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Abstract: Clinical trials constitute a cornerstone of contemporary medicine and healthcare, as they generate the highest level of
empirical evidence regarding the safety and efficacy of pharmacological agents and other therapeutic or preventive interventions.
Although strategies to address underrepresentation exist, a critical gap in the literature is the lack of comprehensive, operationalized
approaches that integrate study design, social determinants of health (SDOH) data, statistical methodologies, reporting practices, and
applications of artificial intelligence and machine learning (AI/ML). To address this gap, the Perspective outlines populations that are
typically underrepresented, discusses the ramifications of this underrepresentation, and presents a comprehensive set of strategies to
enhance representation and promote generalizability in clinical trials. The five components detailed in the following sections are: (1)
defining inclusion and exclusion criteria that balance internal and external validity and reflect the broader affected community; (2)
collecting and operationalizing SDOH and demographic data to understand factors associated with treatment outcomes; (3) using
statistical adjustment techniques to account for diverse representation in results; (4) ensuring comprehensive clinical trial reporting to
support transparency and reproducibility; and (5) leveraging AI/ML to optimize study planning and data analysis.

Plain Language Summary: Making Medical Research Work For Everyone: Clinical trials test whether new medicines and
treatments are safe and effective. However, many trials do not include enough participants from key groups, such as older adults, racial
and ethnic minorities, people with lower incomes, rural residents, and women. When these groups are underrepresented, we cannot be
sure if the treatment will work the same way for everyone in real-world settings.

This Perspective explains why this underrepresentation happens and why it matters. More importantly, it provides a practical guide
to fix the problem. The authors propose five strategies: (1) using real-world health data to design fairer eligibility rules; (2) collecting
and analyzing information about social and demographic factors that affect health; (3) using statistical methods to adjust for trial
population imbalances; (4) following updated guidelines for transparent reporting of the clinical trial plan and results; and (5) using
artificial intelligence carefully to reduce bias, not amplify it.

These strategies aim to ensure that future clinical trials include the people who need the treatments most. The goal is better, fairer

healthcare for all.

Keywords: clinical trial methodology, external validity, underrepresented populations, generalizability, artificial intelligence in
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Introduction
Clinical trials constitute a cornerstone of contemporary medicine and healthcare, as they generate the highest level of

empirical evidence regarding the safety and efficacy of pharmacological agents and other therapeutic or preventive
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interventions.! The design of a clinical trial is an inherently complex process, primarily aimed at formulating and
addressing research questions that estimate the causal effect of a specific intervention on predefined outcomes in well-
characterized populations, typically in comparison with established standards of care or placebo.’

Internal and external validity represent two fundamental methodological dimensions that underpin the design,
implementation, and appraisal of clinical trials.” Internal validity is the extent to which a study can establish
a definitive cause-and-effect relationship between an intervention and the observed outcomes, ensuring that any changes
are attributed solely to the treatment rather than confounding factors.” To safeguard internal validity, clinical trials
routinely incorporate key methodological features, such as randomization, blinding, and control groups, which help
minimize confounding and reduce various forms of bias. External validity, by contrast, refers to the extent to which
a trial’s results can be generalized to broader real-world patient populations and clinical settings. Internal validity is
a necessary, but not sufficient, prerequisite for external validity.?

The relationship between internal and external validity is frequently conceptualized as a potential trade-off. In
particular, the use of stringent inclusion and exclusion criteria often enhances internal validity by creating a more
homogeneous study sample and reducing sources of variability. However, this increased methodological rigor can limit
external validity by constraining the representativeness of the study population, thereby diminishing the applicability and
relevance of the findings to routine clinical practice.* Considerations of cardiovascular drug trials illustrate this concept.
Decades of large cardiovascular drug trials have enrolled disproportionately few women relative to their burden of
ischemic heart disease, resulting in efficacy and safety data from predominantly male cohorts being generalized to
women in routine practice.’ This imbalance has contributed to sex-specific differences in drug response and adverse
events, highlighting how non-representative trial populations can obscure true benefit-risk profiles for approximately half
of the patient population.® Additionally, in the field of oncology, many registration trials have excluded or under-enrolled
older and frail adults, even though they account for most cancer diagnoses, leading to “standard” chemotherapy regimens
that may be poorly tolerated in real-world geriatric populations.”

While internal validity is essential for establishing the efficacy of an intervention within the controlled environment of
the trial, it does not guarantee that these findings will apply to the broader population. The external validity of a clinical
trial is critically dependent on how well the study’s participant demographics reflect the disease’s prevalence, making
underrepresentation a direct threat to the research’s applicability and utility.® Despite the essential role of clinical trials,
a pervasive problem is the underrepresentation of diverse groups, which severely compromises external validity.”
Although strategies to address underrepresentation exist, a critical gap in the literature is the lack of comprehensive,
operationalized approaches that integrate study design, social determinants of health (SDOH) data, statistical methodol-
ogies, reporting practices, and applications of artificial intelligence and machine learning (AI/ML).

To address this gap, this Perspective outlines populations that are typically underrepresented, discusses the ramifica-
tions of this underrepresentation, and presents a comprehensive set of strategies to enhance representation and promote
generalizability in clinical trials.

Dimensions of Exclusion: Assessing Underrepresentation

Underrepresentation of groups bearing a significant disease burden in clinical trials undermines a trial’s external validity,
and the results cannot be used to accurately estimate its performance in real-world settings.'® As shown in Table 1,
groups underrepresented in clinical trials include older adults (age 65 or greater), racial and ethnic minorities, people
residing in rural locations, people with lower socioeconomic status (SES), and women.

