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Objective: Causal inference in clinical medicine provides scientific evidence for precision medicine and individualized treatment by
revealing the true associations between interventions and health outcomes. This study aims to conduct a comprehensive bibliometric
analysis to identify current research trends, primary themes, and future directions for the application of causal inference in clinical
medicine.

Methods: We conducted a literature search in the Web of Science database using causal inference and medical terminology as subject
keywords, covering the period from January 1986 to December 2024. After screening, we obtained 4,316 documents for analysis.
Utilizing CiteSpace to generate network diagrams, we analyzed data related to the number of publications, citation analysis,
collaboration relationships, keyword co-occurrence, and highlighted terms to illustrate the knowledge map and collaboration network
in this field.

Results: Publications on medical causal inference shows a fluctuating growth trend over time. The United States was the top
contributors to this field. Harvard University is the leading research institution. George David Smith is the most prolific author,
Robbins JM is the most cited scholar. The major research hotspots concentrated in fields such as epidemiology, coronary heart disease
and health. Notably, marginal structural models, counterfactual forecasting, and Mendelian randomization have consistently been key
methodologies in research. The burstness of keywords reveals that big data, DNA methylation, and robust estimation are emerging
research directions.

Conclusion: In clinical research, counterfactual forecasting provides prospective guidance for optimizing clinical strategies;
Mendelian randomization helps uncover potential therapeutic targets; and marginal structural models enhance the accuracy of causal
effect estimation in clinical studies. The future integration of various data sources to improve causal inference methods is anticipated
to enhance the sensitivity and specificity of trials, ultimately elucidating the complex mechanisms of diseases and drug effects. The
literature retrieve strategy and the metrics of the tools adopted may have a certain impact on the results of this study.
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Introduction
In clinical medicine, understanding causal relationships between drugs and health outcomes is essential for evaluating
medication efficacy and safety, as well as informing clinical decision-making and public health policy. Traditional
correlation analysis can identify relationships between variables; however, it often fails to differentiate true causal
relationships and is susceptible to confounding factors." Causal inference has emerged as a vital research topic,
particularly in medicine, where it effectively adjusts for confounders and conducts counterfactual analyses to enhance
clinical trial design and decision support.” As these methods evolve, causal modeling has potential to further reveal the
occurrence mechanism of diseases and provide a more scientific basis for disease prevention and treatment.

For a long time, “Problems involving causal inference have dogged at the heels of statistics since its earliest days”.?
Before robust theories of causal relationships were established, statisticians frequently oscillated between correlation and
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causation. This simplifies data analysis but obscures important causal relationships due to the focus on correlation.
Unlike correlation, which is symmetric, causation is asymmetric and offers a clearer depiction of event relationships.*
Causal inference quantifies causal effects using observational data, enabling conclusions about causal relationships based
on the conditions of effect occurrence.’ Initially, the integration of causal inference with various disciplines has led to
numerous inferential methods, such as matching-based approaches,’ tree-based techniques,’” and dynamic perturbation
analysis.® As causal relationships have evolved, the potential outcomes model® and the structured causal model'® have
gained prominence due to their robust theories, broader applications, and higher recognition in the field of causal
inference.

Understanding causal relationships between events allows researchers to predict risks and formulate risk management
plans. While Randomized Controlled Trials (RCT) is considered the gold standard for evaluating treatment effects, their
exclusion of certain patients can limit the applicability of results to real-world populations.'' Causal inference leverages
observational data to help physicians assess treatment effects in broader contexts and apply these findings in clinical
practice.'® Currently, research in causal inference and counterfactual prediction within machine learning is a prominent
direction in healthcare.” By simulating clinical trials with observational data, the effectiveness of treatment allocation
schemes can be evaluated for optimality, aiding precise drug management.'® The “Thalidomide Disaster” notably spurred
reforms in drug approval and management systems, illustrating the importance of understanding causality for drug
repurposing and developing new chemical entities.'* Given the complex relationships among drugs, diseases, and
individual characteristics, graph-based causal inference methods offer advantages in modeling these intricate
connections.'”> Furthermore, causal inference methods can identify and control selection and confounding biases,
improving research accuracy.'® As technology advances, causal inference now extends beyond text data to include
images and audio.'” While the potential for causal inference continues to grow, challenges remain, including evaluating
the validity of inference results and addressing Simpson’s Paradox.'®

A search for “Causal inference” in the Web of Science yields over 10,000 results across various disciplines, including
medicine, biology, and economics. This extensive body of literature can overwhelm researchers, making it challenging to
identify research hotspots. Subjective judgments are often constrained by personal experiences and existing literature.
Consequently, bibliometric reviews—grounded in quantitative changes in academic outputs—provide a more objective
and comprehensive understanding of the field, encompassing historical overviews, research hotspots, and development
trends. CiteSpace, a Java-based application, employs econometrics, co-occurrence analysis, and clustering analysis to
visualize trends in scientific literature within a specific discipline.'*°

In this study, bibliometric analysis was performed using the CiteSpace tool to screen articles from the Web of Science
database. Further cluster analysis of keywords and co-cited references was conducted based on the network analysis of
authors, institutions, and countries. The primary objectives are: (a) to explore the distribution and collaboration among
authors, institutions, and countries in causal inference research within medicine; (b) to identify major research themes
and the knowledge structure of causal inference in medicine; (c) to pinpoint research hotspots and systematically
summarize and forecast the future of causal inference in the medical field.

Methods

Data Sources
Data for the bibliometric analysis were obtained from Clarivate Analytics’ Web of Science Core Collection, including
SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, BKCI-S, BKCI-SSH, ESCI, CCR-EXPANDED, and IC.

Search Strategies

In this study, we retrieved literature from the Web of Science Core Collection from its inception to December 2024, for
the following terms: causal inference, drug, epidemiology, pharmacology, prevalence, therapy, diagnosis, health, disease,
clinical and medicines. We used “causal inference” as the main keyword and combined it with other terms for subject
searches. The specific search expressions were: (TS=(“causal inference”) AND TS=(drug)), (TS=(“‘causal inference”)
AND TS=(epidemiology)), (TS=(“causal inference”) AND TS=(therapy)), (TS=(“‘causal inference”) AND TS=
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(diagnosis)), (TS=(“causal inference”) AND TS=(health)),(TS=(“causal inference”) AND TS=(disease)),(TS=(*“causal
inference”) AND TS=(clinical)), (TS=(“causal inference”) AND TS=(pharmacology)), (TS=(*“causal inference”) AND
TS=(prevalence)), and (TS=(*“causal inference”) AND TS=(medicines)).The results of the respective searches were then
all imported into a unified data tagging result set, totaling 5,856 documents, for the next screening step.

