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Abstract

In recent years, the healthcare industry has
experienced an exponential growth in the
volume of real-world data (RWD) due to
advancements in digital health, electronic
health records (EHR), wearables, and other
data-generating technologies. The integration
of artificial intelligence (AI) and machine
learning (ML) into real-world evidence
(RWE) generation has the potential to
revolutionise how clinical and healthcare
decisions are made. AT and ML can effectively
analyse large and complex datasets,
identifying patterns and insights that were
previously hidden or too difficult to detect
using traditional analytical methods. For
medical writers involved in regulatory
submissions, clinical research documenta-
tion, and healthcare communications, under-
standing the application of Al and ML in
RWE generation is essential. This publication
explores the impact of AI/ML on RWE, its
regulatory considerations, and best practices
for integrating Al-driven insights into medical
writing.

s the healthcare industry shifts towards

data-driven decision-making, real-world
data (RWD) has become a crucial resource for
clinical research, regulatory evaluations, and
health technology assessments. The global real-
world evidence (RWE) solutions market is
projected to reach $4.5 billion by 2029, growing
ata compound annual growth rate of 16.9% from
2024 to 2029.! This growth reflects the
increasing reliance on RWD to enhance patient
care, refine treatment strategies, and improve
healthcare outcomes. However, ensuring the
quality of RWD sources and assessing the
feasibility of cross-regional data integration
remain key challenges.

RWE has emerged as a transformative force
in healthcare, reshaping how medical treatments,
interventions, and policies are evaluated.
Consequently, the demand for more compre-
hensive, patient-centred evidence has fuelled the
rise of RWE, which leverages data from diverse
sources such as electronic health records
(EHRs), insurance claims, patient registries,
wearable health devices, social media and
patient-reported outcome, genomic and
biomarker data.3

The advancement of RWE has been propelled
by innovations in data collection, regulatory
endorsement, and analytical methodologies.
With the expansion of digital health
technologies, vast amounts of patient data have
become available, enabling large-scale and more
rigorous RWE studies. Regulatory agencies,
including the U.S. FDA and the EMA, now
acknowledge the value of RWE in
complementing traditional evidence for drug
approvals, safety monitoring, and health policy
decision-making.*

78 | September 2025 Medical Writing | Volume 34 Number 3

Unlocking real-world data:

Al and ML's role in actionable insights
Unlocking the potential of RWD for actionable
insights is a transformative opportunity. Al and
ML are key to overcoming its challenges.
Artificial intelligence (AI) and machine learning
(ML) enhance data quality by automating error
detection, managing missing values, and
standardising formats. They also handle
unstructured data like text, images, and audio
through techniques such as natural language
processing and computer vision, enabling
analysis of medical records, social media, or
sensor data. For data integration, Al resolves
entity mismatches and maps diverse datasets to
common frameworks, while federated learning
allows decentralised training without sharing raw
data, ensuring privacy.

Aland ML enable predictive and prescriptive
analytics, forecasting trends like disease
outbreaks or customer behaviour and
recommending optimal actions, such as
personalised treatments or dynamic pricing.®
They also provide real-time insights by
processing streaming data from Internet of
Things devices or social media, with edge
computing enabling instant analysis on devices.
To address bias and fairness, Al detects biases in
datasets and designs fairness-aware algorithms,
while synthetic data generation helps reduce
biases and protect privacy.’

Al also supports personalisation, powering
recommendation systems in retail or healthcare,
and enhances scalability through automated
machine learning (AutoML) and distributed
computing. Privacy-preserving techniques like
federated learning and differential privacy ensure
secure data usage. Finally, explainable AI (XAI)
tools make models transparent, building
stakeholder trust and enabling actionable
insights. By leveraging Al and ML, organisations
can transform RWD into meaningful, innovative
solutions across industries.
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Applications of AI/ML in RWE
Predictive modelling for patient outcomes and
disease progression
AI/ML can be applied to large-scale RWD
datasets to forecast patient outcomes and
understand disease progression. This predictive
capability is crucial for personalising treatment
strategies and identifying at-risk patients who
may benefit from early intervention. Predictive
models can estimate the likelihood of disease
complications, hospital readmissions, or treat-
ment responses, enabling healthcare providers to
proactively tailor interventions.? This not only
improves patient outcomes but also reduces
unnecessary healthcare costs. Additionally, these
models help in predicting disease progression,
allowing clinicians to identify high-risk patients
who may need more aggressive interventions.
For example, in patients with diabetes,
AI/ML algorithms can detect patterns indicative
of impending complications such as diabetic
retinopathy, nephropathy, or cardiovascular
disease by analysing trends in haemoglobin Alc
levels, blood pressure readings, and renal
function markers. Similarly, in patients with heart
disease, predictive models can assess risk factors
such as cholesterol levels, previous cardiac events,
medication adherence, and electrocardiogram
findings to estimate the likelihood of heart failure
exacerbations or myocardial infarctions. 10
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Identifying treatment patterns and healthcare
resource utilisation trends

