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Abstract
Efficacy testing is a cornerstone of clinical trials, ensuring that medical interventions achieve their intended therapeutic

effects. Over the decades, a wide range of statistical methodologies have been developed to address the complexities of
clinical trial data, including parametric, nonparametric, Bayesian, and machine learning approaches. Parametric methods,
such as t-tests, ANOVA, and LMMs, have traditionally been the foundation of efficacy testing due to their efficiency
under well-defined assumptions. Nonparametric techniques, including the Friedman test, Brunner-Munzel test, and modern
extensions like nparLD, have emerged as robust alternatives, particularly for skewed, ordinal, or non-normal data. Bayesian
methodologies have enabled the incorporation of prior information and uncertainty quantification, while machine learning
techniques, such as deep learning and reinforcement learning, are revolutionizing trial designs and outcome predictions.
Despite these advancements, significant gaps remain, including challenges in handling high-dimensional data, missingness,
and ensuring equitable efficacy testing across diverse populations. This review provides a comprehensive overview of these
statistical methods, highlighting their applications, strengths, limitations, and future directions. By bridging traditional
statistical frameworks with modern computational techniques, the field can continue to advance toward more reliable and
personalized clinical trial methodologies.
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1. INTRODUCTION
Efficacy testing is a fundamental aspect of clinical tri-

als, assessing whether a medical intervention produces the
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intended therapeutic effect under ideal or controlled condi-
tions. It serves as the cornerstone for determining the ef-
fectiveness of drugs, treatments, and devices, guiding regu-
latory approvals and informing clinical practice. Statistical
methods are pivotal in this process, ensuring that efficacy
conclusions are robust, reproducible, and scientifically valid.
Over the years, advancements in statistical methodologies
have enabled researchers to tackle the complexities inher-
ent in efficacy testing, particularly as datasets have become
more intricate and multidimensional.

Parametric methods have traditionally dominated effi-
cacy testing in clinical trials due to their simplicity and sta-
tistical efficiency. Classical approaches, such as t-tests and
analysis of variance (ANOVA), remain staples for compar-
ing treatment effects across groups [132, 42]. For longitudi-
nal and repeated measures data, linear mixed-effects models
(LMMs) have become the method of choice, enabling the
modeling of individual patient trajectories while accounting
for variability across and within subjects [81, 145]. However,
parametric methods rely heavily on assumptions of normal-
ity and homogeneity of variance, which are often violated in
real-world clinical trials, particularly with heterogeneous or
skewed data.

To address these challenges, nonparametric methods have
emerged as robust alternatives for efficacy testing. These
methods, including the Friedman test [45], Brunner-Munzel
test [15], and modern tools like nparLD [98], provide greater
flexibility by relaxing distributional assumptions. Nonpara-
metric approaches are particularly suited for ordinal out-
comes, non-normal data, and small sample sizes, making
them invaluable in certain therapeutic areas and rare dis-
ease studies. Additionally, recent advancements, such as the
Longitudinal Rank Sum Test (LRST) [158, 49], have further
extended the utility of nonparametric methods to longitudi-
nal settings, enabling the analysis of time-dependent efficacy
outcomes.

Bayesian methods have also gained prominence in effi-
cacy testing by allowing researchers to incorporate prior
knowledge and account for uncertainty in treatment effects.
Hierarchical Bayesian models enable the pooling of infor-
mation across subgroups, while Bayesian nonparametric ap-
proaches, such as Gaussian processes, provide flexible tools
for modeling complex, nonlinear relationships in longitudi-
nal data [48, 111]. These methods are particularly advanta-
geous in adaptive trial designs, where interim results inform
subsequent decisions, and in personalized medicine, where
individual-level predictions are critical.

In recent years, machine learning (ML) techniques have
revolutionized efficacy testing by addressing challenges as-
sociated with high-dimensional, unstructured, and multi-
modal datasets. Methods such as deep learning, reinforce-
ment learning, and federated learning have been applied to
optimize trial designs [54], predict treatment outcomes [164],
and improve dosing regimens [96]. Despite their promise,
these approaches face challenges related to interpretability,

generalizability, and integration with traditional statistical
frameworks.

The choice of analytical framework in efficacy testing de-
pends on the underlying research objective and the struc-
ture of the clinical data. Broadly, these objectives can be
grouped into four categories: estimating and comparing
treatment effects under defined assumptions, assessing rela-
tive efficacy through distributional comparisons with mini-
mal assumptions, quantifying uncertainty while incorporat-
ing prior knowledge, and predicting individual-level out-
comes or response patterns in complex data. Parametric
methods are most appropriate when the goal is to estimate
average treatment differences or model temporal trajectories
under well-specified distributional assumptions. Nonpara-
metric approaches are valuable when the data are skewed,
ordinal, or heterogeneous, allowing robust comparisons that
remain valid under weaker conditions. Bayesian models pro-
vide a flexible probabilistic framework that integrates prior
evidence with observed data, supporting hierarchical and
adaptive trial designs. Finally, machine learning techniques,
ranging from deep neural architectures to reinforcement
learning, are designed for predictive and exploratory anal-
yses, capable of capturing complex, nonlinear dependencies
in high-dimensional or multimodal datasets. By explicitly
linking these analytical families to their corresponding re-
search objectives, this review aims to guide researchers in
selecting suitable methodologies for efficacy analysis across
diverse clinical settings.

Missing data are almost unavoidable in clinical and
biomedical research, and the assumptions made about how
data become missing have direct consequences for statistical
validity. The standard taxonomy distinguishes among three
mechanisms [86, 94]. Data are missing completely at ran-
dom (MCAR) when the probability of missingness is unre-
lated to both observed and unobserved outcomes; complete-
case analysis remains unbiased but inefficient in this setting.
Data are missing at random (MAR) when missingness de-
pends only on observed variables; likelihood-based estima-
tion and multiple imputation can then provide valid infer-
ence if the model for the observed data is correctly speci-
fied. Data are missing not at random (MNAR) when miss-
ingness depends on unobserved outcomes, leading to poten-
tial bias even under correct modeling of the observed data.
In such cases, specialized models such as selection mod-
els, pattern-mixture models, or shared-parameter frame-
works must explicitly characterize the missingness mecha-
nism [26]. Because these assumptions underpin all major
statistical paradigms, the subsequent sections highlight how
each methodological family handles missingness under these
three mechanisms.

This review provides a comprehensive examination of sta-
tistical methods for efficacy testing in clinical trials, catego-
rizing them into parametric, nonparametric, Bayesian, and
machine learning approaches. By highlighting the strengths,
limitations, and applications of these methodologies, the pa-
per aims to guide researchers in selecting appropriate tools
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for efficacy analysis in diverse clinical settings. Furthermore,
the review explores recent methodological advancements,
emphasizing their potential to address emerging challenges
in clinical trial research. We have explored parametric tests
in Section 2, nonparametric tests in Section 3, Bayesian
methods in Section 4 and some popular Deep Learning based
methodologies in Section 5.

2. PARAMETRIC TESTS
Parametric tests are among the most widely used statis-

tical methods in clinical trials, owing to their simplicity, ef-
ficiency, and strong inferential properties under well-defined
assumptions. Parametric approaches are most suitable when
the objective is to estimate mean treatment differences or
model trajectories under defined distributional assumptions.
These methods rely on specific distributional assumptions,
such as normality of the data and homogeneity of variances,
making them particularly suited for continuous and nor-
mally distributed outcomes. Commonly applied parametric
tests include the t-test, analysis of variance (ANOVA), and
analysis of covariance (ANCOVA), each tailored for compar-
ing means across groups or conditions under varying exper-
imental designs. In many clinical trials, efficacy is evaluated
based on the change from baseline to the final endpoint,
where cross-sectional parametric tests like the t-test or AN-
COVA can be used to compare treatment groups [146, 106].
For longitudinal or repeated measures data, LMMs extend
the scope of parametric analysis by incorporating random ef-
fects to account for within-subject correlations and handling
missing data under the missing-at-random (MAR) frame-
work [81, 145]. While parametric methods are robust under
their assumptions, their utility can be limited when these as-
sumptions are violated, such as in the presence of skewed dis-
tributions or heterogeneous variances, highlighting the need
for alternative approaches in certain clinical trial settings.