Inclusion and Exclusion Process

This article conducts a literature selection and systematic analysis of research related to digital feedback, following the
PRISMA 2020 systematic review process (Figure 1). Initially, only peer-reviewed, causally driven original articles
published in the medical field were chosen, excluding review articles. Only articles of a specific type were included, and
the language was restricted to English. The titles and abstracts were further examined to exclude unrelated disciplines,
research content, erratum documents, unpublished works, and duplicate articles. Finally, the reference lists were
manually checked to identify sources that were missed during the search. This process ensured that the selected literature
closely relates to causal inference in the medical field, encompassing the years from 1986 to 2024, resulting in a total of
4,316 documents that will be used for CiteSpace analysis.

Bibliometrics and Visual Analytics

The study exported the retrieved articles in plain text format with complete records and references, named
“download XXX.txt”, and then imported them into CiteSpace 6.4.R4 for further bibliometric and visualization analysis.
When drawing the visual knowledge graph, we followed the main procedural steps of CiteSpace, including time slicing,
threshold segmentation, modeling, pruning, merging, and mapping.?' The core concepts of CiteSpace include burst
detection, betweenness centrality, and heterogeneous networks, which help to visualize the current state, hotspots, and
frontiers of research in a timely manner. Nodes in the different maps represent authors, institutions, countries, or
keywords. Node size indicates the frequency of occurrence or citation, and node color indicates the frequency of
occurrence or year of citation. CiteSpace provides two indicators based on network structure and clustering clarity: the
module value (Q value) and the average silhouette value (S value).”*** These can serve as benchmarks for assessing the
quality of the generated maps. Generally, the Q value falls within the interval [0, 1). A Q value greater than 0.3 indicates
a significant community structure; when the S value is at 0.7, the clustering is considered highly efficient and convincing,

Stages Screening Requirements Number of References

l The analysis focuses on articles published from the establishment to December 2024,
searching for research themes related to "causal inference," as well as topics pertinent to
Identification — medicine. including epidemiology. treatment, diagnosis, clinical practice. pharmacology, ———
prevalence. and pharmaceuticals. with data sourced from Clarivate Analytics' Web of
Science Core Collection.

Total number of recorded
literature: n=5.896

Select peer-reviewed journals for English publications.Only retain literature with the Total number of recorded

Filterin ; ;
g Document Type labeled as articles and exclude Early Access works. literature: n=5,063

A

. . Remove duplicates or irrelevant articles outside the fields of causal inference and medical Total number of recorded
Qualifications —» —

research. This determination is based on the article's title, abstract, and/or full text. literature: n=4.786

The main objective of the selection process is to study the application of causal inference Total number of recorded

Inclusion i ’ - : . % , » . - ;
methods in the medical field. with a focus on clinical trials and intervention effects. literature: n=4,581

A,

Comprehensive The reference list was manually reviewed to identify unrecognized sources for inclusion.

Figure | PRISMA literature search flowchart.

Total number of recorded
literature: n=4,316
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while a value above 0.5 is generally deemed reasonable. If the S value approaches infinity, the number of clusters usually
is one, suggesting that the selected network may be too small and only represents a single research theme. Creating
knowledge graphs requires selecting different thresholds and generating multiple drawings, ultimately choosing the most
ideal graph based on the Q and S values as the final result.

Results
Using Citespace, we will analyze the countries, institutions, authors, journals, and publications involved in causal
inference research in the field of medicine.

Bibliometric Analysis of Publication year

Literature related to the application of causal inference in the field of medicine has shown a tendency to grow with time
fluctuations (Figure 2). The earliest document in the Web of Science Core Collection is James Robins’ “A new approach
to causal inference in mortality studies with a sustained exposure period - application to control of the healthy worker
survivor effect”. (Published in 1986) This work has inspired subsequent research by scholars in the field of causal
inference, further exploring the relationship between mortality rates and treatment regimens, thereby providing an
important theoretical foundation and practical framework for future causal inference studies. The citation of this research
has exceeded 1,500 times, establishing it as a foundational study in the application of causal inference to epidemiology.
Due to its pioneering value, we will consider the year of its publication as the starting year for our investigation.
However, during its early stages, causal inference was only regarded as a method of data analysis in statistics and did not
form a systematic disciplinary structure. As a result, few scholars specialized in this field, and many important theories
were primarily based on statistical research. For example, Jerzy Neyman, who proposed the “potential outcomes” model,
made outstanding contributions to hypothesis testing, and his research played a fundamental role in the theory of causal
inference. Therefore, for a long time, very few applied studies were associated with causal inference, and even fewer
were specifically known in the field of medicine.
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Figure 2 Annual trend map of publications.
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This study employs bibliometric methods to analyze the growth patterns of causal inference in the medical field from
1986 to 2024. From 1986 to 2000, related research grew slowly; it saw rapid expansion from 2000 to 2018, followed by
an explosive growth post-2019.

Around the year 2000, the emergence of computer science provided enhanced technological support for processing
large datasets and conducting causal inference. In this context, Robins et al published “Marginal Structural Models and
Causal Inference in Epidemiology” which advanced causal modeling by improving the treatment of confounding factors,
thereby facilitating the prospective application of causal inference in epidemiology.* Concurrently, Hernandez-Diaz and
others® contributed significantly to the application of causal inference in medicine through studies like the case-control
method. Subsequently, related research rapidly proliferated.

