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Abstract: Real-world studies (RWSs) have emerged as a transformative force in oncology research, complementing traditional
randomized controlled trials (RCTs) by providing comprehensive insights into cancer care within routine clinical settings. This
review examines the evolving landscape of RWSs in oncology, focusing on their implementation, methodological considerations,
and impact on precision medicine. We systematically analyze how RWSs leverage diverse data sources, including electronic
health records (EHRs), insurance claims, and patient registries, to generate evidence that bridges the gap between controlled
clinical trials and real-world clinical practice. The review underscores the key contributions of RWSs, including capturing
therapeutic outcomes in traditionally underrepresented populations, expanding drug indications, and evaluating long-term safety
and effectiveness in routine clinical settings. While acknowledging significant challenges, including data quality variability and
privacy concerns, we discuss how emerging technologies like artificial intelligence are helping to address these limitations. The
integration of RWSs with traditional clinical research is revolutionizing the paradigm of precision oncology and enabling more
personalized treatment approaches based on real-world evidence.
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1 Introduction

The landscape of oncology research has under-
gone a paradigm shift with the emergence of real-world
studies (RWSs), which have become an indispensable
complement to traditional randomized controlled trials
(RCTs). This evolution reflects the growing recognition
that while RCTs remain the gold standard for estab-
lishing treatment efficacy, they may not fully capture
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the complexities and heterogeneity of cancer care in
routine clinical practice (Berger et al., 2017).
Real-world data (RWD) encompasses a broad
spectrum of health-related information generated be-
yond routine clinical trials, including electronic health
records (EHRs), medical and pharmacy claims, disease
registries, and patient-generated data from wearable
devices and social media platforms. The integration of
these diverse data sources, particularly when combined
with multi-omics data, offers unprecedented opportun-
ities to understand cancer biology, treatment responses,
and patient outcomes in real-world settings. This com-
prehensive approach has proven invaluable in sup-
porting clinical drug development, regulatory decision-
making, and the advancement of precision oncology
(Agiro et al., 2018; Gross et al., 2023; Verkerk and
Voest, 2024). High-quality, purpose-built RWSs have
emerged as crucial tools for expanding drug and
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medical device indications, monitoring post-market
safety, and validating clinical trial outcomes in broader
patient populations.

Although there are inherent challenges in imple-
menting RWSs, including data quality assurance, meth-
odological rigor, and analytical complexity, this review
provides a comprehensive analysis of their application
in oncology by examining the characteristics and quality
requirements of data sources, essential design elements,
current challenges, and emerging solutions. We aim to
illustrate how the integration of RWSs with traditional
clinical research is transforming our understanding of
cancer biology and treatment, while providing a frame-
work for future developments in precision oncology.

2 Real-world studies in oncology
2.1 Insights into disease epidemiology and burden

RWSs that utilize comprehensive registry systems
have revolutionized our understanding of cancer epi-
demiology and disease burden (Global Burden of Dis-
ease Cancer Collaboration, 2019; Global Burden of
Disease 2019 Cancer Collaboration, 2022). Leading ad-
ministrative cancer registries, notably the Surveillance,
Epidemiology, and End Results (SEER) program, sys-
tematically collect and analyze data on cancer inci-
dence, treatment patterns, and outcomes across diverse
populations. These registries are particularly valuable
for studying demographic groups traditionally under-
represented in RCTs, including elderly patients, those
with multiple comorbidities, and vulnerable popula-
tions, enabling more targeted and effective public health
interventions.

The integration of population-based cancer regis-
tries, exemplified by the United States National Cancer
Database, has further enhanced our understanding by
linking epidemiological data with detailed individual-
level information (Roshandel et al., 2023). These regi-
stries capture comprehensive patient profiles, including
sociodemographic factors, lifestyle behaviors, and gen-
omic characteristics, while connecting them to treat-
ment outcomes and insurance claims. This integration
provides invaluable insights into disease burden, prog-
nosis, and survival patterns. A landmark example of
the impact of RWD is the identification of hormone-
replacement therapy as a breast cancer risk factor, a
finding initially observed through observational studies
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and subsequently validated by RCTs (Collaborative
Group on Hormonal Factors in Breast Cancer, 1997;
Chlebowski et al., 2003). This illustrates the comple-
mentary relationship between real-world observation
and controlled clinical research.