2.1 Cross-Sectional Parametric Tests
Efficacy testing in clinical trials often begins with the

comparison of treatment groups at a single time point, where
parametric methods provide powerful and interpretable sta-
tistical tools. These methods, including t-tests, analysis of
variance (ANOVA), and analysis of covariance (ANCOVA),
leverage assumptions about data distribution to efficiently
estimate treatment effects. The following section discusses
these cross-sectional parametric tests, their applications in
clinical research, and their advantages and limitations in
different trial settings.

2.1.1 t-Tests

The t-test, introduced by William Sealy Gosset in 1908
under the pseudonym “Student,” is a parametric statisti-
cal test designed to compare the means of two groups un-
der specific assumptions [132]. The standard t-test, also
called the independent t-test, evaluates the difference be-
tween two independent group means. The test statistic is

calculated as: t =
(︁
X̄1 − X̄2

)︁
/
√︂

s2p(n
−1
1 + n−1

2 ), where X̄1

and X̄2 are the sample means, n1 and n2 are the sample
sizes, and s2p =

(︁
(n1 − 1)s21 + (n2 − 1)s22

)︁
/ (n1 + n2 − 2) is

the pooled variance. Here, s21 and s22 represent the vari-
ances of the two groups. The paired t-test, a variation of
the standard t-test, is used for dependent or matched sam-
ples, analyzing the mean differences between paired obser-
vations using the formula: t = d̄/ (sd/

√
n), where d̄ is the

mean of the differences, sd is the standard deviation of the
differences, and n is the number of paired observations.
Another important extension, Welch’s t-test, modifies the
standard t-test to account for unequal variances and sam-
ple sizes between groups, with its test statistic computed as:
t =

(︁
X̄1 − X̄2

)︁
/
√︁
(s21/n1) + (s22/n2). These methods, which

rely on the assumption of normally distributed data, have
become foundational tools for statistical inference in clinical
trials and experimental research [150].

T-tests are widely recognized for their simplicity, com-
putational efficiency, and effectiveness in comparing means,
particularly in small to moderate-sized datasets (Cf. Ta-
ble 1). The paired t-test enhances statistical power by fo-
cusing on within-subject differences, while Welch’s t-test
provides a robust alternative for scenarios involving un-
equal variances or sample sizes. However, these methods rely
on assumptions of normality and are sensitive to outliers,
which can compromise their validity in non-normal or heav-
ily skewed data. Additionally, t-tests are limited to mean-
based comparisons, rendering them unsuitable for ordinal
data or high-dimensional datasets that require more sophis-
ticated statistical approaches, such as mixed-effects models
or machine learning techniques.

2.1.2 Variance Analysis Methods

Analysis of Variance (ANOVA), introduced by Fisher
in 1918, is a parametric method for comparing the
means of multiple groups. It partitions total variation into
between-group variation (SSbetween) and within-group vari-
ation (SSwithin), with the F-statistic calculated as F =
SSbetween(N − k)/SSwithin(k − 1) where k is the number
of groups and N is the total number of observations. Un-
der the null hypothesis (H0), the F-statistic follows an F-
distribution with k−1 and N−k degrees of freedom. ANOVA
assumes normality within groups, homoscedasticity, and in-
dependence of observations. Extensions like repeated mea-
sures and two-way ANOVA have been developed for longi-
tudinal and factorial designs. While ANOVA controls Type
I error better than multiple pairwise t-tests, violations of its
assumptions can lead to misleading results. Nonparametric
alternatives like the Kruskal-Wallis test address these lim-
itations. ANOVA is also less powerful with unequal group
sizes.

Analysis of Covariance (ANCOVA), introduced by Fisher
in 1925, combines ANOVA and linear regression to com-
pare group means while adjusting for one or more covari-
ates. ANCOVA is particularly useful in clinical trials to
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Table 1. Applications of the t-Tests in Clinical Trials.
Study Application Therapeutic Area
[11] Evaluation of pre- and post-treatment differences in blood pressure levels Cardiovascular Research
[109] Assessment of the impact of antihypertensive therapies on systolic and diastolic blood

pressure in hypertensive patients
Hypertension

[47] Analysis of Metformin’s impact on glycemic control using independent t-tests to
compare pre- and post-intervention HbA1c levels

Diabetes

[44] Analysis of the efficacy of dietary and behavioral therapies in weight-loss interventions Weight-Loss Interventions
[165] Evaluation of psychometric properties in mental health research Mental Health
[147] Evaluation of cognitive behavioral therapy’s impact on depression scores in mental

health interventions
Mental Health

[40] Examination of the effects of angiotensin-converting enzyme inhibitors on cardiac
function

Cardiology

[117] Comparison of drug efficacy for treatments with differing variance profiles General Healthcare
[131] Systematic reviews to synthesize data on pre- and post-treatment changes in diagnostic

accuracy studies
Meta-analytical Frameworks

[38] Application of Welch’s t-test in contingency table analyses for robustness in healthcare
data

Healthcare

[110] Exploration of Welch’s t-test in pharmacokinetics to address unequal variances due to
population heterogeneity

Pharmacokinetics

[31] Highlighted effectiveness of Welch’s t-test for small-sample comparisons in clinical
studies

Clinical Research

[103] Assessment of the efficacy of Liraglutide in reducing body weight through paired
analysis

Weight Management

[9] Examination of Budesonide-Formoterol therapy in improving lung function parameters
through paired t-tests

Pulmonology

[130] Optimization of photon-counting CT for lung density quantifications using paired
analysis

Radiology

control for baseline imbalances (Cf. Table 2). The model is
Yij = μ+αi+βXij+ϵij where Yij is the outcome, Xij is the
covariate, and β is the regression coefficient for the covari-
ate. ANCOVA adjusts the outcome by removing the effect
of the covariate, enabling a comparison of group means for
a common covariate value. It assumes linearity between the
covariate and the outcome, homogeneity of regression slopes,
and normality and homoscedasticity of residuals. ANCOVA
has been extended to handle multiple covariates and more
complex designs. However, violations of assumptions or fail-
ure to account for covariate-treatment interactions can lead
to biased results.

2.2 Longitudinal Parametric Tests
While cross-sectional parametric tests such as t-tests and

ANOVA are widely used in clinical trials, they are limited to
analyzing treatment effects at a single time point. However,
many clinical studies involve repeated measurements of pa-
tient outcomes over time, requiring statistical methods that
account for within-subject correlations and time-dependent
variations. Longitudinal parametric models, such as Linear
Mixed-Effects Models (LMMs) and Generalized Estimat-
ing Equations (GEEs), extend traditional parametric frame-
works to capture temporal dynamics and patient-specific
variability. The following section explores these methods,
highlighting their applications in efficacy testing and their

ability to handle missing data and complex correlation struc-
tures.
2.2.1 Linear Mixed Effects Model

LMMs, introduced by [61], extend linear regression by
incorporating both fixed and random effects, making them
particularly suitable for analyzing hierarchical or longitu-
dinal data, such as repeated measures in clinical trials.
Fixed effects represent population-level relationships, while
random effects capture subject-specific variability, allow-
ing LMMs to effectively model within-subject or within-
cluster correlations. The general model is expressed as:
Y = Xβ+Zb+ϵ, where Xβ denotes the fixed effects, Zb rep-
resents the random effects (b ∼ N(0, G)), and ϵ ∼ N(0, R)
accounts for residual errors. One of the significant strengths
of LMMs is their ability to handle missing data under the
Missing at Random (MAR) assumption, where the probabil-
ity of missingness depends only on observed data. Unlike tra-
ditional methods that exclude incomplete cases, LMMs use
all available data through maximum likelihood or restricted
maximum likelihood estimation, reducing bias and improv-
ing efficiency. Additionally, LMMs accommodate complex
covariance structures, such as autoregressive or unstruc-
tured correlations, providing flexibility in modeling depen-
dencies.