In 2019, the outbreak of the COVID-19 pandemic and the increasing public focus on public health led to evolving
clinical features and management of COVID-19 patients, necessitating changes in prognostic assessment methods.*® The
influences on COVID-19 are often complex and interrelated, making it essential to clarify these intricate relationships
and unveil potential causal mechanisms to adapt public health responses to the dynamically changing pandemic
situation.”” Research combining causal inference with epidemiology demonstrated its effectiveness in addressing such
large-scale medical events, leading topics like vaccine safety, public management, and mental health to gain prominence
in subsequent years.?*%°

By 2021, generative artificial intelligence began to showcase exceptional capabilities in data processing and causal
inference. Concepts such as smart healthcare, digital health, and personal physicians continued to gain traction, driving
an explosive increase in research on causal inference in medicine. Through the development and evaluation processes
grounded in causal inference, Al has the potential to achieve better clinical outcomes and enhance overall healthcare
quality.*® Furthermore, combining causal inference methods with advanced representation learning techniques allows for
more effective handling of large-scale and high-dimensional heterogeneous data, thereby improving model
interpretability.®'

Bibliometric Analysis of Institutions

CiteSpace software determines collaboration primarily based on the co-occurrence frequency matrix. The size of the
nodes represents the number of papers published by each institution, and the thickness of the connecting lines between
the nodes indicates the degree of collaboration between institutions. The top three institutions contributing the most
articles are Harvard University (203), Harvard T.H. Chan School of Public Health (193) and University of Pennsylvania
(179). Among these, Harvard University has a centrality greater than 0.1, indicating significant contributions to the field.
Overall, there is a very close connection between institutions, especially Harvard University and the University of
Bristol, which not only dominate in terms of the number of published papers but have also established close cooperation
with other institutions. (Figure 3) However, it is also evident that some institutions have less cooperation or are even
isolated, indicating that the sense of collaboration among these institutions needs to be further strengthened.

Figure 4 illustrates the clustering of collaboration areas among institutions, with a Q value of 0.5244 and an S value
of 0.8513, indicating that the clustering results are convincing. Harvard University is closely collaborating with the
University of Pennsylvania on HIV research, while in the fields of child health and targeted trials, Harvard has also
shown active cooperation with institutions like Columbia University. Additionally, the University of Copenhagen and the
University of Bristol have formed a strong partnership in real-world evidence and Mendelian randomization studies. The
French National Institute of Health and Medical Research has also established significant collaborations with the
Massachusetts Institute of Technology in the area of gut microbiome research.

Bibliometric Analysis of Countries

Figure 5 presents the country-specific results of research on causal inference in the applied domain. The size of each circle
represents the number of papers published in that country. The top three countries contributing the most articles are the United
States (2,452), the People’s Republic of China (739) and England (676). The England has a centrality greater than 0.1,
indicating its significant contribution to the field. Additionally, although Sweden (182 articles) and South Africa (49 articles)
contributed fewer articles, their centrality values also exceeded 0.1, with Sweden at 0.15 and South Africa at 0.24. North
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Figure 3 Network of cooperating institutions.

America and Europe dominate, while Asia is rapidly growing, and Africa is also showing its unique contributions to research.
Figure 5 also clearly shows that the connectivity between the nodes is robust and the cooperation between individual countries
is active.

Bibliometric Analysis of Authors

The co-authorship network is illustrated in Figure 6, where the size of the circles represents the number of studies
published by each author. The shorter the distance between two circles, the more collaboration exists between the
respective authors. The colors of the circles denote authors within the same cluster. Gray nodes represent earlier
published studies, while red nodes indicate more recently published studies. In Figure 6, it is evident that many authors
tend to work with a relatively stable set of collaborators, forming several major clusters of authors. Each cluster typically
contains two or more core authors. Additionally, prolific authors generally maintain stable relationships with other
authors. As seen in Figure 6, the most represented author is Smith, George Davey with 54 publications, followed by Cole,
Stephen R (48), and Kaj Hernan, Miguel A (34). The research of the three individuals focuses on public environmental
occupational health, with varying degrees of involvement in genetics, heredity, statistics, probability, and medical
informatics. This analysis clearly visualizes the collaboration between authors and aids in tracking research questions
and identifying cutting-edge research.
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Figure 4 Clustering of collaborative areas among institutions.

Bibliometric Analysis of Author and Journal Co-Citation

Figures 7 and 8 show the co-citation network of authors and journals. The most cited authors were Robins JM (1,148
citations) and Rubin DB (1,100 citations), followed by Hernan MA (977 citations) and Rosenbaum PR (778 citations).
Robins JM’s significant contributions include marginal structural models,** selection bias,”® and simulated target trials.*>
These methods have laid the groundwork for the advancement of practical clinical research, providing tools for under-
standing and handling complex data, promoting theoretical progress in causal inference, and improving evaluations of
treatment effects and policy impacts.

The top-cited journal was the American Journal of Epidemiology with 1,984 citations, followed by Statistics in
Medicine (1,983 citations) and Epidemiology (1,980 citations). Additionally, the American Journal of Epidemiology
received both high frequency and high centrality, indicating its key role in the field. Research published in the American
Journal of Epidemiology focuses on the application of causal inference in epidemiology, including techniques such as
inverse probability weighting and multivariable Mendelian randomization, which are crucial for evaluating treatment
effects and understanding causal relationships. The exploration of genetic epidemiology in these studies also demon-
strates how genetic information can be utilized to comprehend the causal relationships of diseases, contributing to the

advancement of personalized medicine.

Bibliometric Analysis of Co-Occurring Keywords and Clustering

Keywords are high-level summaries. High-frequency, high-centrality keywords tend to reflect hot research topics in the
field. We analyzed publications in 1-year time slices and identified the top 35 most-cited or most frequently occurring
keywords in each slice. The co-occurring keyword network consisted of 986 nodes and 4,470 links.
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Figure 5 Networks in cooperating countries.

As shown in Table 1, the three keywords with the highest centrality are: epidemiology (0.52), coronary heart disease (0.14),
health (0.14) and model (0.13). The keywords with the highest frequency are: causal inference (2831 times), risk (559 times), and
health (336 times). Additionally, Figure 9 illustrates the keyword network. Epidemiology and coronary heart disease emerge as
the most central keywords, highlighting the importance of cardiovascular diseases in public health management. Furthermore,
health-related keywords such as mortality, air pollution, and Mendelian randomization underscore the crucial role of causal
inference in disease research, particularly in controlling for potential biases. The most frequently mentioned keywords—
including causal inference, risk, and propensity scores—indicate a growing emphasis in modern research on evidence-based
decision-making, which is increasingly vital for understanding complex health issues and implementing effective intervention
strategies.