AI/ML are powerful tools for uncovering trends
in treatment patterns and healthcare resource
utilisation. By analysing large-scale datasets, these
technologies can track how treatment approaches
evolve, identify the most effective real-world
therapies, and reveal care patterns across diverse
patient groups. For instance, ML can examine
EHRs to determine the most frequently
prescribed treatments for specific conditions,
enabling clinicians and policymakers to evaluate
the effectiveness of current practices. These
insights can also support cost-effectiveness
analyses, guiding healthcare systems in
optimising resource allocation.!!

Analysing RWD on hospital admissions and
discharge rates can offer valuable insights into the
effectiveness of post-surgery care plans. By
monitoring readmission rates and length of stay,
hospitals can evaluate whether patients receive
adequate post-discharge care and pinpoint risk
factors leading to complications. Identifying
common causes of readmissions, such as
infections or medication non-adherence, allows
for targeted interventions to improve care co-
ordination and prevent unnecessary hospitalisa-
tions. Predictive analytics can further enhance
resource utilization by optimising staffing, bed
management, and follow-up care strategies.

Ultimately, leveraging RWD refines post-surgical
care, reduces readmission rates, and improves
both patient outcomes and healthcare system
efficiency.12

Generative Al (GenAl) in generating RWE to
inform and optimise clinical trial design using
RWD

GenAT helps enhance the design of a clinical trial
(e.g., inclusion/exclusion criteria, endpoints,
comparator arms) by leveraging RWD such as
EHR, claims data, and patient registries,
transformed into actionable real-world evidence
(RWE) leading to faster patient recruitment, cost
reduction, dynamic protocol adjustments and
higher external validity (Table 1). GenAl models
process large-scale, unstructured RWD (e.g,,
clinician notes, lab results) aiding data ingesting
and harmonization.” On the basis of target
disease profiles, GenAl simulates patient cohorts
from RWD to reflect “real-world” populations,
identifies characteristics such as comorbidities,
treatment patterns, and geographic distribution,
which helps simulate patient cohorts.'
In comparative effectiveness modelling, GenAl
generates synthetic control arms using matched
historical patient data, reducing or replacing the
need for placebo groups and assesses
comparative effectiveness of drugs, aiding in
endpoint selection.!s In trial feasibility and site

Table 1. Al/machine learning applications in real world evidence generation across healthcare

Use case Application

Data source

Al/ML role

Benefits

Enhanced treatment

Advancing cancer
research and drug
development

Forecasting hospital

readmissions

Monitoring drug safety in
real-time

Patient stratification and
disease progression

Processing genomic data
to identify therapy-linked
mutations

Predicting which patients
are at high risk of
readmission

Continuous
pharmacovigilance
post-marketing

Grouping patients by
risk level and predicting
disease progression

Abbreviations: EHR, electronic health records; ML, machine learning

@ WWW.emwa.org

Genomic profiles from
cancer patients

EHRs: comorbidities,
past hospital stays, labs,
social determinants

EHRs, insurance claims
data

Clinical records, genetic
markers, drug use,
adherence, cost data

Analyse genetic mutations
to develop targeted,
personalised treatments

Identify high-risk patients
by evaluating clinical and
non-clinical risk factors

Detect adverse events
and safety signals in near
real-time

Stratify patients into risk
categories and forecast
disease trajectory

precision, improved
outcomes

Lower readmission rates,
better care quality,
reduced healthcare costs

Improved patient safety,
proactive regulatory
decisions

Better outcomes,
personalised care,
efficient resource use
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selection process GenAl models use RWE to

predict patient availability by geography and site,
optimising site selection and reducing recruit-
ment delays process.!617 GenAl can simulate
synthetic patient populations that reflect real-
world demographics and disease patterns, in
synthetic data generation process which enables
simulated control arms for clinical trials and pre-
trial feasibility assessments.!8 GenAl has been
significantly used in protocol optimisation and
feasibility studies to generate and refine trial
protocols by predicting dropout rates, identifying
high-performing sites, and assessing protocol
feasibility based on RWD.19

Challenges and ethical
considerations

Tackling bias in data and algorithms

A major challenge in applying Al and ML to
RWE is ensuring the training data are unbiased.