Older Adults

Older adults are an essential, and often underrepresented, patient population in clinical trials, given the increased
prevalence of chronic diseases and multimorbidity in this population.!" With increasing life expectancy, older adults
comprise an increasingly large share of the population; consequently, the implications of their underrepresentation are
likely to grow in significance.'” A 2017 systematic review of randomized controlled trials found that only 23% of trials
reporting an average age had a mean age over 60 years.'® This underrepresentation is particularly acute in areas such as
cancer, where an estimated 42% of cancer patients are 70 years of age or older; furthermore, less than 10% of National
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Table |1 Underrepresented Populations in Clinical Trials and Contributing Barriers

Underrepresented | Key Contributing Factors/Barriers Impact of Underrepresentation

Group

Older Adults Restrictive inclusion/exclusion criteria (eg, comorbidities, Undermines external validity, particularly significant in high-
polypharmacy), arbitrary upper age limits, difficulty prevalence areas (eg, cancer); limits heterogeneity
accessing sites, lack of awareness, researcher/sponsor assessment
biases

Racial and Ethnic Historical abuses leading to distrust; lack of reliable Sobering disparity in participation (eg, African Americans

Minorities transportation; language barriers; limited access to and Hispanics/Latinos); limits generalizability and
specialized healthcare; restrictive criteria excluding understanding of differential treatment response

common chronic conditions

People with Low-SES | Less likely to be invited; financial/logistical issues (travel, Diminishes the relevance of findings for populations more
lodging, time off work); stipends inadequate, lack of reliable | prone to certain medical conditions (eg, cardiovascular

transportation; and low health literacy disease)

Rural Residents Majority of clinical sites in urban areas (long-distance travel | Limits healthcare access and prevents generalization of
burden); lack of research infrastructure/personnel; lack of | comparable outcomes despite similar potential efficacy

awareness of available trials

Women Historical exclusion to maintain treatment effect Substantial knowledge gaps in sex-specific drug responses;
homogeneity and reduce maternal-fetal risk; insufficient limits understanding of disease presentation and treatment

initiatives to increase participation in certain domains (eg, | efficacy; sustains inequities in evidence-based care

cardiovascular disease)

Notes: This table summarizes the five key populations, older adults, racial and ethnic minorities, people with low socioeconomic status (SES), rural residents, and women,
that are typically underrepresented in clinical trials, along with the main barriers contributing to their exclusion and the resulting impact on the scientific validity and clinical
utility of research findings.

Cancer Institute (NCI)-sponsored clinical trials participants are in this age group.'* Factors that may contribute to this
underrepresentation include restrictive inclusion and exclusion criteria (eg, prohibitions on comorbidities, polypharmacy,
and functional or cognitive limitations)'> and arbitrary upper age limits.'> Other significant barriers include difficulty
accessing trial sites and a lack of awareness of trial opportunities.'® Biases and misconceptions of researchers and
sponsors (eg, older adults are a difficult, disease-prone population, and fear of an increase in adverse events) contribute to

underrepresentation as well.'®

Racial and Ethnic Minorities

The underrepresentation of ethnic and racial minorities in clinical research is a profound and longstanding issue.'”
Statistics reveal a sobering disparity between the proportion of these groups in the population and their representation in
trials. For example, African American and Hispanic/Latino minorities represent 32% of the US population, yet clinical
trial participation is estimated at 19%."'® More specifically, Hispanics/Latinos, who make up approximately 18% of the
US population, represent 11% of clinical trial participants, and African Americans, at 14% of the population, account for
less than 6% of clinical trial participants.'® Many factors contribute to this disparity. Historical abuses like the Tuskegee
Syphilis Study and the Guatemala Syphilis Experiments have led to a deeply rooted distrust of the medical establishment,
particularly the conduct of clinical trials in communities of color.'” ' Beyond this historical legacy, barriers such as
unreliable transportation, language barriers, and limited access to specialized healthcare centers also hinder
participation.”> As with many other populations, restrictive eligibility criteria can further exacerbate this issue by
frequently excluding those with chronic conditions like diabetes, high blood pressure, and kidney disease, which

disproportionately affect racial and ethnic minority populations.”**-**

Open Access Journal of Clinical Trials 2026:18 hetps: 3



Williams et al

People with Low SES

Individuals from low-SES backgrounds, defined by factors such as education, income, and occupation, often partici-
pate in clinical trials less often than their counterparts with higher-SES.?® This issue of underrepresentation exists even
though there is evidence to indicate that these individuals are more prone to medical conditions, such as cardiovascular
disease, than their more affluent and educated counterparts.”® Evidence suggests that those with low SES are less likely
to be invited to participate in clinical trials.”> Additional barriers include financial and logistical issues impacting travel
and lodging, as well as the inability to take time off work to attend study visits and receive treatment.”® Also, low-SES
individuals may lack reliable transportation to study sites or have inflexible work schedules that conflict with clinic
visits.?>?”"2° Although trials may provide compensation for participants’ time and expense, this does not offset all
expenses incurred. Low health literacy is also a common barrier for this demographic group.?” Without a complete
understanding of the research process, many potential participants may view the lengthy consent forms and complex
trial protocols with alarm and confusion, thereby reducing their likelihood of participating or complying with the study
requirements.*” These factors contribute to underrepresentation and diminish the relevance of clinical research findings
to people with low SES.