Ten clusters were obtained by CiteSpace. The clustering modularity value (Modularity Q) was 0.4581, which is
greater than 0.3, indicating a significant clustering structure. Additionally, the silhouette value (Silhouette) of each cluster
was above 0.7, demonstrating that the results were credible and significant (Figure 10 and Table 2).
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Keywords with Citation Explosion

Figure 11 shows the top 40 citation outbreak keywords. The deep green line indicates the time interval, and the red line
indicates the time of the keyword outbreak.”’ The keyword “marginal structural model” had the strongest citation
explosion in 2007, which lasted until 2016, indicating the importance of the marginal structural model in causal
inference. Although the marginal structural model was proposed early by Robins JM and has since been utilized in
epidemiology,24 its broader adoption and application have taken time to percolate. To date, the marginal structural model
has evolved into a trusted approach for causal inference. The latest keywords to see a spike in citations in 2022 include
“instruments”, “anxiety” and “prediction”.

Moreover, the high intensity of “noncompliance” and “principal stratification” underscores the importance of these
concepts in research, suggesting they may be key elements in understanding complex causal relationships and controlling
biases. “Epidemiologic methods” have persisted from 1995 to 2017, reflecting the enduring relevance and significance of
epidemiological approaches in related fields. Both “epidemiologic methods” and “randomized trials” exhibit strong
citation surges, possibly indicating an increasing prevalence of randomized trial methodologies in epidemiological
studies, which reflects a shift in scientific research practices and a greater emphasis on evidence-based medicine.
Conversely, certain keywords such as “big data”, “DNA methylation”, “robust estimation”, and “prediction” have
relatively short presence durations, potentially indicating that these methods or topics are emerging frontiers in recent
research, illustrating researchers’ rapid response to new challenges.
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Figure 7 Authors’ co-citation networks.

Bibliometric Analysis of Co-Cited References

Figure 12 shows the top co-cited references with high frequency and high median centrality. Table 3 lists the top 7 studies
related to causal inference in the field of medicine, each with more than 600 citations. The most co-cited reference is
a paper published by Marie Verbanck et al. Their team developed a test based on Mendelian Randomization Pleiotropy
RESidual Sum and Outlier (MR-PRESSO) to identify pleiotropic outliers in multi-instrument summary-level data.*
The second co-cited reference, published by Hemani et al, addresses the inadequacy of two-sample Mendelian
randomization in processing the results of genome-wide association studies.** They created a computer program and
an online platform called “MR-Base” which combines up-to-date genetic data with state-of-the-art statistical methods to
make results more reliable in genetic studies.®> This platform reduces the risk of human error and enhances the reliability
of genetic research outcomes. The third co-cited reference similarly improves the Mendelian randomization approach.
Since Mendelian randomization does not automatically infer causality from associations between exposure and disease,
and since associations can arise because of unobserved confounders or reverse causality,’® Jack Bowden et al proposed
a novel weighted median estimator. This estimator combines data from multiple genetic variants into a single causal
estimate.>” The fourth co-cited reference was also published by Jack Bowden et al in 2015, a year before the previous
one. This paper describes their development of the Egger regression methodology, which provides a sensitivity analysis
for the robustness of Mendelian randomization findings and is instructive for the 2016 results.*® It is clear that Mendelian
randomization analysis has become a well-established method for determining whether modifiable exposures are causally
linked to the etiology of disease.’® In particular, the number of Mendelian randomization analyses using large numbers of
genetic variants is rapidly increasing due to the proliferation of genome-wide association studies.
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Figure 8 Journal co-citation network.

Discussion

Summary of Findings

We reviewed the latest research status of medical causal inference using CiteSpace, revealing relevant research hotspots
and frontiers. From January 1986 to December 2024, we obtained 4,316 documents related to medical causal inference
from the Web of Science Core Collection, showing a growth trend that fluctuates over time. The United States ranks first
in related research, contributing 2,452 publications, which accounts for over 50% of the total, dominating the field of
medical causal inference. In contrast, while countries like Canada and the People’s Republic of China also contributed
a significant number of documents, their impact remains low, indicating the need for further exploration of the value of
their research projects. Harvard University is the leading institution with the highest number of publications (203), while
George David Smith is the most prolific author (54 publications). Robbins JM is the most cited scholar with 1,148

Table |1 Top 10 Keywords in Terms of Frequency and Centrality

Rank | Count Keywords Centrality Keywords

| 2,831 Causal inference 0.09 Epidemiology

2 559 Risk 0.08 Coronary heart disease
3 447 Mendelian randomization 0.08 Health

4 389 Propensity score 0.07 Inference

5 361 Mortality 0.07 Models

6 336 Health 0.06 Mortality

7 332 Association 0.06 Air pollution

8 331 Models 0.05 Mendelian randomization
9 294 Inference 0.05 Bias

10 292 Bias 0.04 Breast cancer
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Figure 9 Keyword co-occurrence network.

citations for relevant papers, and the American Journal of Epidemiology is the most cited journal, having received 1,984
citations. The most frequently cited authors and references typically focus on epidemiology and Mendelian randomiza-
tion. The top five keywords ranked by frequency and centrality are epidemiology, coronary heart disease, health,
inference, and models. The keyword “marginal structural models” ranks first with the highest citation burst rate.

9

Additionally, “DNA methylation”, “instruments”, “anxiety”, and “robust estimation” are emerging research hotspots.

Causal Inference on Hot Issues in Medicine

Keywords represent a high degree of generalization and conciseness of the topic, and commonly used keywords are often
used to identify research hotspots during the analysis process. The results of the co-occurring keywords and cluster
analysis indicate that the major current research trends include counterfactual prediction, Mendelian randomization, and

marginal structural models.

Counterfactual Forecast

In causal inference, counterfactuals attempt to answer the question, “What would have happened if things had been
different?” In medical research, the counterfactual question for a patient who receives treatment is what would have
happened to the patient’s health in the absence of the treatment. Causal inference is the process of estimating the causal
effect of a particular treatment or intervention by comparing the actual situation with a counterfactual scenario.
According to Prosperi et al, counterfactual prediction is important in actionable healthcare.”> Machine learning and
causal inference models enable researchers to assess the potential outcomes of different healthcare strategies and provide
personalized treatment plans for patients. This approach emphasizes the crucial role of counterfactual prediction in
optimizing therapeutic decision-making and improving the quality of patient care.
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Electronic Health Records

i
°'...#6 air pollution { #5 marginal structural models
[ ] L J < 7 .