LMMs, while versatile, have limitations. They assume lin-
ear relationships, normality of random effects and residuals,
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Table 2. Applications of ANOVA and ANCOVA in Clinical Trials.
Study Method Application Therapeutic Area
[99] ANOVA Multivariate studies of psychological interventions for chronic pain

management
Chronic Pain Management

[73] ANCOVA Adjustment for tumor size at baseline in oncology trials to compare
treatment efficacy

Oncology

[105] ANOVA Comparison of the effects of beta-blockers across different dosages Cardiovascular Research
[155] ANCOVA Longitudinal studies to address baseline imbalances in randomized

controlled trials
Randomized Controlled Trials

[122] ANOVA Comparison of cognitive behavioral therapies across different
durations of intervention

Mental Health

[115] ANCOVA A 24-week, double-blind, placebo-controlled trial of donepezil in
Alzheimer’s disease

Alzheimer’s Disease

[104] ANOVA Extension to mixed models for longitudinal analyses in oncology trials Oncology
[146] ANCOVA Adjusting for percentage change from baseline in pain management

studies, avoiding biased estimates
Pain Management

[10] ANOVA Assessment of musculoskeletal burden differences across patient
subgroups in observational studies

Musculoskeletal Disorders

[106] ANCOVA Cardiovascular trials to adjust for baseline blood pressure and
cholesterol levels

Cardiovascular Research

[14] ANCOVA Survival analysis to adjust for clinical staging in oncology trials Oncology
[91] ANOVA Use of repeated measures to evaluate temporal effects of pain relief

medications in drug trials
Pain Management

[56] ANOVA Analysis of repeated measures in antidepressant effects over time Mental Health
[123] ANOVA Adjusting for random baseline imbalances in clinical trials Clinical Trials
[126] ANCOVA Handle missing data and apply covariate adjustment in weight-loss

trials
Weight-Loss Trials

[52] ANCOVA Incorporates social network structure and opinion for election
forecasting

Election Prediction

and independence between random and fixed effects. While
diagnostic checks, transformations, and robust estimation
techniques can address some violations, these assumptions
inherently restrict their use in datasets with non-linear
relationships or non-normal distributions. Computational
challenges with large datasets or complex random-effects
structures can be mitigated using efficient algorithms like
Expectation-Maximization or parallel computing. However,
LMMs struggle with data missing not at random (MNAR),
as the mechanism depends on unobserved variables, and bi-
ased estimates may result when the independence of ran-
dom and fixed effects is violated. Additionally, interpret-
ing random effects in complex hierarchical models can be
challenging, limiting subject-specific inferences. These lim-
itations underscore the need to carefully evaluate assump-
tions and choose appropriate methods for specific research
contexts.

2.2.2 Generalized Estimating Equations

Generalized Estimating Equations (GEEs), introduced
by Liang and Zeger in 1986, are an extension of general-
ized linear models (GLMs) designed to handle correlated
or clustered data, such as repeated measures or longitu-
dinal observations. Unlike LMMs, which explicitly include
random effects to account for individual-level variability,

GEEs focus on estimating population-averaged effects, mak-
ing them ideal for studies where the primary interest lies in
overall population trends rather than subject-specific infer-
ences. The general form of a GEE is: g(μij) = Xijβ, where
g(·) is the link function (e.g., logit for binary outcomes, log
for count data, identity for continuous data), μij represents
the mean response for the j-th observation of the i-th clus-
ter, Xij is the covariate matrix, and β denotes the regres-
sion coefficients. GEEs account for within-cluster correlation
by specifying a working correlation structure, such as ex-
changeable, autoregressive, or unstructured. While the cor-
rect specification of this structure enhances efficiency, GEEs
remain robust even if it is misspecified, providing consistent
estimates of regression coefficients.

GEEs are highly flexible, accommodating various out-
come types—binary, count, and continuous—via appropri-
ate link functions. They are computationally efficient as
they avoid explicit random-effects modeling and are robust
to correlation structure misspecification, ensuring reliable
population-level inferences. However, they assume data are
Missing Completely at Random (MCAR), a stricter condi-
tion than the MAR assumption used in LMMs. GEEs fo-
cus on population-averaged effects, limiting their ability to
provide individual-level inferences or subject-specific predic-
tions. Additionally, their efficiency relies on correctly speci-
fying the working correlation matrix, and they cannot nat-
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Table 3. Applications of LMMs in Clinical Trials.
Study Method Application Therapeutic Area
[81] LMM Model patient responses over time, introducing random effects for

patient-specific trajectories
Psychiatry

[85] GEE Analyzing repeated measurements of respiratory outcomes,
establishing a foundation for their use in public health research

Respiratory Outcomes

[161] GEE Binary data analysis, focusing on treatment adherence in clinical trials Clinical Trials
[97] GEE Modeling correlated binary outcomes in healthcare infection rate

studies
Infection Control

[145] LMM Monitoring HbA1c levels in diabetes trials Diabetes
[37] LMM Phase II trial and pharmacokinetic evaluation of cytosine arabinoside

for leptomeningeal metastases from breast cancer
Oncology

[144] LMM Estimate the reliability of repeated measurements in clinical trial data
for schizophrenia treatment

Psychiatry

[56] LMM Drug trials evaluating the efficacy of antidepressants across multiple
time points

Psychiatry

[43] LMM Modeling tumor size reduction over time, handling irregularly spaced
follow-up data

Oncology

[43] GEE Evaluate weight loss interventions by modeling repeated weight
measurements over time

Weight Management

[120] GEE Investigated concordance between urine drug screens and self-reported
cocaine use over time and across genders

Addiction Medicine

[21] LMM Analyzing fMRI group data and study brain activation patterns in
response to stimuli

Neuroscience

[36] GEE Analyzed self-efficacy in treatment frameworks among psychology and
management scholars

Psychology

[127] GEE Conducted a randomized controlled trial of CBT-AD to improve
adherence and reduce depression among HIV-positive Latinos

Behavioral Medicine

[25] GEE Estimated the efficacy of preexposure prophylaxis for HIV prevention
based on drug concentration thresholds

Epidemiology

[153] LMM Analysis of non-adherence to treatment in a randomized controlled
trial comparing citalopram and reboxetine in treating depression

Psychiatry

[148] LMM Measuring anthelmintic drug efficacy for parasitologists Parasitology
[22] GEE Examined how housing status influenced drug use patterns among

street-involved youth in Canada
Public Health

[129] LMM Modeled QTc prolongation to evaluate the safety profile of olmesartan
medoxomil

Cardiovascular Pharmacology

[58] GEE Performed a systematic review of drug efficacy studies for
soil-transmitted helminthiases and advocated for individual
data-sharing

Parasitology

[72] LMM Statistical analysis of intestinal lesion scores in studies of
anti-coccidial drugs in chickens

Veterinary Parasitology

[57] LMM Design and analysis of mouse clinical trials for oncology drug
development

Oncology

[74] LMM Systematic review and meta-analysis of in vivo efficacy of
anti-malarial drugs against clinical Plasmodium vivax malaria in
Ethiopia

Infectious Diseases

[68] GEE Evaluated the effects of skin-to-skin contact on newborn sucking and
breastfeeding abilities in a quasi-experimental study

Neonatal Health

[89] LMM Assessed the efficacy of a digital integrative medicine intervention for
cancer patients undergoing treatment

Oncology

urally handle complex random-effect structures, restricting
their use in hierarchical settings. Despite these limitations,
GEEs are widely applied in clinical and epidemiological
studies for analyzing correlated data and modeling average
treatment effects.