Rural Residents

Approximately 20% of the US population lives in rural areas and is consistently underrepresented in clinical trials.>'~*
The main barrier is healthcare access because most clinical sites are in urban areas, and long-distance travel can be
financially and logistically overwhelming for those who are ill.** In addition to geographic barriers, the rural healthcare
system may lack research infrastructure and personnel, which can limit the initiation and implementation of clinical trials
in rural areas.>® A lack of research infrastructure often makes it difficult for rural residents to have access to clinical
trials, even though rural and urban participants achieve comparable outcomes.*>>® This underrepresentation is also

compounded by a lack of awareness of available trials in rural populations.®’

Women

Historically, medical research has primarily focused on including male participants, frequently excluding women from
clinical trials to maintain treatment effect homogeneity and reduce potential maternal-fetal risks.>® This exclusion has
resulted in substantial gaps in knowledge regarding sex-specific drug responses and disease manifestations, often
requiring the extrapolation of medical recommendations from male-dominated data sets.** Such bias has led to
a limited understanding of disease presentation and treatment efficacy in women, as demonstrated by the delayed
recognition of sex-specific symptoms of myocardial infarction.*® This sex bias has contributed to a skewed characteriza-
tion of the underlying biological mechanisms and may have resulted in suboptimal or less effective therapeutic strategies
for female patients.*!

The underrepresentation of women in research affects treatment optimization, since pharmacological agents may have
different efficacy and safety profiles in women due to variations in pharmacokinetics and pharmacodynamics.** Although
initiatives such as the US National Institutes of Health Revitalization Act of 1993 have sought to increase female
participation, women remain underrepresented in many clinical research domains, particularly in cardiovascular disease
trials.* This ongoing disparity restricts the generalizability of clinical trial outcomes and sustains inequities in evidence-
based care for women, especially in cardiovascular diseases, where sex-specific differences in disease progression and
treatment response are well established.**

Compounding Vulnerabilities: An Intersectional Lens on Clinical Underrepresentation
The population groups previously described as typically underrepresented in clinical trials are not mutually exclusive,
as people often share multiple attributes. Examples include an older African American male having low SES with
multiple myeloma or a Hispanic/Latino female residing in a rural area with heart failure. Inclusion in multiple groups
can complicate matters, as individuals belonging to multiple groups may face a higher burden of disease and an
increased risk of exclusion from clinical research. As a result, those most in need of the study’s findings are often
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underrepresented. Designing studies to be “clean” and internally valid by excluding complex patients, such as older
individuals or those with low SES, can skew estimates of treatment effects. This compromises external validity,
hindering the generalization of findings to the broader population, a critical issue for effective public health

interventions.

Extending Beyond a US-Centric Perspective

While the groups previously described are drawn primarily from the US context, where the preponderance of published
research on underrepresentation originates, the patterns of underrepresentation are a global phenomena with region-
specific manifestations. In Europe, Romani and socioeconomically disadvantaged populations face similar barriers to
participation.**® Worldwide, participation in clinical trials is similarly uneven, with North American and European
countries routinely accounting for a disproportionately large share of global clinical trial participants; differences
between countries account for more than 90% of the variation in participation rates.*’

Systemic Erosion: Impact on Scientific Integrity, Policy, and Precision

Medicine
Table 2 illustrates four consequences of underrepresentation in clinical trials.

Compromised Scientific Integrity

Underrepresentation of different groups in clinical trials is not only a social or ethical issue; it also has a profound
scientific effect on study results by limiting external validity.*® When trials are based on a homogeneous population or
a population whose characteristics do not accurately reflect those of the population bearing the burden of the disease, the
results may not be generalizable to the relevant patient population.'® This can lead to erroneous estimates of treatment
efficacy, patient preferences, and the treatment’s safety profile. Without sufficient data from a particular population group,
there is limited ability to assess how that group will respond to a treatment, and it is almost impossible to develop
evidence-informed treatment guidelines for this group.

Impact on Healthcare Policy

Healthcare policy should be guided by research studies that clearly demonstrate the cause-and-effect relationship of
a treatment and its applicability in real-world settings. If trials are conducted on populations whose traits do not closely
match those of real-world groups, any policy based on that research may be ineffective, as the evidence supporting its
value is weakened. Similarly, if trials focus on groups in which older patients are severely underrepresented but account
for more than half of new disease cases, the treatment effect derived from the trial may not accurately reflect the response

Table 2 Ramifications of Underrepresentation in Clinical Trials

Ramification Key Impact/Consequence
Compromised Scientific Limits external validity; leads to erroneous estimates of treatment efficacy, patient preference, and safety profiles;
Integrity limits the ability to develop evidence-informed treatment guidelines for underrepresented groups

Impact on Healthcare Policy | Weakens evidence base for policy decisions; policies may be ineffective or harmful; misallocate public health

resources; can exacerbate existing health inequalities

Biological and Genetic Lack of diverse genetic/biological data hinders precision medicine development; limits the generalizability of omics
Consequences findings
Impact on Future Studies Perpetuates bias in protocols and data used to plan subsequent research; affects sample size estimates, recruitment

methods, and inclusion/exclusion criteria; increases the risk of external validity issues

Notes: This table summarizes the four major ramifications of the underrepresentation of diverse groups in clinical trials as discussed in the text, detailing how each issue
compromises the integrity and utility of research and its application in healthcare and future studies.
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of this group. Consider a stark hypothetical. A government pours $100 million into treating an underserved community
for a specific disease, confident, based on the overall clinical trial data, that 85% of patients will see a meaningful benefit.
But buried in fine print is a crucial detail: only a small number of people from this underserved group were actually in the
trial, and among them, the true success rate was just 45%. In reality, this policy fails. The money produces little to no
societal benefit for a community that carries a heavy share of the disease burden. Worse, policies based on such
unrepresentative data do not just “miss the mark”, so to speak; they can actively harm populations that were never
properly included in the evidence to begin with. This can lead to the misallocation of public health resources, directing
money toward treatments that are effective in the artificial setting of a clinical trial but are not effective in practice. It can
also threaten to exacerbate existing health inequalities if policies based on unrepresentative data unintentionally
disadvantage or harm underserved communities in the effort to achieve equitable healthcare for all.