The impact of registry-based studies extends be-
yond clinical insights to inform healthcare policy and
resource allocation. Global Burden of Disease (GBD)
studies have been particularly influential in shaping
public health strategies, especially in cancer screen-
ing and prevention. Notable successes include the im-
plementation of cost-effective human papillomavirus
(HPV) vaccination programs and systematic screening
protocols, which have made cervical cancer elimina-
tion a realistic goal in many regions (Global Burden
of Disease Cancer Collaboration, 2019; Voelker, 2023).
Similarly, evidence-based mammography screening pro-
grams have significantly reduced breast cancer mortal-
ity in developed nations (Farkas and Nattinger, 2023).
These achievements have catalyzed the establishment
of national and regional cancer control initiatives that
extend to low-income countries (Newman, 2022), dem-
onstrating how real-world evidence (RWE) can drive
meaningful improvements in global cancer care.

2.2 Assessment of treatment modalities and outcomes
through real-world studies

RWSs provide critical insights into the effective-
ness and accessibility of oncological treatments in rou-
tine clinical practice, often revealing significant varia-
tions from outcomes observed in RCTs (Moore et al.,
2019; Chakiryan et al., 2021; Jazieh et al., 2021; Lin
et al., 2021; Martin et al., 2023; Samlowski et al., 2023;
Yan et al., 2023). These studies are particularly valu-
able in evaluating treatment efficacy, safety profiles,
and patient-reported outcomes (PROs) among popu-
lations typically underrepresented in clinical trials,
including patients with poor performance status, ad-
vanced age, multiple malignancies, or rare cancers. A
landmark example is the expansion of palbociclib in-
dications to include men with hormone receptor (HR)-
positive, human epidermal growth factor receptor 2
(HER2)-negative metastatic breast cancer, approved
based on RWD from EHRs, insurance claims, and
global safety databases (Wedam et al., 2020).

RWSs offer unique advantages in scenarios where
traditional prospective trials may be impractical or
ethically challenging. The “trial effect” or “Hawthorne
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effect” (McCarney et al., 2007) observed in RCTs often
yields outcomes that differ from real-world clinical ex-
perience. By leveraging diverse data sources, RWSs
provide deeper insights into tumor pathology and treat-
ment impacts on patient quality of life (Penberthy et al.,
2022; Tang et al., 2023).

Comparative analyses of RWS and RCT findings
have revealed important disparities that inform clin-
ical practice improvements. For example, RWSs have
shown that 40%-50% of younger women with early-
stage breast cancer experience interruptions in endo-
crine therapy, including ovarian suppression, a rate
substantially higher than that reported in RCTs (Cluze
et al., 2012). Similarly, investigations into trastuzumab
emtansine (T-DM1) effectiveness in stage [V HER2-
positive breast cancer have demonstrated reduced ben-
efits in second-line treatment compared to pertuzumab-
naive patients (Ethier et al., 2021). The study found that
only 50.1% of patients received T-DM1 as second-line
therapy, with median overall survival of 12—19 months,
considerably shorter than the 30 months reported in
RCTs (Diéras et al., 2017). These findings underscore
the limitations of generalizing RCT results to broader
clinical settings.

Recent advances in artificial intelligence (Al) have
enhanced RWS capabilities through the integration and
analysis of complex multi-omics datasets, including ge-
nomics, pathomics, and radiomics (Stein-O'Brien et al.,
2023). These Al-driven approaches efficiently process
censored data and complex interactions, enabling the
identification of novel prognostic markers (Prelaj et al.,
2024). However, while promising, these findings re-
quire validation through well-designed prospective
trials before implementation in clinical practice, high-
lighting the complementary relationship between RWSs
and traditional clinical research.