2.2.3 Modern Extensions of LMMs and GEEs
Linear Mixed-Effects Models (LMMs) and Generalized

Estimating Equations (GEEs) are widely used for analyzing
longitudinal and hierarchical data. However, complex rela-
tionships often require extensions such as Nonlinear Mixed-
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Effects Models (NLMMs) and Generalized Additive Mixed
Models (GAMMs). NLMMs extend LMMs by incorporating
nonlinear functions to model complex biological processes
like drug absorption and elimination in pharmacokinetics.
These models take the form Yij = f(Xij , β, bi) + ϵij , where
f(·) is a nonlinear function, β represents fixed effects, bi ac-
counts for random effects, and ϵij captures residual errors.
Tools such as NONMEM, Monolix, and the R package nlme
facilitate the application of NLMMs, although their com-
putational demands are significant [104, 27]. GAMMs com-
bine smooth, nonparametric functions with mixed effects to
model unknown or varying relationships. The general form
of a GAMM is: Yij = Xijβ+Zijbi+

∑︁
k fk(Xijk)+ϵij , where∑︁

k fk(Xijk) represents smooth functions of predictors, and
Zijbi captures the random effects. GAMMs are commonly
used in environmental and disease progression studies but
may face overfitting and computational challenges in large
datasets [154].

NLMMs and GAMMs expand the flexibility of LMMs and
GEEs by accommodating nonlinear and nonparametric re-
lationships, making them invaluable for modeling complex
processes in clinical and epidemiological research. However,
careful consideration is needed to address computational de-
mands and ensure model interpretability.

2.2.4 Modeling with Survival Outcomes

Accelerated Failure Time (AFT) models are commonly
used to analyze time-to-event data by directly modeling the
logarithm of survival times as a linear function of covariates.
The general form of an AFT model is: log(Ti) = Xiβ + ϵi,
where Ti is the survival time for the i-th individual, Xi is
the covariate vector, β is the vector of regression coefficients
and ϵi is the error term. AFT models assume that covariates
accelerate or decelerate the time to the event by a constant
factor. For example, if β > 0, the covariate increases sur-
vival time by a factor eβ ; if β < 0, it decreases survival time
by the same factor. Common distributions for ϵ yield spe-
cific AFT models, such as the Weibull AFT or log-logistic
AFT.

When longitudinal data is integrated with survival re-
sponse, Joint Models (JMs) are used to address the depen-
dency between longitudinal trajectories and time-to-event
processes, offering a unified framework for analyzing such
data. The general joint modeling framework consists of two
submodels: the longitudinal submodel, given by Yi(t) =
X⊤

i (t)β + Z⊤
i (t)bi + ϵi(t), where Yi(t) is the longitudinal

outcome for subject i at time t, Xi(t) and Zi(t) are design
matrices for fixed (β) and random (bi) effects, respectively,
ϵi(t) ∼ 𝒩 (0, σ2) represents residual errors, and the survival
submodel hi(t|Mi(t), wi) = h0(t) exp(w

⊤
i γ+αMi(t)), where

hi(t) is the hazard function for subject i at time t, h0(t)
is the baseline hazard, wi is a vector of baseline covari-
ates with coefficients γ, Mi(t) is a function of the subject-
specific longitudinal trajectory, linking the two submodels
via the association parameter α. JMs provide more accu-
rate estimates of survival outcomes and dynamic predic-
tions of survival probabilities by incorporating longitudi-
nal biomarker information, thus reducing bias compared to
separate analyses. However, they rely on strong paramet-
ric assumptions about the underlying processes, which, if
misspecified, can lead to biased results. Fitting JMs is com-
putationally intensive, requiring specialized algorithms like
the Expectation-Maximization (EM) algorithm or Bayesian
Markov Chain Monte Carlo (MCMC) methods. Recent ad-
vancements have addressed these challenges by developing
efficient algorithms, such as the R package JSM [156], which
provides a semiparametric joint modeling framework and of-
fers a maximum likelihood approach to fit these models.

While AFT models and the proportional hazards frame-
work remain the most widely used for survival data, sev-
eral extensions have been proposed to address more com-
plex event structures. When the proportional hazards as-
sumption is violated, alternatives such as time-varying co-
efficient models, stratified Cox models, Random Survival
Forest and Gradient Boosting type methods provide flex-
ible inference by allowing hazard ratios to change over time
[62, 137, 50]. In studies with complex censoring patterns, in-
cluding interval-censored, left-truncated, or competing-risk

Table 4. Applications of AFT and Joint Models in Clinical Trials.
Study Method Application Therapeutic Area
[39] AFT Analyze long-term survivors in clinical trials, emphasizing applicability in

data with short- and long-term survival times
Clinical Trials

[149] AFT Use of Weibull AFT models to evaluate treatment effects and compare
survival times in cancer patients receiving different chemotherapy regimens

Oncology

[14] AFT Comparison of AFT models with proportional hazards models in censored
data survival analysis in cancer trials

Oncology

[140] JM HIV studies to explore relationships between viral load and time to
treatment failure

HIV Studies

[108] JM Alzheimer’s disease trials to model the association between cognitive decline
and time to dementia onset

Alzheimer’s Disease

[114] JM Predict survival probabilities for cancer patients based on tumor progression
biomarkers

Oncology
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data, specialized likelihood-based and nonparametric esti-
mators have been developed, such as the Fine–Gray sub-
distribution model for competing risks [41]. Furthermore,
when participants may experience multiple or repeated
events, recurrent-event models such as the Andersen–Gill
counting-process formulation, Prentice–Williams–Peterson
(PWP) total- or gap-time models, and Wei–Lin–Weissfeld
(WLW) marginal models offer distinct strategies for captur-
ing dependence among event recurrences [100]. Together,
these approaches expand survival modeling beyond propor-
tional hazards assumptions and accommodate the complex-
ities frequently encountered in modern clinical trials.

2.3 Handling Missing data
Parametric methods such as ANOVA, ANCOVA, and

mixed-effects models rely on explicit distributional assump-
tions and are particularly sensitive to how missing data
arise. In most applications, data are assumed to be miss-
ing at random (MAR), that is, the probability of missing-
ness depends only on observed quantities. Under this as-
sumption, likelihood-based estimation or restricted maxi-
mum likelihood provides valid inference while using all avail-
able data [86, 94]. When data are missing not at random
(MNAR), for instance, when dropout depends on unob-
served outcomes, bias can occur even with correct model
specification. In such settings, models that explicitly link
the missingness process to the outcome, such as selection,
pattern-mixture, or shared-parameter formulations, are re-
quired [26]. Because MNAR assumptions cannot be empiri-
cally verified, sensitivity analyses are essential for assessing
robustness. Delta-adjustment, tipping-point, and Bayesian
prior–based approaches provide interpretable ways to ex-
amine how treatment estimates change under alternative as-
sumptions. Clear documentation of the assumed mechanism
and sensitivity framework is therefore critical for credible
parametric inference.