Researchers often prefer to use a data source known as electronic health records (EHRs), which serves as a systematized,

electronic version of a patient’s health information. EHRs contain detailed information about a patient’s medical history,

Table 2 Cluster Analysis of Keywords

Cluster | Silhouette | Size Label (LLR) Included Keywords (top 5) Mean

ID (Year)

0 0.721 152 Mental health Mental health; depression; physical activity; anxiety; depressive symptoms 2012

| 0.703 137 | Propensity score Propensity score; Mendelian randomization; machine learning; observational 2012

studies; inverse probability weighting

2 0.758 137 Mendelian MENDELIAN randomization; body mass index; propensity score; genome- 2012
randomization wide association study; obesity

3 0.79 Causal inference Causal inference; principal stratification; missing data; noncompliance; 2004

sensitivity analysis
4 0.721 107 Deep learning Deep learning; gut microbiota; artificial intelligence; risk factors; regression 2014
discontinuity
5 0.756 83 Marginal Marginal structural models; Mendelian randomization; hiv; longitudinal data; 2007
structural models antiretroviral therapy

6 0.764 74 Air pollution Air pollution; particulate matter; chronic obstructive pulmonary disease; 2010

mediation analysis; lung cancer
(Continued)
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Table 2 (Continued).

Cluster | Silhouette | Size Label (LLR) Included Keywords (top 5) Mean

ID (Year)

7 0.894 38 Epidemiologic Epidemiologic methods; instrumental variable; causal effect; disease; model 2008
methods selection

8 0.861 34 Diabetic Diabetic retinopathy; immune cell; vitamin d; mr analysis; immunity 2014

retinopathy
9 0.929 30 HIV prevention HIV prevention; definition; Mendelian randomization analysis; causal inference; 2011

social determinants

treatment history, laboratory and imaging results, medication information, allergic reactions, hospitalization records,
outpatient follow-up information, and personal identity and lifestyle habits.*® Researchers have used EHRs to assess their
potential impact on patient health outcomes by simulating different intervention or treatment scenarios. Recognized
results include confirming that there is no causal relationship between gout and Alzheimer’s disease®' as well as
revealing a relationship between anaerobic exercise and hyperglycemia.** As it has evolved, the counterfactual analysis
of EHRs is no longer limited to revealing relationships between specific diseases or health conditions, but also extends to
assessing the effectiveness of medical interventions and optimizing treatment regimens.*’ While EHRs have received
much attention from researchers, the accuracy, completeness, and consistency of the EHRs data itself are critical for
effective counterfactual analysis. In recent years, artificial intelligence has made remarkable progress, and Al models that
integrate multi-omics data and EHRs have effectively combined medical data from diverse sources, enhancing the
potential for precision medicine.** However, further advancements in this field require continuous efforts to overcome
challenges related to data integration, privacy protection, and algorithmic trust.

Propensity Score Matching

The propensity score is the probability that an individual will receive a specific intervention (eg, treatment) given the
observed covariates.*> Propensity score matching in counterfactual prediction mimics the effects of RCT in observational
studies by matching individuals with similar propensity scores.® Researchers can also create a balanced dataset between
treatment and control groups, where confounders are statistically similar, thus reducing confounding bias. However, this
approach requires a large sample size and can only adjust for differences in observed variables. As a result, bias due to
unobserved covariates may still exist.*® Furthermore, propensity score-based methods extend unnaturally when there are
more than two treatment levels.*” Shu Yang et al combined weak unbiasedness and generalized propensity scores for
counterfactual prediction in the presence of multiple treatment levels,*® extending propensity score matching (PSM) to
the broader problem of counterfactual prediction. This approach is particularly important for studies involving interven-
tion diversification. PSM is also an important tool for addressing sparse data and high dimensionality problems.
Researchers have proposed many improvements for PSM, including post-dual selection methods,* regularization
methods,”® and multivariate matching methods.” Although PSM still faces challenges in terms of data balancing,
heterogeneity of treatment effects, and time dependency, combining it with machine learning and big data techniques
shows great potential. Through this combination, PSM has found significant applications in enhanced matching

>3 and multidimensional and network matching.>* It can also be

techniques,™ dynamic propensity score matching,
combined with artificial intelligence algorithms to better handle complex data structures and improve the accuracy of
propensity score estimation.” Additionally, it can adapt to dynamic and long-term data sources for analyzing the effects
of treatments using EHRs,”® and develop new methods for time-series data and for dealing with time-varying interven-

tion effects.

Observational Studies
Observational studies hold potential value for investigating medical causal effects that are difficult to answer through
randomized trials. With the promotion of causal paradigms, reliance on observational population data for causal inference
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Top 40 Keywords with the Strongest Citation Bursts

Keywords Year Strength Begin End 1986 - 2024
marginal structural models 2004  32.152007 2016
noncompliance 1997  19.56 1997 2017
principal stratification 2006 15.32006 2015
instruments 2012 13.63 2022 2024
epidemiologic methods 1995  11.311995 2017
antiretroviral therapy 2003  10.09 2003 2019
models 1993 102001 2009
randomized trials 1994 9.37 2003 2015
body mass index 2008 9.29 2014 2017
logistic regression 2008 9.22008 2018
active antiretroviral therapy 2006 8.68 2006 2017
marginal structural model 2012 8.542012 2018
clinical trials 1994 8.412017 2019
instrumental variables 2003 7.952008 2016
bias (epidemiology) 2006 7.512006 2011
coronary heart disease 1996 7.351996 2015
inference 1994 6.64 2008 2014
epidemiology 1991 6.22006 2010
clinical trial 2007 6.19 2007 2017
definition 1998 6.18 2012 2017
bayesian inference 1991 6.08 1991 2009
obesity 2012 6.04 2014 2017
regression 2010 5.842013 2019
external validity 2011 5.812017 2020
confounding factors (epidemiology) 2009 5.77 2009 2011
physical activity 2007 5.72011 2013
adjustment 2000 5.652009 2018
consumption 1996 5.6 2013 2016
dna methylation 2012 5.57 2020 2021
potential outcomes 2008 5.522008 2014
infection 2007 5.452015 2018
anxiety 2018 5.42022 2024
c reactive protein 2008 5.392008 2019
trials 2006 5.312006 2017
criteria 2000 5.18 2000 2016
dementia 2019 5.112019 2021
prediction 2020 5.12022 2024
missing data 1998 5.03 2002 2009
big data 2016 5.022018 2020
robust estimation 2019 52019 2021

Figure 11 Top 40 most cited keywords.