Biological and Genetic Consequences

This issue of underrepresentation also has biological implications. Genetic and biological differences among populations
can significantly impact how an individual responds to treatment.** The more diverse the trial participants, the stronger
the clinical trial data become for understanding a drug’s benefits and risks. Biological variations are becoming increas-
ingly critical as medicine moves toward personalized and precision therapies tailored to an individual’s genotype;
however, for this to happen, sufficient data must be collected on each genotype to fully understand its interaction with
the treatment.’® Indeed, the disproportionate dominance of European ancestry individuals in large biorepositories and
genome-wide association studies, particularly in cancer research, severely limits the generalizability of precision omics
findings to diverse patient populations.”'

Impact on Future Studies

Planning clinical trials requires a large investment of time, money, and staffing resources to improve the likelihood of
internal and external validity. Inadequate planning, particularly regarding primary outcomes, decreases the likelihood of
clinical trials’ success. Additionally, the trial protocol and other relevant documents should be carefully prepared,
submitted, and approved by an institutional review board (IRB) and other relevant authorities before the first patient is
enrolled. Regarding the statistical analysis plan (SAP), it should be drafted before the database lock and ideally pre-
written, pre-registered, and submitted for publication before enrollment begins. This will enhance the study’s integrity, as
observing data distributions after the database lock will affect SAP if it was not finalized beforehand. Although it is
possible to make changes to the IRB post hoc, such changes should be kept to a minimum. To ensure consistent treatment
effects, it is essential to maintain uniformity in experimental conditions from the first participant’s entry to the last
patient’s exit, with a Data Monitoring Committee (DMC) in place.

When planning a study, it is common to use protocols and data from previous research.’® However, if bias existed in
the referenced study’s protocols and data (defined as underrepresentation and the lack of consideration for key under-
represented groups bearing a significant disease burden), it would perpetuate bias in current and future study planning
that relies on the reference for sample size estimates, recruitment and retention methods, and inclusion and exclusion
criteria.

It is worth noting that obtaining a sufficient sample size for subgroup analyses is challenging, limiting the ability to
accurately examine differences in treatment effects across subgroups of interest. Moreover, effective recruitment
strategies are needed to improve the inclusion of underrepresented groups. The absence of these key study design
concepts, or the presence of substantial in-group-related bias in past study protocols and SAPs, can unintentionally
transfer these biases to new trial protocols and SAPs. Unless curbed, this unintentional, seamless transfer will continue,
reinforcing biases in subsequent clinical trials and perpetuating underrepresentation and biased results.

Sample size calculations and preliminary analyses of historical data guide the planning of future trials by drawing on
information from previous studies.’> > If certain groups are underrepresented in the data from previous studies,
statistical considerations could be affected — including variance, effect sizes, and other relevant factors used to determine
the sample size. Sample size calculations and power analysis are also critical to ensure the study is adequately powered to
detect a clinically and statistically meaningful treatment effect. Bias in historical data will influence both sample size
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calculation and any preliminary statistical analysis during the planning stages, and will also affect trial execution. Such
bias can be perpetuated, and relying on these studies for future research increases the risk of external validity issues.
Unless the methodology for protocol development and historical data analysis is corrected, these issues will persist and
propagate into future research. A key step in addressing and removing these biases involves updating protocols and
related documents to reduce or eliminate exclusionary practices for underrepresented groups. This ensures the research
plan focuses on recruiting and retaining a study population that accurately reflects the characteristics of the real-world
population affected by the disease under consideration.

A Methodological Blueprint for Inclusive Clinical Research

Conceptual Framework

This Perspective does not present primary empirical data; instead, we propose a methodological framework to enhance
the representativeness and generalizability of clinical trials. We synthesized conceptual and practical guidance into a five-
component methodological framework. As shown in Table 3, this framework addresses key areas of clinical trial design
and execution that are necessary to enhance external validity while rigorously maintaining internal validity, thereby
ensuring that research findings are generalizable to real-world populations bearing the burden of disease. The five
components detailed in the following sections are: Rationalizing Inclusion and Exclusion via Real-World Data (RWD),
Operationalizing SDOH as Primary Research Drivers, applying Statistical Guardrails (Weighting, Imputation, and
Sensitivity Analysis), adhering to Transparency Standards (SPIRIT and CONSORT Guidelines), and leveraging
Algorithmic Equity (AI/ML for Bias Mitigation and Synthetic Data Generation).

Rationalizing Inclusion and Exclusion via RWD
Establishing inclusion and exclusion criteria is a crucial part of trial planning.>® In addition to determining who is eligible
to enter the study, the practice also helps define the ideal study population to support internal validity. When creating the

inclusion and exclusion criteria, it is essential to ensure that both internal and external validity are preserved. It is

Table 3 Summary of Key Strategies for Enhancing Representation in Clinical Trials

Strategy Description Key Recommendations

Rationalizing Inclusion and
Exclusion via Real-World
Data

Define study population, balancing internal and external
validity using real-world data

(I) Provide clear, real-world-based definition of real-world population;
(2) Provide evidence-based rationale for each criterion; (3) Remove
criteria causing unjustified exclusion

Operationalizing SDOH as
Drivers

Systematically collect demographics and social determinants
of health to enable subgroup analyses and assess treatment
effect heterogeneity

(1) Include a list of demographics and SDOH variables in the protocol;
(2) Incorporate precise operational definitions; (3) Link variables to
treatment outcomes to quantify benefits for underserved groups

Statistical Guardrails

Employing weighting, imputation, and sensitivity analysis for
real-world validity and unbiased answers

(1) Perform sample size calculations for at least one population of
interest with disproportionate disease burden; (2) Pre-specify covariates
and analytic plans; (3) Use weighting methods (eg, post-stratification,
IPW) to align trial results with target populations

Transparency Standards:
(SPIRIT/CONSORT 2025)

Adhering to reporting guidelines to promote transparency,
evaluation, and documentation