3. NONPARAMETRIC TESTS
Nonparametric tests have become essential tools in clin-

ical trials, particularly when the data deviate from the as-
sumptions required by parametric methods, such as normal-
ity or homogeneity of variances. Nonparametric frameworks
are particularly useful when the aim is to compare treat-
ment distributions robustly without relying on parametric
assumptions, emphasizing inference on ranks or medians
rather than means. These methods are robust and versatile,
making them well-suited for analyzing ordinal, skewed, or
small-sample data, as well as datasets with outliers. In clin-
ical trials, nonparametric tests are often used to evaluate
treatment efficacy in scenarios where the primary interest
lies in comparing distributions or ranks rather than means.
For example, in trials with repeated measures or longitu-
dinal outcomes, extensions of classical nonparametric tests,
such as the Friedman test [45], Brunner-Munzel test [15],

and nparLD [98], provide powerful alternatives to paramet-
ric counterparts. Additionally, in studies where only changes
from baseline to the final endpoint are available, rank-based
methods such as the Wilcoxon signed-rank test or Mann-
Whitney U test are frequently applied. These methods are
particularly advantageous in early-phase or exploratory tri-
als with limited sample sizes, offering flexibility in handling
non-normal or ordinal outcomes. However, despite their ro-
bustness, nonparametric tests may exhibit lower power than
parametric methods when parametric assumptions are sat-
isfied, and their interpretation can be less straightforward,
particularly in complex longitudinal settings. By addressing
these challenges and providing distribution-free inference,
nonparametric methods play a vital role in efficacy testing,
especially in studies involving diverse patient populations or
unconventional outcome measures.

3.1 Cross-Sectional Nonparametric Tests
While parametric methods such as t-tests and ANOVA

are widely used for efficacy testing, they rely on assump-
tions of normality and homogeneity of variance that may
not hold in real-world clinical data. When these assump-
tions are violated – such as in the presence of skewed distri-
butions, ordinal outcomes, or small sample sizes – nonpara-
metric methods provide a robust alternative. The following
section explores cross-sectional nonparametric tests, includ-
ing the Wilcoxon Signed-Rank Test and the Mann-Whitney
U Test, highlighting their advantages and applications in
clinical trial settings.

3.1.1 Tests for Comparing Two Groups

The Wilcoxon Signed-Rank Test [152] is a non-parametric
alternative to the paired t-test, used to compare paired
observations when parametric assumptions are violated. It
tests whether the median of the differences between paired
values is zero by ranking the absolute values of the differ-
ences and summing the signed ranks. The test statistic is
calculated as W =

∑︁n
i=1 Ri · sgn(Di), where Di = Xi − Yi

and sgn(Di) is the sign of the difference. For small samples,
critical values are from exact tables, while for large samples,
the statistic approximates a normal distribution. This test is
robust for small sample sizes and ordinal data but assumes
symmetry in the differences, which if violated, can lead to
biased results. It is less powerful than the paired t-test for
normally distributed data.

The Mann-Whitney U Test [88] compares two indepen-
dent groups, assessing if one group tends to have larger
values than the other. It is particularly useful for ordi-
nal data or skewed distributions. The U statistic is calcu-
lated based on ranks of the pooled data, with the formula:
U = n1n2 + n1(n1+1)

2 −
∑︁n1

i=1 R(Xi), where R(Xi) is the
rank of Xi in the combined sample. The test assumes that
the groups are independent and that the distributions have
the same shape and scale. For small sample sizes, critical
values are obtained from exact tables, while larger samples
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use a normal approximation. It is less efficient than the t-test
for normally distributed data, trading power for robustness.
Furthermore, it assumes that the groups are independent
and the distributions of the two groups have the same shape
and scale; otherwise, the results may reflect differences in
spread rather than central tendency.

Nonparametric tests for efficacy in a two-group setup has
been widely studied in the literature, including [5], who eval-
uated blood pressure changes in antihypertensive drug tri-
als, while [53] compared pain scores and skin improvement in
crossover and dermatology trials, respectively. Other stud-
ies assessed the accuracy of diagnostic tools [82], choles-
terol level changes in nutritional research [65], genetic and
biomarker disclosure process [92] and progression-free sur-
vival in oncology [53].
3.1.2 Tests for Comparing More Than Two Groups

The Kruskal-Wallis (KW) test, developed by Kruskal and
Wallis in 1952, is a non-parametric alternative to one-way
Analysis of Variance (ANOVA). It is used to compare me-
dians across two or more independent groups, particularly
when the assumption of normality or homogeneity of vari-
ances is violated. Unlike ANOVA, the Kruskal-Wallis test
ranks the data instead of analyzing raw values, making it ro-
bust against outliers and non-normal distributions. Consider
k independent groups with sample sizes n1, n2, . . . , nk and
combined total observations N =

∑︁k
i=1 ni. Let Rij denote

the rank of the j-th observation in group i, where all observa-
tions are ranked jointly across groups. The test statistic H is
calculated as H = 12(N(N+1))−1

∑︁k
i=1(T

2
i /ni)−3(N+1),

where Ti =
∑︁ni

j=1 Rij is the sum of ranks for the i-th group.
Under the null hypothesis (H0), which assumes that all
groups are sampled from the same distribution, H approxi-
mately follows a chi-squared distribution with k− 1 degrees
of freedom for large N . When H0 is rejected, it indicates
significant differences among the group medians. While the
test detects differences among groups, it does not identify
which specific groups differ. Post-hoc pairwise comparisons
must be conducted to pinpoint group differences, often using
adjusted rank-based tests or Bonferroni corrections.
3.1.3 Tests for Association Between Categorical Variables

The Mantel-Haenszel (MH) test, introduced by Man-
tel and Haenszel in 1959, is a non-parametric statistical
method used to evaluate associations between two categor-
ical variables while controlling for a confounding variable.
It is widely used in clinical trials and epidemiology to an-
alyze stratified data, particularly in cases where the data
are organized into contingency tables across strata. Given
K strata, each represented by a 2 × 2 table, the MH test
combines information across all strata to compute a pooled
odds ratio and test for homogeneity or association. For each
stratum k, the contingency table is represented as:

Exposed (E) Unexposed (U)
Case (C) ak bk

Control (Co) ck dk

The MH estimate of the common odds ratio
(θ̂MH), with nk = ak + bk + ck + dk as the to-
tal sample size for the k-th stratum, is calcu-
lated as θ̂MH =

∑︁K
k=1(akdk/nk)/

∑︁K
k=1(bkck/nk).

The Mantel-Haenszel test statistic is computed as:
χ2
MH =

(︁∑︁K
k=1(ak − Ek)

)︁2
/
∑︁K

k=1 Vk, where Ek is the
expected value of ak under the null hypothesis of no
association and Vk is its variance. The test statistic χ2

MH

follows a chi-squared distribution with 1 degree of freedom
under the null hypothesis. A significant result suggests
an association between the exposure and the outcome
after controlling for the stratifying variable. However,
the test assumes that the odds ratio is consistent across
strata, which may not always hold in practice. If the
homogeneity assumption is violated, the pooled estimate
may be misleading. Furthermore, the test is limited to
2× 2 contingency tables and cannot accommodate complex
multilevel or continuous data without extensions. It also
requires sufficient sample sizes within each stratum for
reliable results.