2.3 Economic evaluation of cancer treatments
through real-world studies

RWSs have emerged as essential tools for evalu-
ating the economic impact of cancer treatments because
they offer more accurate assessments than traditional
economic forecasting models based on idealized as-
sumptions. By analyzing comprehensive data from ac-
tual clinical settings, RWSs provide crucial insights into
treatment costs, patient economic burdens, and com-
parative cost-effectiveness across different therapeutic
strategies (Dai et al., 2022b; Pollard et al., 2022; Sinha

et al., 2022; Soliman et al., 2023; van den Puttelaar
et al., 2023). These evaluations are particularly valuable
in understanding the financial implications of complex
treatment decisions, including drug sequencing and dos-
ing protocols, which enable healthcare systems to opti-
mize resource allocation while maintaining quality care.
A compelling example of the economic impact
of RWSs is the evaluation of immune checkpoint in-
hibitors, breakthrough therapies that have revolution-
ized cancer treatment but pose significant financial
challenges to healthcare systems worldwide. The initial
RWE suggested that lower doses of anti-programmed
cell death protein-1 (anti-PD-1) therapies (nivolumab
and pembrolizumab) could achieve comparable effi-
cacy to standard dosing (Malmberg et al., 2022). This
observation led to a pivotal randomized trial examin-
ing the combination of low-dose nivolumab with triple
metronomic chemotherapy in head and neck cancer
patients (Patil et al., 2023). The positive results from
this study demonstrated that strategic dose optimiza-
tion could maintain therapeutic efficacy while substan-
tially reducing financial toxicity, thus establishing an
alternative standard of care for patients with limited
access to full-dose treatments. This exemplifies how
RWS-driven insights can inform cost-effective treatment
strategies without compromising clinical outcomes.

3 Real-world data in oncology
3.1 Characteristics of real-world data in oncology

The U.S. Food and Drug Administration (FDA)
defines RWD as “data consistently accumulated from
diverse sources pertinent to a patient’s health status
and/or the provision of medical services” (Corrigan-
Curay, 2018). While RCTs generate data in highly con-
trolled environments with selected populations, RWD
encompasses information from routine clinical prac-
tice, including preventive care, diagnostics, treatment
outcomes, health examinations, insurance claims, and
patient registries (Sherman et al., 2016; Jarow et al.,
2017; Booth et al., 2019). This fundamental difference
enables RWD to complement RCT findings by provid-
ing comprehensive insights into treatment effectiveness
and safety across diverse patient populations (Fig. 1),
ultimately enhancing clinical and regulatory decision-
making (Gross et al., 2023; Merola et al., 2023). To bet-
ter understand the complementary relationship between



RWSs and RCTs, a comprehensive comparison of
their respective strengths and limitations is essential
(Table 1). This framework highlights how RWSs offer
advantages in terms of generalizability and real-world
applicability, while RCTs excel in internal validity and
controlled assessment, underscoring the value of in-
tegrating both approaches in oncological research.
RCTs often exclude key patient populations en-
countered in routine practice, such as elderly patients,

Real-world data
from multiple repertories

Data process and analysis
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those with poor performance status, or individuals with
significant comorbidities. RWD is particularly valuable
for studying rare cancers, specific molecular subtypes,
and complex patient groups typically excluded from tra-
ditional research settings. Post-marketing studies utiliz-
ing RWD are therefore essential for validating trial find-
ings in real-world settings and understanding thera-
peutic effectiveness across diverse patient populations
(Black, 1996; Kennedy-Martin et al., 2015; Skovlund

Real-world evidence application

() Personalized Regulatory decision-
a .
p—4 ® O treatment making
-— k
-— Data
—0] 9 l
Registries Social Health Data aquisition,
media records ‘ cleaning and analysis »
AAAA ,,—Jr\_.\ Treatment efficacy and
b7 A Il ! ! safety evaluation
yv v ® 2 o
L o o o .

