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Introduction

This article discusses how real-world data (RWD) is increasingly
vital for clinical epidemiology, detailing its applications in under-
standing disease burden, treatment effectiveness, and safety. It also
highlights the methodological challenges, such as confounding, se-
lection bias, and measurement error, emphasizing the need for ro-
bust analytical approaches to ensure valid causal inferences from
complex RWD sources. [1]

This article explores modern causal inference methods like di-
rected acyclic graphs (DAGs), g-methods (e.g., inverse probability
weighting, g-computation), and instrumental variables, which are
crucial for addressing confounding and selection bias in observa-
tional clinical studies. It emphasizes moving beyond traditional re-
gression to more rigorously establish cause-and-effect relationships
from complex data. [2]

This review systematically discusses various sources of bias in clin-
ical epidemiology, including selection bias, information bias (mea-
surement error), and confounding. It provides practical strategies
for identifying, minimizing, and accounting for bias in study de-
sign and analysis, which is critical for enhancing the validity and
reliability of clinical research findings. [3]

This tutorial offers a comprehensive guide to developing, validat-
ing, and applying prognostic models in clinical epidemiology. It
covers key stages such as variable selection, model fitting, inter-
nal and external validation, and strategies for reporting and imple-
menting models to predict future clinical outcomes for individual
patients. [4]

This article examines the methodological and conceptual hurdles in
applying stratified medicine principles within clinical epidemiol-
ogy. It discusses how to identify subgroups of patients who may re-
spond differently to treatments and the challenges of ensuring valid
subgroup analyses without overfitting or spurious findings, advo-
cating for careful design and interpretation. [5]

This overview provides an updated perspective on tools and ap-
proaches for evaluating the methodological quality of clinical epi-
demiology studies. It covers various risk of bias assessment tools

(e.g., RoB 2.0, ROBINS-I) and discusses their application in sys-
tematic reviews and primary research to critically appraise study
validity and synthesize evidence reliably. [6]

This article clarifies the principles of network meta-analysis (NMA)
as a powerful tool in clinical epidemiology for comparing multiple
interventions simultaneously. It discusses its advantages over tra-
ditional pairwise meta-analysis, common methodological pitfalls to
avoid, and future directions for its appropriate application in evi-
dence synthesis. [7]

This guide provides an updated practical overview of Mendelian
randomization (MR), a genetic instrumental variable approach used
in clinical epidemiology to infer causal relationships between expo-
sures and outcomes. It explains the core assumptions, different MR
methods, and how to interpret findings while addressing potential
violations of assumptions. [§]

This article discusses the burgeoning role of Artificial Intelligence
(A]) and Machine Learning (ML) in clinical epidemiology. It ex-
plores how these technologies can enhance predictive modeling, di-
agnostic accuracy, and treatment personalization, while also high-
lighting critical methodological challenges related to data quality,
interpretability, and ensuring ethical and equitable application. [9]

This paper critically appraises the utility of electronic health records
(EHR) in clinical epidemiology. It outlines the vast opportunities
EHR data presents for large-scale observational studies and real-
time surveillance, alongside significant pitfalls such as data incom-
pleteness, coding variability, and the challenges of accurately cap-
turing clinical phenotypes. [10]

Conclusion

Clinical epidemiology is advancing, utilizing real-world data
(RWD) and electronic health records (EHR) to understand disease
burden and treatment effectiveness, despite challenges like data in-
completeness and variability. The field increasingly adopts mod-
ern causal inference methods, including directed acyclic graphs
(DAGs) and g-methods, moving beyond traditional regression to
establish cause-and-effect relationships. Addressing bias, such as
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selection bias, information bias, and confounding, remains crucial 3.
for research validity. New methodologies like prognostic mod-
els are developed for predicting patient outcomes, while stratified
medicine aims to identify patient subgroups for personalized treat-
ments. Tools for assessing methodological quality, like RoB 2.0,
are important for reliable evidence synthesis, especially with tech- 5.
niques such as network meta-analysis (NMA) for comparing multi-

ple interventions. Mendelian randomization (MR) offers a genetic
instrumental variable approach to infer causality. Finally, Artificial 6
Intelligence (Al) and Machine Learning (ML) are emerging, offer-
ing opportunities in predictive modeling and diagnostics, but they
bring their own set of methodological, ethical, and interpretabil-
ity challenges. These advancements highlight a dynamic field con-
stantly refining its approaches to complex data.
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