3.1.4 Tests with Survival Data

The Log-Rank test, first introduced by Mantel in 1966,
is a nonparametric statistical method used to compare sur-
vival distributions between two or more groups. The test
is based on the null hypothesis (H0) that there is no dif-
ference in the survival distributions between groups. Con-
sider k groups, and let ni(t) and di(t) denote the num-
ber of subjects at risk and the number of events ob-
served at time t in group i, respectively. The observed
(Oi) and expected (Ei) event counts for each group are
calculated as follows: Ei(t) = (ni(t)/n(t)) · d(t), where
n(t) =

∑︁k
i=1 ni(t) is the total number of subjects at risk

at time t, and d(t) =
∑︁k

i=1 di(t) is the total number of
events at time t. The observed and expected values are
then summed across all time points. The test statistic is
given by χ2 =

(︁∑︁k
i=1(Oi − Ei)

)︁2
/
∑︁k

i=1 Vi, where Vi is
the variance of Oi under the null hypothesis, calculated as
Vi = (

∑︁
t ni(t) · (n(t)− ni(t)) · d(t) · (n(t)− d(t)))/(n(t)2 ·

(n(t) − 1)). Under H0, the test statistic χ2 follows a chi-
squared distribution with k−1 degrees of freedom. For k = 2,
the test reduces to a single degree of freedom test compar-
ing two groups. The Log-Rank is a robust, distribution-free
method for comparing survival curves and it retains good
power when the hazard ratios between groups are propor-
tional. However, violations of the proportional hazards as-
sumption can lead to biased results. The test is also sensitive
to censoring patterns; unbalanced censoring across groups
can distort the results. Moreover, it does not adjust for co-
variates, requiring the use of stratified methods for more
complex analyses.

Gray’s test, introduced in [55], is a non-parametric
method for comparing cumulative incidence functions in the
presence of competing risks. In clinical trials and epidemi-
ological studies, competing risks occur when an individual
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Table 5. Applications of the Kruskal-Wallis (KW) and Mantel-Haenszel (MH) Tests in Clinical Trials.

Study Method Application Therapeutic Area
[46] MH Meta-analysis comparing ceftriaxone with β-lactams in febrile

neutropenia using the Peto-modified MH method to assess relative
efficacy

Antibiotic Therapy

[87] KW Compared the efficacy of various preventive drugs during the course of
preventive migraine treatment.

Neurology

[138] MH Meta-analysis to assess the efficacy and safety of combining
Vandetanib with chemotherapy in advanced non-small cell lung cancer
patients

Oncology

[30] MH Compare clinical success rates of moxifloxacin against pooled active
comparator treatments in secondary peritonitis

Antibiotic Therapy

[112] MH Multicenter trials with binary outcomes to summarize data obtained
from Early External Cephalic Version (EECV) trials published in
2003 across different strata

Multicenter Trials

[134] MH Infertility treatments clinical trials, emphasizing its simplicity and
suitability for crossover designs

Infertility Treatments

[19] KW Compare the inpatient length of stay (LOS) between different patient
samples, exploring the relationship between LOS, treatment benefit,
and adverse events.

Healthcare, Inpatient Care

[124] MH Post-hoc analysis evaluating the efficacy of Lasmiditan for treating
migraines in patients with cardiovascular risk factors

Neurology

[107] KW Explored factors affecting patient participation in clinical research to
assess differences in willingness across groups.

Clinical Research

[13] KW Evaluated the efficacy of hydroxychloroquine in preventing illness
compatible with Covid-19 or confirmed infection when used as
postexposure prophylaxis.

Infectious Diseases

[67] MH Systematic review and meta-analysis on integrated care’s impact on
outcomes after acute coronary syndrome

Cardiovascular Research

is at risk of experiencing more than one mutually exclusive
event, such as death from different causes. Unlike the Log-
Rank test, which assumes all events are of the same type,
Gray’s test accounts for the sub-distribution of competing
risks. The cumulative incidence function (CIF), denoted as
Fj(t), represents the probability of experiencing event j by
time t, considering the presence of other competing events.
Gray’s test assesses whether the CIFs differ significantly be-
tween groups for a specific event type j. The test statistic for
Gray’s test is derived from weighted differences in observed
and expected event counts for each group. For k groups, let
dij(t) denote the number of events of type j at time t in
group i, and ni(t) denote the number of individuals at risk
in group i at time t. The weighted observed-minus-expected
difference is computed as S(t) =

∑︁k
i=1 w(t)·[dij(t)− Eij(t)],

where Eij(t) is the expected number of events in group
i under the null hypothesis, and w(t) is a weight func-
tion. The variance of S(t) is estimated to compute the test
statistic χ2 = S(t)2/Var[S(t)]. Under the null hypothesis,
χ2 follows a chi-squared distribution with k − 1 degrees of
freedom. This test is found to be particularly valuable in
clinical trials where competing risks are prominent, such
as cancer studies with multiple causes of mortality. How-
ever, Gray’s test is sensitive to the choice of weights, and
assumes independence between competing events and cen-

soring, which may not always hold in practice. Additionally,
the test does not adjust for covariates, requiring extensions
such as Fine and Gray’s regression model for more complex
analyses.

3.2 Longitudinal Nonparametric Tests
While cross-sectional nonparametric tests provide robust

alternatives to parametric methods for single-time-point
comparisons, many clinical trials involve repeated measure-
ments over time. In such cases, traditional rank-based meth-
ods may fail to account for within-subject correlations, re-
quiring specialized nonparametric techniques for longitu-
dinal data. These methods, such as the Friedman Test,
Brunner-Munzel Test, the nparLD framework and the Lon-
gitudinal Rank Sum Test, extend nonparametric inference
to repeated measures settings, enabling more flexible and
assumption-free analysis of treatment effects over time. The
following section explores these approaches, their applica-
tions, and their advantages in handling non-normal, ordinal,
and irregularly spaced longitudinal data.

3.2.1 Friedman Test

The Friedman Test, introduced by [45], is a nonpara-
metric method designed for analyzing repeated measures
or matched group data across multiple treatments. The
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test ranks observations within each subject and evaluates
differences in ranks across treatments, making it robust
to non-normal distributions. For n subjects and k treat-
ments, let Rij denote the rank of the j-th treatment for
the i-th subject. The test statistic is computed as: Q =

12n
k(k+1)

∑︁k
j=1

(︁
R̄j − k+1

2

)︁2, where R̄j = 1
n

∑︁n
i=1 Rij is the

average rank of treatment j. Under the null hypothesis that
all treatments have identical distributions, Q approximately
follows a chi-squared distribution with k− 1 degrees of free-
dom when n is large. A significant result suggests differences
in treatment effects. The Friedman Test is particularly suit-
able for ordinal data or non-normally distributed outcomes,
where traditional parametric methods like repeated mea-
sures ANOVA are inappropriate.

The Friedman Test offers simplicity and robustness as
its primary advantages. It does not assume normality and
is straightforward to implement, making it accessible for
small datasets and early-stage studies. However, it comes
with notable limitations. The test assumes balanced data,
which means every subject must have observations across all
time points or treatments—a condition rarely met in real-
world longitudinal studies with missing data. Additionally,
it treats measurements as independent ranks within sub-
jects, ignoring temporal trends or within-subject variability,
which are critical in longitudinal studies. Despite these lim-
itations, the Friedman Test remains a foundational method
for small-scale repeated measures experiments, especially in
fields like nutrition and behavioral studies.

3.2.2 Brunner-Munzel Test

The Brunner-Munzel Test, introduced by [15], is a rank-
based nonparametric method designed to compare two
groups while allowing for unequal variances and non-normal
distributions. Unlike the Wilcoxon Rank-Sum Test, the
Brunner-Munzel Test does not assume homogeneity of vari-
ances, making it robust in situations where group variances
differ. For independent samples X1, . . . , Xn from group 1
and Y1, . . . , Ym from group 2, the test statistic evaluates
the probability P (X < Y ) + 0.5P (X = Y ), interpreted
as the stochastic dominance of one group over the other.
The test statistic T is calculated as: T = Δ̂√

σ̂2
, where Δ̂ is

the difference in rank-based means between the two groups,
and σ̂2 estimates the variance of the rank means. Under
the null hypothesis of no difference between the groups, T
follows a standard normal distribution asymptotically. The
Brunner-Munzel Test is particularly useful in comparing
treatment effects where variability differs substantially be-
tween groups, such as in clinical trials with heterogeneous
populations.