Health care Wearable Multi-omics
data devices data

Artificial intelligence-
based analysis

Fig. 1 Process of real-world data to real-world evidence (created with Biorender.com).

Table 1 Characteristics of real-world studies (RWSs) and randomized controlled trials (RCTs)

Characteristics
Parameter
RWS RCT
Study design Observational studies using routine clinical data; Controlled experiments with randomization;
Multiple design options Standardized protocols
Population Broad, diverse patient populations Selected participants meeting strict criteria;
Excluding comorbidities
Data quality Variable quality; High quality;
Potential bias and confounding Minimized bias through randomization
Outcomes Long-term effectiveness; Specific endpoints;
Patient-reported outcomes; Efficacy under ideal conditions;
Real-world safety Short-term focus
Implementation Cost-effective; Resource-intensive;
Faster recruitment; Lengthy recruitment;
Applying existing data Complex logistics
Strength Real-world applicability; Strong causal inference;
Population representativeness; Internal validity;
Long-term insights Standardized evidence
Limitation Data quality concerns; Limited generalizability;
Bias control challenges; High cost;
Privacy issues Artificial setting
Regulatory role Complementary evidence; Primary evidence;

Growing acceptance

Established standard
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et al., 2018). Despite its advantages, RWD faces sig-
nificant challenges in completeness and accuracy (Cook
and Collins, 2015). The integration and management
of data from multiple sources requires extensive stan-
dardization and verification processes. Methodological
limitations include population representativeness bias,
incomplete data in registries, and reliability concerns
with certain data sources (Booth et al., 2019; Tsai et al.,
2019; Collins et al., 2020; Velmovitsky et al., 2021).
Additionally, establishing causal relationships and con-
ducting safety evaluations present unique analytical
challenges (Flynn et al., 2022; Zhu et al., 2023). These
limitations suggest that RWD should complement rather
than replace RCTs in clinical decision-making, particu-
larly in safety-critical areas.

3.2 Real-world data application in real-world
precision oncology research

3.2.1 Enhancing screening programs

RWD has revolutionized cancer-screening pro-
grams by enabling comprehensive population-level
analyses that integrate diverse data sources, including
EHRs, cancer registries, and multidimensional clinical-
genetic features. For example, the CanPredict model for
lung cancer risk assessment (Liao et al., 2023) was de-
veloped using multiple data dimensions: sociodemo-
graphic factors (age, sex, ethnicity, etc.), lifestyle char-
acteristics (body mass index (BMI), smoking status, al-
cohol consumption, etc.), and comprehensive medical
history (comorbidities, previous medical history, and
family history). By analyzing data from 19.67 million
individuals across two English primary care databases,
this model has emerged as a robust tool for identifying
high-risk individuals who would benefit most from tar-
geted lung cancer screening.

The impact of RWD on screening programs ex-
tends beyond risk stratification. A landmark study by
Trentham-Dietz et al. (2024) demonstrated this poten-
tial by integrating six Cancer Intervention and Surveil-
lance Modeling Network (CISNET) models with na-
tional breast cancer data. Their analysis, which showed
significant reductions in breast cancer mortality with
mammography screening, provided compelling ev-
idence to support the initiation of biennial screen-
ing at age 40 years. RWD has also proven valuable
in uncovering disparities in screening adherence, as
demonstrated by a U.S. national lung cancer screen-
ing program analysis (Nufiez et al., 2021), which

highlighted significant gaps—particularly among low-
income individuals, Black populations, and those with
mental health conditions—thereby informing targeted
interventions to improve screening accessibility and
utilization.

3.2.2 Advancing diagnostic accuracy and treatment
optimization

RWD has transformed diagnostic practices by
providing comprehensive insights into disease presenta-
tion and progression across diverse populations, tran-
scending the traditional “symptom-imaging-pathology”
paradigm. Al-assisted tools have transformed radio-
logical and pathological image interpretation by offer-
ing remarkable accuracy in tasks such as image classi-
fication, reconstruction, detection, segmentation, regis-
tration, and synthesis (Kleppe et al., 2021; Chen
et al., 2022; Jiang et al., 2023). Platforms like QuPath
(Bankhead et al., 2017) exemplify this advancement by
integrating deep learning and machine-learning capabil-
ities; this enables automated tumor detection and classi-
fication while supporting customized models for specific
cellular identification and biomarker quantification.