(1) Report the intended population in the title; (2) Document the
rationale for inclusion/exclusion criteria; (3) Report patient-centric
aspects, site selection, plain language use; (4) Document sample size
calculations, statistical methods, and plans for data sharing/community
summaries

Algorithmic Equity (AI/ML)

Leverage Al/ML to optimize planning, refine eligibility
criteria, and address bias in datasets

(I) Utilize fairness-aware algorithms to detect and counter bias; (2)
Preprocess data to ensure equal representation across groups; (3) Use
hybrid techniques (eg, SMOTE) to address class imbalance, enabling
robust sample size calculations that account for real-world variability

Notes: This table summarizes the five key strategies related to Inclusion/Exclusion Criteria, Data on Demographic and SDOH Variables, Statistical Adjustment Methods,
Clinical Trials Reporting, and the Assistance of Al and Machine Learning, proposed to promote the inclusion and appropriate consideration of diverse populations and
enhance both the internal and external validity of clinical research.
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recommended not to copy information from a previous trial protocol but to intentionally create these criteria. Some tips
to accomplish this task include:

1. Provide a clear and robust definition of the real-world population that bears the disease burden. RWD can be
employed to accomplish this task. Typical sources include electronic health records, insurance claims, patient
registries, and national health surveys. These sources help identify common comorbidities, concomitant medica-
tions, age ranges, and other pertinent attributes observed in the population bearing the disease burden. The study
population, defined by the inclusion and exclusion criteria, should always be compared against its real-world
counterpart. 2

2. Provide a clear, evidence-based rationale for each criterion.

a. For each inclusion and exclusion rule, document its impact on the scientific, ethical, and safety elements of the
study. How will the criteria affect the assessment of the treatment effect, generalizability, safety outcomes,
measurement issues, and other related issues?

b. If any inclusion and exclusion criteria lead to the unjustified exclusion of any group (eg, older adults, mild
comorbid conditions, stable psychiatric conditions) without any clear mechanistic or safety justification,
consider removing the criteria.

c. Using real-world data (RWD), prior clinical trial data, and relevant published evidence, systematically assess
whether a proposed inclusion or exclusion criterion influences the estimation or interpretation of the treatment
effect and/or modifies the composition of the study population in a way that meaningfully diverges from the
characteristics of the populations that bear the primary burden of the disease.

Striking the right balance is crucial in any effort to create inclusion and exclusion criteria while maintaining both internal
and external validity.

Operationalizing SDOH as Primary Research Drivers

SDOH are “the non-medical factors that influence health outcomes”.’”->® They are the “conditions in which people are
born, grow, live, work, and age”.>® Relevant demographic and SDOH variables include age, race and ethnicity, gender
(sex assigned at birth), income and socioeconomic status, food security, insurance status, perceived discrimination, stable
employment, education level, health literacy, social isolation, housing stability, geographic location, and marital status.
The Centers for Disease Control and Prevention (CDC)’” and Healthy People 2030%° have categorized SDOH into five
key domains. These domains are:

1. Economic Stability

2. Education Access and Quality

3. Social and Community Context

4. Neighborhood and the Built Environment
5. Healthcare Access and Quality

In clinical trials, an essential component is the evaluation of treatment effect heterogeneity. To assess the impact of the
treatment on a group of interest, that group must be included in the data and identified via a relevant demographic or
SDOH variable. By explicitly specifying SDOH and demographic variables for subgroup analysis, investigators can
evaluate the treatment-outcome relationship across groups defined by economic stability, healthcare access, or any other
variable of interest. This approach transforms SDOH and demographic fields from a necessary operational task to
a primary driver of treatment effects in underserved groups. Such evidence can inform researchers, patients, and
policymakers about the benefits of treatments for those groups who might need them most. Considerations for

implementation are provided.
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1. Include a list of demographics and SDOH variables, as well as any additional relevant information, to be collected
in the protocol.

2. For the SDOH that will be assessed via survey, place a copy in the protocol appendix.

3. Incorporate demographic and SDOH variables, accompanied by precise operational definitions, in the plan for data
collection within the data management strategy. Also include them in a detailed plan for screening and baseline
evaluation, a data dictionary, case report forms, and any additional pertinent data documentation.

4. SDOH and demographic data collection should be conducted in a manner that is respectful, culturally sensitive,
and patient-centered, with appropriate training for study staff to promote trust, minimize discomfort, and improve
the completeness and accuracy of responses.

By rigorously collecting and linking demographic and SDOH variables to treatment outcomes, researchers can move
beyond general population effects to explicitly quantifying the benefits of the intervention for the specific underserved
groups who need them most, driving evidence-based health for all.

Statistical Guardrails: Weighting, Imputation, and Sensitivity Analysis

Statistical analysis aims to produce unbiased answers to research questions. The methodology should be chosen to focus
on answering the research questions, while keeping the study design and data-related factors in mind (such as data quality
and missingness). When writing the SAP, it is critical to describe how the analysis supports and maintains the study’s
internal and external validity and how it provides concrete answers to research questions. The analytic plan should
maintain internal validity by controlling for confounding and ensuring that the treatment’s true causal effect on the
outcomes of interest is computed. When applied judiciously, analytical methodology should augment, rather than replace,
essential study design safeguards in the protocol. The primary focus is on demographic and SDOH covariates; however,
these considerations also apply to all other covariates considered.

1. Sample size calculation considerations

a. If pilot data are used, compare its demographic distribution with that of the target population (via RWD) for
the trial to assess the relevance of the data for the calculations, with documentation included in the SAP.

b. If estimates for effect sizes, variance, and the like are provided from scientific publications, examine the
demographic descriptions and compare them with similar information for the target population to assess the
relevance of the information for performing the calculations, with documentation included in SAP; discuss
these limitations in manuscript limitations sections.

c. For at least one population of interest that bears a disproportionate burden of the disease under consideration
(eg, older adults, African Americans, individuals with low SES), perform sample size calculations to evaluate
the minimum sample size needed to causally assess the treatment effect in that group.