The Brunner-Munzel Test offers significant advantages
over traditional rank-based methods. Its ability to handle
unequal variances makes it particularly robust in practical
scenarios, such as comparing treatment efficacy in diverse
patient populations or analyzing data with extreme outliers.

Additionally, it retains the benefits of nonparametric meth-
ods, including robustness to non-normality and suitability
for ordinal outcomes. However, the test is limited to two-
group comparisons, making it less versatile for studies in-
volving more than two treatments or time points. Moreover,
like many rank-based tests, it does not explicitly incorporate
temporal dependencies or repeated measures, which restricts
its applicability in longitudinal settings. Despite these limi-
tations, the Brunner-Munzel Test remains a valuable tool in
scenarios requiring robust, nonparametric two-sample com-
parisons.

3.2.3 nparLD Framework
The nparLD framework, introduced by [98] is a non-

parametric rank-based approach specifically designed for
the analysis of longitudinal and repeated measures data. It
extends traditional rank-based methods by using pseudo-
rank transformations, which preserve the ordinal structure
of the data while accounting for repeated measures. For a
dataset with n subjects, t time points, and k treatment
groups, let Yij represent the observation for subject i at
time j. The pseudo-rank R∗

ij of Yij is calculated based on
its rank relative to all observations across time points and
groups. Using these pseudo-ranks, the framework evaluates
treatment, time, and interaction effects through F-type test
statistics. The F-type statistic for a given effect is expressed
as: F = Between-group pseudo-rank variability/Residual
pseudo-rank variability, where the numerator captures the
variability explained by the effect (e.g., group, time, or inter-
action), and the denominator accounts for residual variabil-
ity. For example, the test for a group effect compares the
average pseudo-ranks across treatment groups, while con-
trolling for time and subject variability. The null hypothe-
sis of no effect is tested using permutation or large-sample
asymptotic methods, with the F-statistic approximated by
an F-distribution under the null.

The nparLD framework offers several advantages. Its abil-
ity to handle unbalanced data and missing observations
makes it particularly suitable for real-world longitudinal
studies, where dropout and irregular follow-up times are
common. Additionally, it accommodates both ordinal and
continuous outcomes, providing robust results even in the
presence of non-normal data or outliers. The inclusion of
interaction effects, such as group-by-time interactions, fur-
ther enhances its utility for complex study designs. However,
there are notable limitations. The need for multiplicity ad-
justments when testing multiple hypotheses can reduce sta-
tistical power, and the computational demands of pseudo-
rank transformations and F-statistic calculations increase
with larger datasets. While nparLD is robust for moderate-
to-large sample sizes, its power may be limited in small-
sample settings. Despite these challenges, nparLD has been
widely adopted in clinical trials, with applications rang-
ing from the evaluation of repeated measures of biomark-
ers to studies of vaccine efficacy and weight-loss interven-
tions.
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3.2.4 Longitudinal Rank-Sum Test (LRST)

The Longitudinal Rank-Sum Test (LRST), introduced
by [158], is a nonparametric method developed to evalu-
ate treatment effects across multiple longitudinal endpoints
in clinical trials. Unlike traditional rank-based methods, the
LRST accounts for the complexity of repeated measures and
multi-endpoint designs while maintaining robustness against
non-normal distributions and outliers. Let xitk and yjtk rep-
resent the changes from baseline for subjects in the con-
trol and treatment groups, respectively, where i and j index
subjects, t denotes time, and k represents outcomes. Ob-
servations are ranked across all subjects, time points, and
outcomes, with ranks Ritk and Rjtk. The test statistic is

calculated as TLRST = (R̄y··· − R̄x···)/
√︂ˆ︃Var(R̄y··· − R̄x···),

where R̄y··· and R̄x··· are the mean ranks for the treatment
and control groups, respectively, aggregated across all time
points and outcomes. Under the null hypothesis of no treat-
ment effect, TLRST asymptotically follows a standard normal
distribution. LRST has also been developed for multi-arm
clinical trials by [49, 51].

The LRST offers several advantages, making it a valuable
tool in modern clinical trials. Its rank-based approach is ro-
bust to outliers and non-normal data distributions, which
are common in real-world datasets. By simultaneously eval-
uating multiple longitudinal endpoints, the LRST reduces
the need for multiplicity adjustments, enhancing statistical
power while maintaining control of Type I error rates. Ad-
ditionally, it handles missing data and irregular follow-ups

efficiently, ensuring flexibility in complex trial designs. How-
ever, the test relies on large-sample approximations for its
validity, and its performance in small-sample studies may
require further evaluation. Despite these limitations, the
LRST has shown strong applicability in neurodegenerative
disease and oncology trials, where multiple outcomes such
as motor function and cognitive performance are monitored
over time, providing a comprehensive evaluation of treat-
ment efficacy.

3.3 Handling Missing Data
Nonparametric and rank-based methods are sensitive to

missing data because their validity depends on the complete
ordering of observations. When data are missing completely
at random (MCAR), complete-case analysis remains unbi-
ased but less efficient. Under missing at random (MAR) as-
sumptions, validity can be maintained through several ap-
proaches. Inverse Probability Weighting (IPW) reweights
observed cases by the inverse of their estimated response
probabilities, while Multiple Imputation (MI) replaces miss-
ing values with plausible draws from predictive models
and combines results across imputations to incorporate un-
certainty [118]. Extensions such as augmented IPW and
weighted-rank procedures improve small-sample efficiency
and robustness [3, 70]. When data are missing not at ran-
dom (MNAR), rank-based inference alone cannot guaran-
tee unbiasedness; combining these approaches with targeted
sensitivity analyses remains essential for assessing robust-
ness [84].

Table 6. Applications of Nonparametric Methods in Clinical Trials (Sorted by Year).

Study Method Application Therapeutic Area
[7] Friedman Panic and agoraphobia scale in a clinical trial Psychiatry
[75] nparLD Resistance to Phytophthora crown rot in cucumbers Agriculture
[116] Brunner-Munzel Lesion-symptom mapping in cognitive neuroscience Neuroscience
[28] Friedman Immune cell response to pemetrexed in pancreatic adenocarcinoma Oncology
[64] Brunner-Munzel Ketamine use in refractory status epilepticus Neurology
[141] Brunner-Munzel Degradation mechanisms in autophagy systems Cellular Biology
[80] Friedman Stress-strength estimation in clinical trials General Medicine
[76] nparLD Automatic detection of major depressive disorder using

electrodermal activity
Mental Health

[83] nparLD Linkage between the I-3 gene for Fusarium wilt resistance and
bacterial spot sensitivity in tomato

Agriculture

[142] Friedman Compare the efficacy of 19 anticancer compounds on HNSCC cell
lines