The integration of big data has catalyzed a para-
digm shift in oncological treatment strategies, from
uniform histology-based approaches toward genomic-
guided precision oncology. This evolution demands ro-
bust methodologies for evaluating novel patient sub-
groups, assessing real-world drug efficacy, and validat-
ing new biomarkers (Terranova and Venkatakrishnan,
2024; Verkerk and Voest, 2024). The discrepancy be-
tween clinical trial outcomes and real-world treatment
patterns highlights the importance of RWD in optimiz-
ing therapeutic strategies. A compelling example is the
treatment of older women (aged >75 years) with duc-
tal carcinoma in situ (DCIS), a population traditionally
excluded from clinical trials. Analysis of real-world
treatment patterns revealed that while these patients
are not necessarily frail, they often receive de-escalated
interventions, potentially increasing the risk of disease
progression, particularly in estrogen receptor-negative
DCIS (Karakatsanis and Markopoulos, 2020). This find-
ing emphasizes the need for individualized treatment
approaches that consider not only tumor characteristics
but also patient-specific factors such as life expectancy,
performance status, and personal preferences, with the
goal of optimizing oncological outcomes while preserv-
ing quality of life.



3.2.3 Accelerating drug development

The integration of RWD into drug-approval pro-
cesses has significantly enhanced regulatory decision-
making in oncology. RWE provides crucial insights into
post-approval drug performance and safety while en-
abling expedited effectiveness assessments, particularly
for treatments that address urgent health needs or rare
diseases (Arondekar et al., 2022). Major regulatory
agencies, including the FDA, European Medicines
Agency (EMA), and China’s National Medical Pro-
ducts Administration (NMPA), have formally recognized
the value of RWD in drug-approval frameworks (Arlett
et al., 2022; Xu et al., 2024). Blinatumomab’s accel-
erated approval in 2014 exemplifies the successful in-
tegration of RWE in drug development. Its approval
for treating adults with poor-prognosis Philadelphia
chromosome-negative relapsed/refractory B-cell pre-
cursor acute lymphoblastic leukemia was based on a
single-arm phase II study of 189 patients (Przepiorka
et al., 2015), supported by RWE from a historical con-
trol group of 694 patients (Topp et al., 2015). A sub-
sequent phase III RCT confirmed blinatumomab’s sur-
vival benefit over standard chemotherapy (Kantarjian
et al., 2017), validating the initial RWE-supported
approval.

3.2.4 Applying RWD/RWSs in breast cancer research

RWD has especially advanced breast cancer re-
search across multiple domains, including screening
and diagnosis patterns (Duggento et al., 2021; Zhang
et al., 2023; Gennaro et al., 2024; Trentham-Dietz et al.,
2024), quality-of-life assessments (Kirkham et al., 2019;
Timmins et al., 2024), treatment outcomes (Agiro et al.,
2018; Veitch et al., 2019; Anwar et al., 2021; Lin et al.,
2021; Dai et al., 2022a; Wang et al., 2022; Wu et al.,
2023), prognostic predictions (Stabellini et al., 2023),
and cost-effectiveness analyses (Dinan et al., 2019).
The Canadian rethinking clinical trials (REaCT) pro-
gram demonstrates the efficiency of RWE in address-
ing recruitment challenges; it results in faster enroll-
ment and improved cost-effectiveness compared to tra-
ditional RCTs (Basulaiman et al., 2019). A recent ex-
ample is the expedited approval of goserelin (10.8 mg)
for breast cancer treatment, based on the Ezreal study
presented at the 2024 European Society for Medical
Oncology (ESMO) Congress (Wang, 2024). This na-
tionwide multicenter observational case-control study
screened 15 629 patients across 16 Chinese hospitals,
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enrolling 1060 eligible participants. After propensity-
score matching, analysis of 590 patients (295 per group)
compared the estradiol-suppressing effects of 10.8 mg
versus 3.6 mg goserelin in pre- and perimenopausal HR-
positive breast cancer patients, demonstrating the non-
inferiority of the higher-dose formulation.