2. Pre-specify covariates and analytic plans

a. Identify prognostic, stratification, and effect-modifying variables based on prior evidence or clinical logic.
This information should be included in the SAP.

b. The involvement of demographic and SDOH variables in the analysis to evaluate primary, secondary, tertiary,
and exploratory (including subgroup analysis) aims should be clearly specified, and if demographic and SDOH
variables are included in any sensitivity, interim, or other analyses, this should be clearly defined in the SAP.

c. Finalize, pre-register, and even submit for publication, the SAP that defines all modeling, adjustment
techniques, subgroup analyses, and sensitivity analyses to avoid data-driven bias. This should be completed
before the database lock, with additional advice that it be done before the first patient enters the study.

3. Modeling Considerations

a. Ensure the sample size is large enough to estimate all main effects and interaction terms. A common rule of
thumb is n = 10 (subjects or visits, depending on the data structure) per continuous covariate and per level of
each categorical variable. Choose the number of main effects and interaction terms so that this requirement is
met, given the projected sample size.
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b.

Consider using shrinkage or regularization-based models, such as elastic-net regression, when including
a relatively large set of covariates to prevent overfitting.

. Specify how the results of the modeling procedure should be interpreted. If the corresponding analysis

addresses primary, secondary, exploratory, or sensitivity aims (including subgroup analyses), provide explicit
instructions for interpreting the results in clinical trial and real-world contexts.
Report the diagnostics and assessment of model fit for each model presented.

e. Address nonadherence and protocol deviations carefully. As an exploratory analysis, perform a sensitivity

analysis on the Per Protocol (PP) population. Evaluate if the characteristics of the PP group deviate from those
of the intended population; are there particular groups that are not meeting adherence standards and becoming
noncompliant? This will provide great insight into the ability of certain people (or groups) to adhere to the
treatment regimen.

Handling missing data. If missingness persists in the collected data, even after mitigation strategies have been
implemented, perform multiple imputations under appropriate assumptions about the missingness pattern
(missing at random). This will ensure that sufficient data are available to conduct the analysis and assess
statistical significance.

4. Use weighting methods to align trial results with trial populations

a.

Standardization and post-stratification involve adjusting trial estimates by reweighting them to align with the
clinical and demographic characteristics of a specific target population, such as a national registry or health
system. This process enhances real-world applicability by correcting discrepancies between the target popula-
tion and study participants. Operationally, this is achieved by determining the joint distribution of SDOH and
demographic variables within a population source, such as a national survey or an EHR network, and then
applying weights to ensure the trial sample reflects that distribution.

. Inverse Probability Weighting (IPW): This method involves modeling participant inclusion probabilities based

on essential demographic and SDOH covariates. By weighting each individual by the inverse of their
calculated inclusion probability, researchers can apply statistical models that produce estimates that account
for groups previously underrepresented in a trial. Ultimately, IPW aligns trial findings with broader popula-
tions by adjusting for these conditional inclusion factors.

These techniques lead to sample size calculations, analytic plans, and executed data analyses that promote external

validity while maintaining internal validity. The aim is to ensure that the results are representative of the real-world

population bearing the burden of the disease under consideration, while preserving internal validity, thus supporting

evidence-based practice for all.

Transparency Standards: Adhering to SPIRIT and CONSORT Guidelines

When reporting a protocol designed to ensure internal and external validity, it is essential to adhere to the reporting

guidelines to ensure consistency and facilitate comparison and evaluation across studies. This approach creates an ideal

setting for a thorough evaluation of the value of studies in promoting both external and internal validity. An example of

such a guideline is the Standard Protocol Items: Recommendations for Interventional Trials (SPIRIT) reporting

guideline.®' Evidence-based guidelines are provided.

1. Describe the intended clinical trial population in the title. This is the first place to report on efforts to increase

representativeness.

2. Report on inclusion and exclusion criteria. Using previously recommended strategies, report on eligibility criteria

(along with a rationale that explains how each will contribute to external and internal validity).

3. Report on the patent-centric aspects of the study design. How are community partners and patient stakeholders

involved in the design and execution of the study?
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4. Report on site selection. Report on using sites that represent actual care settings, such as community clinics and
rural hospitals, and outline the representativeness strategy; how these sites ensure the retention and recruitment of
a study population that will match its real-world counterpart. Additionally, summarize the plan to retain this
population throughout the study.

5. Report on the use of plain language in patient-focused materials. If the target population is multilingual, report on
the translation of relevant materials into the appropriate languages and the use of interpreter services.

6. Report on the development of culturally tailored outreach materials and consent scripts to address issues of trust
and health literacy.

7. Document the reductions of participant burden through flexible schedules, remote options, and simple data
collection methods, ensuring uniform assessments across locations.

8. Document the selection of patient-relevant outcomes (symptoms, function, quality of life, treatment burden) and
ensure measures are validated, culturally adapted, and centrally adjudicated.

9. Report on the use of teach-back checklists to be employed when communicating crucial information to study
participants. Teach-back checklists are standardized tools used to verify a research subject’s understanding of key
information by asking them to restate or demonstrate what they have learned.

10. Document standardized data collection. The collection of demographics and SDOH data should be clearly
explained.

11. Document sample size calculations and study power on real-world variability and calculations that were performed
for any subgroups of interest.

12. Document the statistical methods in the study. For each primary and secondary aim, clearly and explicitly explain
the analytic approach. Clearly specify who will be included in the analysis. Clearly explain how missing data will
be dealt with. Also, clearly describe any preplanned exploratory, subgroup, and sensitivity analysis.