may be necessary when suitable target experiments are not available.”” Early research indicated that the principle of
unconfoundedness supports the basis for causal inference in observational studies; therefore, under this condition, the
Average Causal Effect (ACE) can be identified and estimated using observational data.”® Based on this principle,
employing more robust methods such as conditional exchangeability, multivariable regression analysis, sensitivity
analysis, and dynamic tracking and data collection can enable more effective estimation of comparative treatment
benefits from observational data.’® However, in the process of selecting estimators, observational studies must avoid
confounding of outcome variables to ensure scientific rigor and reliability in the analysis. To address this issue, Janie
Coulombe et al®® proposed a new multiple robust estimator designed for estimating causal effects in observational
studies, particularly addressing confounding factors and irregular observation times in electronic health records.
Additionally, when describing observational studies, it is essential to use appropriate language and communication
methods to ensure accurate reporting of study results. Issa J. Dahabreh and colleagues®' developed a new causal
inference framework that effectively utilizes causal language in observational studies, significantly improving
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conducted

a scoping review of observational studies involving causal issues, discovering gaps in the use and reporting of multiple

imputation for causal questions, emphasizing the importance of rigorous reporting frameworks and methodologies for

accurate causal inference in medical journals. Future research should continue to explore and refine these frameworks to

enhance the quality and reliability of observational study outcomes.

Table 3 Top 7 Co-Cited References in Order of Citations

Rank | First Authors | Count | Year Co-Cited References
| Marie 163 2018 Detection of widespread horizontal pleiotropy in causal relationships inferred from Mendelian
Verbanck randomization between complex traits and diseases
2 Gibran Hemani 146 2018 The MR-Base platform supports systematic causal inference across the human phenome
3 Jack Bowden 100 2016 | Consistent Estimation in Mendelian Randomization with Some Invalid Instruments Using a Weighted
Median Estimator
4 Jack Bowden 77 2015 Mendelian randomization with invalid instruments: effect estimation and bias detection through
Egger regression
5 Neil M Davies 75 2018 Reading Mendelian randomization studies: a guide, glossary, and checklist for clinicians
6 Tyler 70 2017 Sensitivity Analysis in Observational Research: Introducing the E-Value
J. VanderWeele
7 Stephen 54 2017 Interpreting findings from Mendelian randomization using the MR-Egger method
Burgess
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Counterfactual prediction, which focuses on evaluating events that are likely to occur under different conditions, is an
important aspect of causal inference. In the healthcare field, this method is particularly critical, as it helps healthcare
professionals understand the potential impact of a particular treatment or intervention on a patient’s health.
Counterfactual prediction is undergoing a revolution as technology advances, particularly in the areas of big data
analytics and artificial intelligence. In the future, counterfactual prediction will increasingly rely on sophisticated
computational models and algorithms capable of processing massive data sets and extracting valuable insights from
them. Machine learning methods, such as Random Forests, Support Vector Machines, and Deep Neural Networks,*>¢*
have begun to be used for propensity score estimation. This indicates that future counterfactual predictions may
increasingly rely on these advanced technologies to address nonlinear relationships and high-dimensional features in
data. Causal artificial intelligence enhances machine decision-making capabilities in complex situations by mimicking
human reasoning processes, enabling machines to understand and explain events based on causal relationships.®> By
generating counterfactual data and altering labels, models can more accurately identify causal features.®® Furthermore,
with the development of personalized medicine, counterfactual predictions will not only focus on the general treatment
effects but also on how to tailor treatment plans based on individuals’ specific characteristics. This suggests that future
research may place greater emphasis on understanding how inter-individual heterogeneity affects treatment outcomes.

Mendelian Randomization

Mendelian randomization (MR) is a technique that uses genetic variation to assess whether risk factors (eg, biomarkers)
have a causal effect on disease outcomes in non-experimental (observational) settings.>’**” Combining causal inference
with observational epidemiology often yields controversial findings due to challenges such as potential confounders,
reverse causation, and other biases.®® Meanwhile, RCT, which is the most reliable method for causal inference in
epidemiological studies, is also usually difficult to use directly to study the etiology of diseases due to demanding design
and implementation conditions, strict controls, challenges in execution, and medical ethical considerations.®® Dorothea
Nitsch et al discussed the challenges and implications of using Mendelian randomization studies to estimate the effect of
gene products on disease outcomes. They drew analogies between Mendelian randomization and randomized controlled
trials, highlighting differences in the interpretation of causality between the two, particularly regarding the biological
effects of the intended treatment versus the biological effects of the treatment received. Furthermore, they emphasized the
need for caution when interpreting MR results due to the wide range of assumptions required for causal inference.”®

MR-Egger

Early conventional MR used instrumental variable methods, assuming that all genetic variants met the conditions of the
conditional instrumental variable. Traditional methods are plausible in some cases, such as when the risk factor is
a protein biomarker and the genetic variant is localized to the coding region of that protein. However, these assumptions
may be less plausible for cases involving polygenic risk factors (eg, body mass index or blood glucose). Building on the
traditional approach, Bowden et al discussed the use of Mendelian randomization with multiple genetic variants as
a meta-analysis to estimate causal effects. They focused on the problem of invalid instrumental variables due to
pleiotropic effects and introduced the concept of Egger regression as a tool to detect pleiotropic bias and provide
consistent estimates of causal effects. This method, named MR-Egger, allows for a sensitivity analysis of the robustness
found in Mendelian randomization studies.>® The following year, Bowden et al introduced a novel weighted median
estimator for Mendelian randomization studies, which addressed the problem of obtaining reliable results when not all
genetic variants used as instrumental variables are valid. They defined a weighted median to handle invalid instrumental
variables and later demonstrated the improved performance of the model in simulation analysis compared to the MR-
Egger method.’” Later, Stephen Burgess et al used summarized genetic data to interpret the results of Mendelian
randomization using the MR-Egger method. They provided an example demonstrating the difference in estimates
between the traditional method and MR-Egger.”' Unlike traditional methods of analysis, MR-Egger assesses whether
genetic variation has multiple effects on the outcome and provides consistent estimates of causal effects under the
InSIDE assumption. However, this assumption is still considered weak compared to traditional methods. MR-Egger can
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be used as a valuable sensitivity analysis for detecting violations of instrumental variable assumptions and for assessing
situations where estimates differ between traditional methods and MR-Egger.