4 Design essentials for real-world studies

The exponential growth of RWD applications in
oncology research, marked by a seven-fold increase in
publications over the past decade (Malone et al., 2018),
highlights the critical need for robust methodological
frameworks in conducting RWSs. While RWD offers
unprecedented opportunities to bridge the gap between
scientific discovery and clinical practice, the variable
quality of studies underscores the importance of stan-
dardized approaches. Success in RWSs depends funda-
mentally on data accessibility, transparency, and meth-
odological rigor. Essential elements include protocol
pre-registration, adherence to data-privacy regulations,
and maintenance of high research standards. Given the
inherent complexities of RWD, generating high-quality
RWE requires well-defined research questions, appro-
priate data selection, and robust study design. This sys-
tematic approach is crucial for identifying disparities
between clinical evidence and practice, and ultimately
advancing cancer care and improving patient outcomes
(Franklin and Schneeweiss, 2017; Khozin et al., 2017,
Miksad and Abernethy, 2018; Tang et al., 2023).

4.1 Articulating research questions using the
PICOTS framework

RWSs serve three primary functions: evaluating
intervention impacts, characterizing disease patterns in
specific populations, and developing predictive models.
The foundation of effective RWSs lies in well-defined
research questions structured through the PICOTS
framework: Population, Intervention, Comparison,
Outcomes, Time, and Setting (U.S. Food and Drug
Administration, 2023). This systematic approach en-
sures comprehensive consideration of all critical study
elements, which facilitates proper study design and
execution (Fig. 2).

Research questions in RWSs must be both scien-
tifically meaningful and pragmatically answerable
using available RWD. The focus should be on questions
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Fig. 2 Design essentials for real-world study (created with
Biorender.com).

suited to observational studies rather than those re-
quiring RCTs, such as the establishment of initial treat-
ment efficacy (Baumfeld Andre et al., 2020). Successful
RWS design demands a clear definition of the target

population and setting, precise specification of inter-
ventions or exposures, selection of appropriate com-
parison groups, and establishment of well-defined, mea-
surable outcomes within relevant time frames. Careful
consideration must be given to the availability and
quality of data sources that can support these research
objectives.

4.2 Identifying the appropriate data source

The selection of optimal data sources is funda-
mental to the success of RWS. This process requires
a comprehensive understanding of various data-source
characteristics, including population representative-
ness, variable scope, and data architecture (Table 2).
Researchers must ensure that selected datasets not
only align with their research questions but also ad-
here to ethical guidelines, while providing sufficient
coverage of target populations and necessary variables
(Miksad and Abernethy, 2018). Different research ob-
jectives demand different data sources. For instance,
cancer-burden assessments should primarily utilize
comprehensive national or global epidemiological regis-
tries rather than EHRs. However, EHRs play a crucial
role in providing detailed clinical information, includ-
ing patient demographics, diagnoses, laboratory results,

Table 2 Characterization of different data sources in real-world studies

Data source

Volume and format Accessibility and quality

Primary applications Major limitations

Clinical source

Electronic health records  Large; Medium; Clinical outcomes; Data inconsistency;
Unstructured Variable Treatment patterns; Integration challenges
Patient history
Disease registries Medium; Medium,; Disease-specific outcomes; Limited scope;
Semi-structured High Population studies; Selection bias
Long-term follow-up
Administrative source
Insurance claims Large; Low; Resource utilization; Limited clinical detail;
Structured Standardized Cost analysis; Privacy restrictions
Treatment patterns
Patient-generated data
Wearable devices & apps  Small; High; Real-time monitoring; Small samples;
Continuous Variable Patient behavior; Validation needs
Quality of life
Social media Medium; High; Patient experience; Reliability issues;
Unstructured Low Treatment satisfaction; Verification challenges
Side effects
Regulatory data
Safety monitoring systems Medium; Low; Adverse event; Reporting delays;
Structured High Safety signals; Incomplete capture

Post-market surveillance




and treatment data. The integration of such longitudinal
data enables thorough investigations of disease charac-
teristics, treatment patterns, and outcomes in routine
clinical practice (Penberthy et al., 2022).