13. Describe oversight operations employing dynamic risk-based strategies to meticulously identify site-level chal-
lenges that threaten representativeness, while simultaneously implementing retention measures to decisively
thwart any potential bias in the study population.

14. Commit to data sharing and community-accessible summaries in the dissemination plan. Include an assessment of
representativeness and subgroup findings, with findings reviewed by patient and community partners. This ensures
that community partners and patients can directly benefit from clinical trial research.

It is recommended to develop the protocol by using a checklist based on SPIRIT guidelines. Additionally, all relevant
Standard Operating Procedures (SOPs) related to the development of this study’s protocol should be included, with
copies placed in the protocol’s appendix. The Consolidated Standards of Reporting Trials (CONSORT) checklist should
also be used to report clinical trial results and consulted during the planning stage for additional guidance.®> These
recommendations comply with SPIRIT and CONSORT checklists and encompass design, operational, and analytical
aspects that enhance external validity without compromising internal validity.

Algorithmic Equity: Leveraging AI/ML for Bias Mitigation and Synthetic Data

Generation

AI/ML are being used to address many of the challenges in clinical research,®® such as high failure rates and high costs.
By enhancing design and conduct, AI/ML technologies can improve the quality of clinical study planning and
execution.** Employing AI/ML to analyze RWD could yield insights to optimize clinical trial design and thereby
increase the success rate of clinical trials.®> Optimizing design involves optimizing patient selection and recruitment,
which are the main factors causing trial failure and extended timelines.®*®> For example, Al systems could analyze large
datasets from past clinical trials to refine eligibility criteria, thereby informing ideal patient selection.®® AI/ML can help
clinical trial designers pinpoint and apply the key drivers of success to create improved study designs, potentially shorten

trial timelines, and lower overall study costs.®*¢7:6%
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While AI/ML offers remarkable capabilities, it is not without imperfections. The strength of AI/ML lies in its ability
to analyze large volumes of data. However, complications arise when historical data are biased, and algorithms then
absorb and amplify them. This results in what is termed algorithmic bias, in which algorithms yield biased or consistently
unjust outcomes.®” If AI/ML systems are trained on data from biased or incomplete protocols and clinical trials, they will
likewise recognize and perpetuate this bias in subsequent analyses, exacerbating the issue rather than effectively
addressing it.”® Additionally, if the Al fails to adequately encounter concepts related to generalizability in the training
data but is asked to generate information about them for future studies, this can potentially lead to AI hallucinations.”""”
This “hallucinations”-based output will be plausibly presented but will be grossly incorrect. As such, surreal or
nonsensical content will be introduced into the study planning process, leading to additional errors in the study’s
execution.

To combat these biases, several techniques can be utilized. For instance, applying fairness-aware algorithms explicitly
designed to detect and counter bias can address the issue.”® Further, preprocessing data to ensure equal representation
across various demographic and SDOH groups can also reduce bias.”*’> Regularly auditing AI/ML systems to evaluate
their outputs for signs of bias is also key. Techniques such as reweighting, which adjusts data points to ensure fair
representation, and adversarial debiasing, which uses a second Al to detect and mitigate bias in the initial model, can also
help reduce algorithmic bias.”®”” These steps can help foster responsible AI/ML implementation, ensuring that clinical
trials and other research efforts benefit from unbiased and fair insights.

One particularly relevant approach is to use data preprocessing techniques to reduce or eliminate bias in clinical study
datasets before applying statistical or computational analyses. This is particularly useful for determining an appropriate
sample size via sample size calculations and power analysis. These preprocessing techniques would be applied to
historical data during the trial planning phase, rather than to data generated by the clinical trial itself. Sample size
calculations in clinical studies typically utilize data from studies in which certain populations of interest are under-
represented. There is an imbalance in the data, with some groups having larger sample sizes while others (under-
represented populations) have very small sample sizes. Therefore, sample size calculations may not adequately account
for the influence of such populations, and studies may be underpowered to detect a statistically significant difference
between two treatments, even when a clinically meaningful difference exists.”®’® Data preprocessing techniques can
powerfully elevate underrepresented groups by generating synthetic data points that mirror real-world patterns while
staying safely distinct from the original entries. This approach facilitates more robust sample size calculations for studies
aiming for representativeness.*® Simulations using real-world data, characterized by larger sample sizes and greater
variability across underrepresented groups, yield more precise sample-size estimates for studies that include these
populations.

There are various AI/ML-based approaches that can address these imbalance problems in research. These algorithms
can be classified into three groups:

1. Undersampling (Reducing the Majority). These methods aim to reduce the number of samples in the oversampled
group.®!

2. Oversampling (Increasing the Minority). These methods aim to increase the number of samples in the under-
represented group.®

3. Hybrid Techniques (A combination of the two previous groups).**

Hybrid Techniques are data-driven methods that address class imbalance by combining under- and oversampling. The
goal is to provide the benefits of both techniques: increasing minority-class representation while reducing noise and
overlap across population groups. This results in data that is more representative and has better-defined class boundaries.
This modified data, with reduced bias, can then be used in AI/ML algorithms and statistical models to generate outputs
that truly inform the planning of studies aimed at promoting external validity while preserving internal validity. A widely
used method is the Synthetic Minority Oversampling Technique (SMOTE)* for oversampling the minority class,
combined with under-sampling techniques such as Tomek links and Edited Nearest Neighbors.®' Additional research
is needed to evaluate the use of these hybrid techniques in generating clinical trial data with reduced bias. The use of
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hybrid sampling techniques to mitigate the underrepresentation of various patient populations in clinical trial data is
beneficial for advancing clinical trials toward more robust external validity and ensuring that medical breakthroughs
benefit all patients.®’

Conclusion: Moving Towards Evidence-Based Health for All

This Perspective has provided a methodological framework to enhance the generalizability and representativeness of
clinical trial results. We have documented the pervasive underrepresentation of various groups, namely older adults,
racial and ethnic minorities, individuals with low SES status, rural residents, and women. We have demonstrated how this
underrepresentation undermines external validity, compromises scientific integrity, distorts healthcare policy, perpetuates
bias in future studies, and hinders the advancement of precision medicine.