Genome-Wide Association Study

With the accumulation of Genome-Wide Association Study (GWAS) data and the popularization of multi-omics
technology, MR studies have been increasingly used in causal inference, not only to validate well-established causal
associations, such as LDL-C and obesity increasing the risk of coronary heart disease, >’ but also to draw more reliable
conclusions on long-standing controversial causal associations, such as the inability of small amounts of alcohol to
prevent cardiovascular disease.”* Although GWAS provides MR with data on genetic and trait associations, issues such
as pleiotropy, linkage disequilibrium, and weak instruments cannot be avoided. Pleiotropy may affect the estimation of
associations between risk factors and outcomes; linkage disequilibrium may lead to an overestimation of the precision of
methods for pooling data; and weak instruments may result in biased causal estimates, especially when multiple weak
instruments are involved.”” Studies have shown that weak instrument bias occurs when the strength of the relationship
between the instrumental variable and the phenotype is low.”® Researchers can reduce this bias by using parsimonious
models and adjusting for covariates. Additionally, as the F-statistic decreases, bias increases, but adjusting for the
F-statistic can minimize weak instrument bias. Increasing the sample size can also help reduce this bias. Relying on the
underlying assumptions of ZEMPA, Davey and colleagues proposed a new method called model-based estimation (MBE)
for obtaining a single causal effect estimate from multiple genetic instruments. They also provided a weighting strategy
to enhance this method, thereby more comprehensively improving the validity and interpretability of MR results.”’
Currently, for the existence of a single problem, researchers have corresponding means to solve it. However, with the
continuous advancement of genetic engineering, the superposition of multiple issues has become the norm in modern
research. Researchers now need to integrate multiple statistical methods and gradually combine various MR analysis
techniques. Such as MR-Egger mentioned above, or the Mendelian Randomization Pleiotropy RESidual Sum and Outlier
(MR-PRESSO), which has recently received much attention for correcting for pleiotropy bias’® and the widely used
multivariate MR (MVMR),”® each of which has different advantages for addressing various types of bias. Meanwhile,
researchers are also attempting to utilize advanced genetic analysis techniques, including but not limited to the
application of fine-mapping techniques and the integration of functional genomics data, to identify and confirm true
causal variants.**®' These approaches will significantly aid in more accurately localizing genetic variants that affect
specific traits and understanding their functions.

Two-Sample MR

Specific methods and frameworks for two-sample MR were developed around 2000, and the approach has become
increasingly popular in epidemiology and other fields due to its potential to address confounders and reverse causality.
Two-sample MR can utilize a large amount of existing public GWAS data, avoiding the sample size limitations that
single-sample MR may face, and reducing the reliance on a single dataset, thereby minimizing potential confounding
bias. Although two-sample MR reduces data requirements, it is limited by the lack of novelty due to the use of publicly
available data. Hartwig et al discussed the concept and application of two-sample Mendelian randomization techniques,
emphasizing the importance of effective and accurate data coordination to avoid issues that can arise in two-sample MR
analyses. The authors pointed out that although two-sample MR is a powerful and widely applicable technique, improper
handling can lead to misleading conclusions. Specifically, the process of data harmonization to ensure that the same
genetic variants and effect alleles are used is crucial for the accuracy in the analysis.®* This study provides a detailed set
of guidelines and recommendations for two-sample MR to avoid potential biases in the analysis and to ensure the
reliability and accuracy of the findings. Using two-sample multivariate Mendelian randomization (MVMR), Sanderson
et al demonstrated how reliable estimates of causal effects can be obtained in the presence of weak instruments and
pleiotropy by introducing a two-sample conditional F-statistic to test the strength of genetic variation in predicting each
exposure in an MVMR model.** Composite models constructed by incorporating diverse approaches are expected to
demonstrate significant utility in assessing the validity of instrumental variables, adjusting for the effects of pleiotropy,
and enhancing the adaptability and breadth of application of two-sample Mendelian randomization.
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Utilizing genetic variation as an instrumental variable, the MR approach bypasses the problem of confounding in
traditional epidemiologic studies and provides a unique way to explore and test causal hypotheses. The advantage of this
approach is that it relies on the random distribution of genetic variants that biologically predate the emergence of the
disease, thus minimizing the issues of confounding factors and reverse causation. MR is not limited to assessing the
impact of a single risk factor on a specific disease; it is also beginning to be used to explore a wider range of biological
processes and complex disease mechanisms, such as metabolic pathways, immune responses, and cell signaling.®*%¢
With advances in computational biology and bioinformatics technologies, MR methods are incorporating more biological
data, such as transcriptomics, proteomics, and metabolomics data.®”®® This multi-omics integration provides new
perspectives for revealing the multilevel causal mechanisms of diseases. MR has demonstrated a strong ability to address
bias caused by confounding and reverse causation problems. It also provides reliable evidence for inferring causal
relationships between exposure factors and outcomes. Related studies are expected to guide clinical trials and drug

development, and provide a theoretical basis for clinical and public health decision-making.®’

Marginal Structural Model

The Marginal structural model (MSM) serves as a causal model for estimating the effects of transient exposures in the
presence of time-dependent covariates based on observational data.* Its effective adjustment for time-dependent
confounders affecting time-varying treatments or treatment regimens allows for unbiased estimation of causal
effects.”® Some published results often estimate time-varying exposure effects in conjunction with weighted estimates
of the parameters of the marginal structural model. Unlike standard statistical methods, these models can appropriately

adjust for time-varying confounders affected by prior exposures, providing considerable flexibility.”' >