The complexity of RWSs often necessitates the
integration of multiple data sources to achieve com-
prehensive analysis. Successful examples include drug
safety research, in which combining EHRs with na-
tional adverse event monitoring systems provides com-
plementary insights into both adverse event patterns
and their contributing factors (Booth et al., 2019; Kim,
2024). Similarly, oncology survival analyses benefit
from supplementing traditional follow-up data with
household registration records to minimize patient at-
trition. However, this integration process presents sig-
nificant challenges, particularly in maintaining patient
privacy while ensuring reliable cross-dataset identifi-
cation. While Al-based solutions offer promising ap-
proaches for data integration, their implementation re-
quires careful evaluation of accuracy and complete-
ness (Kovacevi¢ et al., 2024), and balancing data inte-
gration with privacy protection remains a central con-
sideration in RWS methodology.

4.3 Ensuring data collection quality

RWSs require rigorous standardization of data
extraction and processing protocols to maintain scien-
tific credibility. Adherence to established reporting
guidelines and transparent documentation of method-
ology are essential for ensuring result traceability and
reproducibility (Wang et al., 2021). This transparency
extends to acknowledging data-handling limitations and
their potential impact on study outcomes, thereby mini-
mizing the risk of the results being misinterpreted. Qual-
ity assurance in RWSs demands a comprehensive un-
derstanding of data generation processes. This includes
systematic assessment of variable completeness, identi-
fication of missing or miscoded data, and regular quality
verification through sampling. The implementation of
standardized data collection methods helps minimize
quality discrepancies at the source. Notable initiatives
such as the Observational Health Data Sciences and
Informatics (OHDSI) Common Data Model (Hripcsak
et al., 2015) and the Fast Healthcare Interoperability
Resources (FHIR) standard (Vorisek et al., 2022) have
emerged to address these challenges by facilitating data
harmonization across disparate sources, though careful
consideration must be given to maintaining the integrity
of underlying pathophysiological relationships.
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4.4 Confounding factors: identification and control

RWSs face inherent challenges in terms of con-
trolling confounding variables. To enhance study va-
lidity, researchers must implement robust methodolog-
ical approaches, including propensity-score matching
and careful study design. Cross-validation with inde-
pendent data sources, such as clinical trials or national
registries, further strengthens the credibility of findings
and ensures appropriate comparisons between treatment
groups.

Pragmatic clinical trials (PCTs) represent an in-
novative solution that bridges the gap between tradi-
tional RCTs and RWSs (Franklin and Schneeweiss,
2017; Derksen et al., 2019). In addition to maintaining
randomization, PCTs accommodate broader patient po-
pulations and implement streamlined processes, includ-
ing simplified consent procedures and flexible data-
collection methods. This approach not only reduces par-
ticipant burden but also facilitates long-term follow-up
data collection. The above-mentioned REaCT program
exemplifies successful PCT implementation in oncol-
ogy (Basulaiman et al., 2019). By employing simpli-
fied eligibility criteria, streamlined consent processes,
and efficient data collection methods, REaCT achieved
remarkable success, enrolling over 2100 patients across
11 cancer centers in four years.

5 Application of Al in real-world data analysis

Al has emerged as a transformative tool in on-
cology research, enabling sophisticated pattern rec-
ognition and prediction from complex real-world da-
tasets (Perez-Lopez et al., 2024). The integration of
Al with RWD encompasses multiple complementary
approaches, each addressing specific analytical chal-
lenges in cancer research.

