcare data infrastructure, payer
arrangements, affordability constraints, and access
barriers may differ substantially from those in high-
income settings. Addressing these gaps through
transparent reporting, multidisciplinary collaboration,
standardized evaluation frameworks, and context-
specific validation studies will help determine where
Al provides meaningful benefits and where additional
safeguards or conventional approaches remain neces-

sary.
CONCLUSION

Artificial intelligence has considerable potential to
transform pharmaceutical market access and evidence
generation by supporting real-world evidence analy-
sis, health technology assessment, health economics
and outcomes research, pricing and reimbursement
strategies, and patient access initiatives. Machine
learning, natural language processing, predictive an-
alytics, and generative Al can facilitate the analysis of
complex healthcare datasets, improve evidence syn-
thesis, and support informed decision-making. These
technologies may contribute to more efficient evalu-
ation of pharmaceutical products and a better under-
standing of clinical outcomes, healthcare resource
utilization, and patient needs. However, their suc-
cessful implementation depends on data quality,
methodological validity, algorithmic transparency,
privacy protection, and appropriate regulatory over-
sight. Al-generated evidence should complement
established scientific methods and expert judgment
rather than replace them. Further research is required
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to validate Al applications in real-world settings,
assess their clinical and economic value, and deter-
mine their effects on equitable access to medicines.
Overall, the responsible integration of Al into phar-
maceutical market access may strengthen evidence-
informed healthcare decisions and support sustain-
able, patient-centred access to pharmaceutical inno-
vations.
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