Addressing underrepresentation in clinical research requires multiple strategies, as shown in Figure 1. Five were
highlighted: (1) defining inclusion and exclusion criteria that balance internal and external validity and reflect the broader
affected community; (2) collecting and operationalizing SDOH and demographic data to understand factors influencing
outcomes; (3) using statistical adjustment techniques to account for diverse representation in results; (4) ensuring
comprehensive clinical trial reporting to support transparency and reproducibility; and (5) leveraging AI/ML to optimize
study planning and data analysis. These strategies, alone or combined, should identify and reduce exclusionary practices
during planning and implementation. Any remaining bias should be documented in the limitations of the clinical study
report and subsequent publications.

Implementing these strategies faces several key challenges. First, collecting SDOH data requires additional resources,
training, and patient time, further straining limited research budgets and participant availability. Second, statistical adjustment

FIVE-PART METHODOLOGICAL BLUEPRINT

T N
STRATEGY 1 STRATEGY 2 STRATEGY 3 STRATEGY 4 STRATEGY 5
Rationalizing I/E Criteria via RWD Operationalizing SDOH as Drivers Statistical Guardrails Transparency Standards Algorithmic Equity
« Define real-world population « Collect demographics + SDOH » Sample size for subgroups « Report intended population « Fairness-aware algorithms
« Evidence-based justification « Link to treatment outcomes « Pre-specify covariates + Document I/E rationale « Preprocessing
+ Remove unjustified exclusions « Enable subgroup analyses « IPW/post-stratification « Patient-centric design « Hybrid sampling (SMOTE)
Internal Validity External Validity

(Unbiased causal treatment effect) 1 (Generalizability to real-world populations)

N/

Evidence-Based Health for All
Equitable | Effective | Reproducible

Integrated Outcomes
The five-component framework includes (1) using real-world data for fairer eligibility, (2) incorporating social factors affecting
health, (3) applying statistical adjustments for imbalances, (4) adhering to transparency standards, and (5) leveraging
artificial intelligence to mitigate bias. Researchers must design clinical trials that prioritize both internal and
external validity, as these pillars are essential to providing equitable, evidence-based healthcare for every patient.
I/E = inclusion/exclusion; RWD = real-world data; SDOH = social determinants of health;

IPW = inverse probability weighting; SMOTE = synthetic minority oversampling technique.

Figure | Balancing Internal and External Validity in Clinical Trials: A Comprehensive Methodological Framework.
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methods like IPW and post-stratification require large sample sizes and correctly specified models; misspecification can
introduce new biases. Third, AI/ML methods risk amplifying existing biases if the training data are unrepresentative or if bias-
correction approaches are not used intentionally. Fourth, applying these strategies beyond the US requires adapting them to
diverse healthcare systems, cultures, and regulatory frameworks, an important direction for future work.

Several valid criticisms of this framework merit acknowledgment. First, some methodologists argue that efforts to
enhance generalizability inevitably weaken internal validity beyond what statistical adjustment can repair; we maintain that
excluding whole populations is usually more costly than modest losses in internal validity, though this trade-off is context-
dependent. Second, the operational demands of SDOH data collection, powered subgroup analyses, and decentralized
infrastructure may be prohibitive in resource-limited settings; we therefore recommend incremental, context-sensitive
adoption rather than universal implementation. Third, weighting, imputation, and AI/ML bias-mitigation methods can
themselves introduce bias when assumptions are violated; rigorous sensitivity analyses and transparent reporting are
essential. Fourth, the framework has not been tested outside high-income countries with strong data systems, underscoring
the need for implementation research in low- and middle-income settings. Fifth, subgroup analyses are often underpowered
and should generally be seen as hypothesis-generating. Finally, the ethical tension between inclusion and protection of
vulnerable groups requires case-by-case judgment rather than automatic inclusion. These concerns do not invalidate the
framework but highlight the need for empirical validation, ongoing methodological debate, and context-sensitive use.

Putting this framework into practice requires coordinated action. Researchers should pre-register SAPs with subgroup
analyses for underrepresented groups, use RWD to justify eligibility criteria, report representativeness using SPIRIT and
CONSORT, and co-design studies with patients. Sponsors should mandate SDOH data collection, require diversity plans
with RWD-based enrollment targets, fund validation of AI/ML bias-mitigation methods, and support decentralized trials
to reach rural and low-SES populations. Regulators should enforce diversity guidance with measurable milestones,
require external validity assessments for marketing applications, and create approval pathways for AI/ML-based
eligibility-optimization tools. Journal editors and reviewers should consistently enforce adherence to SPIRIT/
CONSORT reporting guidelines, require plain-language summaries, and prioritize the publication of negative findings
regarding generalizability. Patient and community partners should seek roles on trial steering committees, co-design
recruitment and retention strategies, and demand accessible summaries of results. Only through these coordinated efforts
can we bridge the gap between trial efficacy and real-world effectiveness, ensuring trials are both rigorous and
representative of the diverse populations who will use the treatments.

The ultimate goal of this framework is to move beyond the current reality of underrepresentation and fulfill the
promise of truly equitable evidence-based medicine. By proactively integrating external validity into trial design, the
scientific community can secure the trust of diverse populations and accelerate the development of inclusive treatments.
This approach also ensures that medical progress translates into tangible, better health outcomes for every individual,
irrespective of their background or circumstance.
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