RWD often lack representation of certain popu-

lations, which can result in skewed outcomes and

disparities in healthcare. When AI models are
trained on such imbalanced data, they may
reinforce these biases, producing less accurate
predictions for underrepresented groups.20

Some recommended approaches that could
be used to resolve the challenge are:

a. Using diverse and representative datasets for
training AI/ML models, ensuring that all
demographic  groups are adequately
represented.

b. Performing regular audits of algorithms to
identify and mitigate biases.

c. Utilising fairness-aware ML techniques that
are designed to reduce bias during model

development.
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Promoting transparency and interpretability in
AlI/ML models enhancing transparency and
interpretability in AI/ML models

The lack of transparency in many Al systems —

particularly those based on deep learning — poses

a significant concern in healthcare, where it’s

essential to understand how decisions are made.

Clinicians, patients, and regulators require insight

into the reasoning behind model outputs, but this

is often hindered by the so-called “black box”
nature of complex models.

A few approaches could foster transparency
and interpretability in AT/ML models:

a. Implementing explainable AI (XAI)
approaches to shed light on model
decision-making processes. Techniques like
feature importance analysis and decision trees
can offer valuable insight into how predictions
are generated, helping stakeholders grasp the
underlying rationale.

b. Designing intuitive interfaces that clearly
convey model outputs to healthcare
providers and patients, making complex
results easier to interpret and use in decision-
making.

c. Offering clear documentation and training
resources to educate users about the
assumptions, limitations, and appropriate use
of AI/ML models.

d. Foster

scientists, healthcare professionals, and

collaboration among data
regulators to ensure models are both
technically robust and aligned with clinical
needs.

The role of medical writers in
interpretation and dissemination of
RWE insights derived from Al/ML
Simplifying AlI/ML insights for clinical decision-
making

Medical writers act as a bridge between the
technical world of AI/ML and the practical needs
of clinicians. They take complex outputs — such
as predictive models, risk scores, or pattern
recognition — and translate them into clear,
actionable insights. By focusing on how these
insights can improve patient outcomes or
streamline clinical workflows, medical writers
ensure that AI/ML findings are not just
understood but also applied effectively in real-
world healthcare settings.



Communicating RWE with precision and
transparency

When medical writers interpret RWE and
generate insights, they must take several
precautions to ensure accuracy, relevance, and
scientific integrity. RWE can be powerful but also
complex and prone to misinterpretation if not
handled rigorously. Medical writers play a key
role in presenting these findings accurately and
clearly. They explain the data sources,
methodologies, and limitations in a way that is
both scientifically rigorous and easy to under-
stand. By providing context and highlighting the
most relevant takeaways, medical writers help
clinicians and stakeholders trust and utilise

AI/ML-driven RWE in their decision-making.

Delivering actionable insights without
compromising integrity

Medical writers ensure that AI/ML-driven
insights are presented in a way that is both
practical and ethical. They focus on how the
findings can be used to improve patient care or
inform policy, while also addressing the
limitations of the data and models. By avoiding
overhyped claims and emphasising the need for
responsible interpretation, medical writers help
maintain the credibility and scientific integrity of
AI/ML applications in healthcare.

Conclusion

The integration of AI/ML into RWE is
revolutionising healthcare decision-making by
transforming vast amounts of data into actionable
insights. The application of AI/ML methods to
RWD enables the identification of patterns,
prediction of outcomes, and simulation of
interventions at scale. However, the complexity
of these methodologies poses significant
communication challenges. Medical writers are
key to ensuring that the resulting insights are
both accessible and meaningful to diverse
stakeholders. As AI/ML-derived RWE becomes
increasingly central to healthcare innovation, the
role of the medical writer is evolving from
content developer to strategic partner. By
ensuring transparency, accuracy, and accessibility,
medical writers enable stakeholders to act on

complex insights with confidence.
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