Time-Dependent Confounders

Time-dependent factors are prevalent in modern medical research, and these factors implicitly influence treatment effects,
patient adherence, and disease progression.”* Robins and colleagues found in their early research that in observational
studies, when time-dependent confounders are present, the traditional method of confounding adjustment may lead to
bias, resulting in incorrectly estimated treatment effects and confounding the inference of true causality.** Based on these
issues, they proposed the Marginal Structural Model (MSM). In the aftermath, Daniel Westreich et al applied the
parameter g-formula to appropriately adjust for time-varying confounders influenced by prior treatments, avoiding the
introduction of stratification bias and enabling the estimation of marginal rather than conditional effects. This approach
avoids problems associated with non-collapsible effect scales,”” providing a new way of thinking about effectively
dealing with time-dependent confounding in long-term observational studies. In addition, Maya L. Petersen et al took an
alternative approach to explore the importance of positivity assumptions and the implications of their violation. By
identifying violations of positivity assumptions, researchers can more accurately assess the applicability of the model and
the reliability of the estimation, which are crucial for the proper treatment of time-dependent confounding.”® This study
serves as an important guide for researchers using MSM to address time-dependent confounding and estimate time-
varying treatment effects, enabling them to more effectively design studies and interpret results. As time-varying factors
continue to expand, VanderWeele et al describe a simple technique for estimating direct and indirect effect ratios by
combining logistic and linear regression, which is applicable when outcomes are rare and mediators are continuous.”’
Consequently, the application of mediation analysis can be extended through appropriate methodological improvements
when conducting research on time-dependent factors, leading to more accurate causality and effect decompositions in
a wider range of research contexts. In addition, propensity score methods are often misapplied when estimating the effect
of treatment on time-to-event outcomes. To address this, Austin et al describe how two different propensity score
methods—matching and treatment-weighted inverse probability—can be used to estimate effect measures commonly
reported in randomized controlled trials.”® Propensity score methods can be effective in estimating the marginal effects of
treatments, which is particularly important for the analysis of time-to-event data. With propensity score matching and
weighting, it is possible to simulate the conditions of a randomized trial and generate estimates of marginal effects,

thereby improving the assessment of long-term treatments or interventions.
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Inverse Probability VWeighting

In the early days, there was no unified reference for weighting and factor selection in MSM. Cole et al developed an
informal and easy-to-implement weight truncation method considering Inverse Probability Weighting (IPW) for marginal
structural modeling. This method addresses the trade-off between bias and accuracy, while IPW also provides a powerful
methodological tool to reveal the impact of causal exposure, thus helping to determine whether it is masked or not.”
Inverse probability weighting (IPW) is an important tool for adjusting for confounders and selection bias. Since the
relationship between exposure and outcome may be affected by confounders, IPW balances these confounders by
assigning weights to study participants, allowing for a more direct estimation of the causal effect of the treatment on
the outcome. Additionally, IPW adjusts for the impact of confounders on the relationship between treatments and
outcomes by considering confounders at each point in time, further enhancing MSM’s ability to deal with confounding
variables that vary over time.'” Previous studies have shown that the marginal effects of IPW estimation are highly
sensitive to model misspecification in constructing the weights.'®’ To address this issue, researchers have either self-
balanced the covariates via covariate-balanced propensity score methods to automatically balance the covariates and thus

improve the construction of the weights,'®* constructed the MSM weights based on residual balancing methods,'*® or

104 to

used the targeted maximum likelihood estimation (TMLE) method with a doubly robust estimation technique
mitigate the effects of propensity score model misspecification to a certain extent. In addition, the use of stabilized
weights in IPW estimation helps to mitigate the problem of high variability due to extreme weights. These weights
estimate the conditional means of individual observations and treatment histories by balancing the expected value of past
confounders at each time point. However, extreme weights can lead to highly variable estimates, which need to be
mitigated by stabilizing weights.'”> Combined with the need for personalized medicine, IPW methods can deepen our
understanding of disease mechanisms and optimize treatment plans. With the integration of big data and machine
learning technologies, more detailed causal inference is expected to be realized in the future, providing real-time and
precise support for clinical decision-making.'® This will help discover new treatment pathways, achieve more efficient
health management, and improve patient outcomes, driving the field of medicine towards a more personalized and
scientific approach.

The Marginal Structural Model (MSM) is uniquely suited to dealing with time-dependent confounding in observa-
tional studies, especially when exposure variables and covariates vary over time. This makes MSM a powerful tool for
evaluating the effects of long-term interventions or treatments. To this day, MSM is constantly being improved to
accommodate more complex research scenarios, such as improving propensity score estimation by incorporating machine

197 and developing more flexible models to handle complex temporal dynamics.” However, MSM has

learning methods
its limitations, especially in cases of “treatment saturation”, where all observed subjects receive the same treatment in
a certain state. In such scenarios, MSM may struggle to estimate accurate causal effects, as it cannot learn from the data
the potential outcomes under different treatment conditions.'” To overcome these limitations, cutting-edge research is
exploring how to combine other statistical techniques and theories to enhance the applicability and flexibility of MSM.
For example, researchers have attempted to combine sequence analysis methods and multi-state modeling to better
handle time-dependent confounding and multi-stage decision-making processes.'® Additionally, research is exploring
how causal inference networks and structural equation modeling can be utilized to provide a deeper understanding of
causality and to address more complex time-dependent intervention effects.''” These approaches offer more insightful
and nuanced analytical tools for medical research. These advances have not only expanded the scope of MSM
applications but also driven innovations in medical research methodologies that help accurately assess the long-term
benefits and potential risks of therapeutic interventions.

Limitations

This study has several limitations. First, the constraints of CiteSpace limited our data collection to the WoSCC, which
may not fully represent all available literature. Second, our selection of specific keywords might have excluded relevant
and significant terms, potentially affecting the comprehensive understanding of the literature and the identification of
research trends. Third, our analysis focused solely on English-language articles and restricted the document type to
dissertations. Finally, our use of CiteSpace for visualization analysis primarily relied on frequency and centrality
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measures. Centrality is influenced by the number of nodes selected, which could impact the accuracy of our conclusions.
Additionally, the presence of synonyms may have led to some overlap between categories during keyword clustering.
Our co-citation network focuses only on the first authors, which does not fully reflect the influence of all authors.
Additionally, various co-citation networks may not necessarily capture recent trends, as recent publications have not been
sufficiently cited.

Conclusion

This study conducts a bibliometric analysis of causal inference research in the medical field from 1986 to 2024. The
publication trend shows fluctuations but a sustained increase, particularly an explosive growth since 2019. The United
States leads in epidemiological research based on causal inference, although other countries are rapidly advancing.
Harvard University has contributed the most and actively promotes collaboration. The American Journal of
Epidemiology has published the highest number of relevant studies, emphasizing causal inference applications in
epidemiology. Key research topics identified by keyword analysis include epidemiology, coronary heart disease, and
health, with frequent terms such as causal inference, risk, and health. Recent terms like “big data”, “DNA methylation”,
“robust estimation”, and “prediction” reflect the field’s responsiveness to emerging trends. As big data and artificial
intelligence advance, researchers increasingly highlight that inter-individual heterogeneity affects treatment outcomes.
This necessitates a more refined approach to causal inference by integrating diverse data sources to enhance trial
sensitivity and specificity, ultimately revealing the complex mechanisms underlying diseases and drug actions.
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