5.1 Machine-learning algorithms

Traditional machine-learning methods, such as ran-
dom forests and gradient boosting machines (GBMs),
provide robust frameworks for predictive modeling
and patient classification (Poirion et al., 2021). Deep
learning approaches have shown promise, with con-
volutional neural networks (CNNs) excelling in med-
ical image analysis and pattern recognition, while
recurrent neural networks (RNNs) effectively handle
sequential and temporal data. For example, CNNs have
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demonstrated superior performance in analyzing med-
ical imaging data, achieving results comparable to or
exceeding those of expert radiologists in certain diag-
nostic tasks (Li et al., 2019).

5.2 Natural language processing

Natural language processing (NLP) has revolu-
tionized the extraction of insights from unstructured
clinical data (Yim et al., 2016). Through algorithms
such as Latent Dirichlet Allocation and term frequency-
inverse document frequency (TF-IDF), NLP enables
automated analysis of clinical notes, pathology reports,
and patient feedback. This capability extends to ana-
lyzing PROs and social media data, providing valu-
able insights into treatment satisfaction and patient ex-
periences (Lu et al., 2021; Sim et al., 2023).

5.3 Reinforcement learning

Reinforcement learning (RL) represents a prom-
ising frontier in treatment optimization (Xu et al., 2023).
By learning from patient interactions and outcomes, RL
algorithms can simulate and identify optimal treatment
pathways. This approach has successfully informed
personalized cancer-screening strategies and diagnoses
(Qaiser and Rajpoot, 2019; Yala et al., 2022), treatment-
regimen design (Tortora et al., 2021; Lu et al., 2024),
and clinical trial optimization (Zhao et al., 2009).

5.4 Challenges and considerations

Despite the potential benefits, the effectiveness of
Al applications depends critically on data quality and
representativeness. The “black box” nature of many Al
models presents challenges for clinical interpretation,
driving ongoing development of more transparent ap-
proaches, such as the SHapley Additive exPlanations
(SHAP) analysis (Hsu et al., 2023). These challenges
underscore the importance of combining Al capabil-
ities with robust clinical validation and interpretability
frameworks.

6 Challenges and advancements of real-world
studies in oncology

While RWD offers unprecedented advantages in
terms of scale, efficiency, and cost-effectiveness, it also
faces significant challenges with regard to data quality,
heterogeneity, and inherent biases. The diverse nature

of RWD, which is collected from routine clinical prac-
tice, presents complex challenges, including missing
values, coding inconsistencies, and the integration of
disparate “data islands.” Standardization of data col-
lection, management, and analysis processes is there-
fore key for oncological research, and this will require
sophisticated data-cleansing algorithms and robust re-
search guidelines.

The management of sensitive health information
poses additional ethical challenges, demanding strin-
gent protocols for data security, access control, and pri-
vacy protection. These considerations necessitate the
development of standardized ethical review procedures
and strict data-anonymization protocols to safeguard
patient confidentiality while maintaining data utility for
research purposes.

To address these challenges, the oncology research
community is developing innovative solutions and col-
laborative frameworks. The Cancer Core Europe (CCE)
initiative, comprising seven leading European cancer
centers, exemplifies this approach through its estab-
lishment of a virtual data hub linking molecular pro-
files with clinical outcomes while addressing legal and
privacy concerns (Eggermont et al., 2019). Such ini-
tiatives highlight the importance of multi-institutional
collaboration in establishing unified data standards and
enhancing the representativeness of research findings.

7 Conclusions

RWSs are bringing about a paradigm shift in on-
cological research by providing detailed information
about patient demographics, long-term outcomes, and
treatment safety. The potential of RWSs is becoming
more substantial only as regulatory frameworks change
and technology advances. To fully realize this potential,
it is important to have standardized protocols for data
collection, analysis, and interpretation. Strict research
standards and ethical guidelines ensure that the med-
ical community can use RWSs to advance precision
oncology, thus improving patient outcomes.
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