Oncology

[6] Friedman Edetate disodium-based chelation for critical limb ischemia Diabetes
[2] nparLD Exergame training for older adults Geriatrics
[136] nparLD Metabolic adaptations to targeted therapies in uveal melanoma Oncology
[121] nparLD Impact of isolation on mental health of athletes during COVID-19 Mental Health
[128] Brunner-Munzel Sporozoite vaccine efficacy for malaria prevention Infectious Diseases
[90] Friedman Ethanolamine oleate injection for postoperative pain Oral Surgery
[119] Brunner-Munzel Depression and anxiety in ischemic stroke patients Neurology
[159] nparLD Biomarkers in gingival crevicular fluid during menopause Periodontology
[4] Friedman Comparison of pain block methods in bariatric surgery Anesthesiology
[93] Friedman Epidural prolotherapy versus steroids for chronic pain Pain Management
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4. BAYESIAN MODELS
Bayesian methods have become indispensable tools for

analyzing longitudinal data in clinical trials, offering a prob-
abilistic framework that seamlessly integrates prior knowl-
edge with observed data. By explicitly modeling uncer-
tainty, Bayesian approaches provide a comprehensive un-
derstanding of treatment effects, making them particularly
well-suited for efficacy testing in complex and high-stakes
settings. Bayesian approaches serve both confirmatory and
decision-analytic objectives, integrating prior evidence with
observed data to produce interpretable posterior estimates
for efficacy or safety outcomes. These methods excel in han-
dling challenges such as small sample sizes, hierarchical data
structures, and irregularly sampled longitudinal data, all of
which are common in clinical trials. Despite their numerous
advantages, Bayesian methods face challenges, particularly
in terms of computational demands and the selection of ap-
propriate priors. However, advancements in scalable infer-
ence algorithms, such as variational inference and MCMC
methods, continue to mitigate these issues, broadening the
scope of Bayesian methods in clinical trials.

4.1 Bayesian Hierarchical Mixed Model
Bayesian Hierarchical Models (BHMs) are foundational

tools in the analysis of longitudinal clinical trial data. These
models account for multi-level data structures, such as re-
peated measurements nested within subjects, by introduc-
ing random effects at different levels of the hierarchy. The
Bayesian framework incorporates prior distributions over
model parameters, enabling the explicit representation of
uncertainty. A typical BHM for longitudinal data can be
expressed as yij = β0 + β1tij + bi + ϵij , where yij is the
observed outcome for subject i at time j, β0 and β1 are
fixed effects representing the population-level intercept and
slope, bi ∼ 𝒩 (0, σ2

b ) represents the random effect for sub-
ject i, ϵij ∼ 𝒩 (0, σ2) is the residual error, and tij rep-
resents time. In the Bayesian framework, prior distribu-
tions are specified for all parameters. For example, β0, β1 ∼
𝒩 (0, τ2), σ2

b , σ
2 ∼ Inverse-Gamma(a, b). The inclusion of

prior information allows the incorporation of external knowl-
edge or historical data, further enhancing model robustness.
Posterior distributions of the parameters are obtained using
MCMC methods or variational inference, enabling uncer-
tainty quantification for all components of the model. How-
ever, the reliance on MCMC methods often requires signifi-
cant computational resources. Furthermore, careful selection
of prior distributions is essential, as improper priors may in-
troduce bias into the model estimates. Interpretation of re-
sults, while probabilistically robust, can also be challenging
in highly hierarchical settings.

4.2 Bayesian Nonparametrics and Dynamic
Bayesian Networks

Bayesian nonparametric models extend Bayesian meth-
ods to settings where the complexity of the model is not

fixed a priori but can grow with the data. These mod-
els are particularly useful in clinical trials for longitudinal
data, where the underlying distributions or clusters may not
be well-defined. Bayesian nonparametrics rely on stochastic
processes, such as the Dirichlet process (DP) and Gaussian
processes (GP), to construct flexible models. A foundational
Bayesian nonparametric model is the Dirichlet Process Mix-
ture Model (DPMM), which allows clustering without pre-
specifying the number of clusters. The DPMM is repre-
sented as G ∼ DP(α,G0), where G is the random proba-
bility measure, α is the concentration parameter controlling
cluster formation, and G0 is the base distribution. Obser-
vations xi are modeled as xi ∼ F (θi), θi ∼ G, where F is
the likelihood function and θi are parameters drawn from
the Dirichlet process. For longitudinal data, extensions like
the Hierarchical Dirichlet Process (HDP) and Dependent
Dirichlet Process (DDP) have been developed to model re-
peated measures and temporal dependencies. For example,
the DDP allows the distribution Gt at time t to evolve over
time Gt ∼ DP(α,Gt−1), capturing temporal relationships
in longitudinal data. Bayesian Additive Regression Trees
(BART) is another popular nonparametric model that par-
titions the data space using an ensemble of regression trees.
BART offers a robust way to model complex, nonlinear re-
lationships in longitudinal data. On the downside, these ap-
proaches are computationally intensive, requiring advanced
sampling techniques. Furthermore, hyperparameters require
careful tuning to ensure meaningful results.

Bayesian Gaussian Processes (GPs) infer distributions
over functions, allowing them to adaptively capture the un-
derlying structure in longitudinal trajectories. GPs are par-
ticularly well-suited for irregularly sampled data, a com-
mon feature in clinical trials. A GP models a set of ob-
servations y = {y1, y2, . . . , yn} at corresponding times t =
{t1, t2, . . . , tn} as a realization from a multivariate normal
distribution y ∼ 𝒩 (m(t),K(t, t′)), where m(t) is the mean
function, often set to zero for simplicity, and K(t, t′) is
the covariance function (or kernel) that encodes the sim-
ilarity between observations at times t and t′. Common
choices for K(t, t′) include the squared exponential kernel
K(t, t′) = σ2 exp

(︁
− (t− t′)2/2ℓ2

)︁
, where σ2 is the vari-

ance and ℓ is the length scale, controlling the smoothness
of the function. The Bayesian nature of GPs allows for un-
certainty quantification in predictions. Given observed data
(t, y), the posterior predictive distribution for a new time t∗

is also Gaussian, that is, p(y∗|t∗, t, y) ∼ 𝒩 (μ(t∗), σ2(t∗)),
where μ(t∗) = K(t∗, t)K(t, t)−1y, σ2(t∗) = K(t∗, t∗) −
K(t∗, t)K(t, t)−1K(t, t∗). GPs handle irregularly sampled
data seamlessly and can accommodate heteroscedastic noise
by modifying the covariance structure. But, they face scal-
ability challenges as the computational cost grows cubically
with the number of data points due to the inversion of the
covariance matrix. Sparse approximations, such as inducing
points, have been developed to mitigate this issue but may
compromise model accuracy. Additionally, hyperparameter
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Table 7. Applications of Bayesian Nonparametric and Graphical Models in Clinical Trials.
Study Method Application Therapeutic Area
[8] GP Model tumor growth dynamics in oncology trials, showing their adaptability

to complex trajectories
Oncology

[151] BHM Phase I/II trials investigating the safety and efficacy of drug combinations,
focusing on dose finding and exploring therapeutic activity

Dose Finding

[63] DP Nested Dirichlet process model to account for physician-patient interactions
in cluster randomized trials, improving treatment effect assessment

Healthcare

[79] BHM Bayesian adaptive design for Phase I/II trials with delayed outcomes, jointly
modeling efficacy and toxicity for dose escalation in oncology

Oncology

[60] GP Handle multivariate longitudinal data, enabling simultaneous modeling of
multiple biomarkers in cardiovascular trials

Cardiovascular Research

[135] BHM Bayesian optimization for dose-finding to balance efficacy and toxicity in
biologic agent trials

Oncology

[113] DP Regression discontinuity designs to assess treatment effects in clinical trials
with thresholds

Clinical Trials Design

[102] GP Identify personalized optimal doses in Phase I/II clinical trials by modeling
toxicity and efficacy based on patient biomarkers

Dose Finding

[33] GP Optimize nanoparticle formulations for drug delivery, improving
encapsulation efficiency and therapeutic efficacy

Drug Delivery

tuning and kernel selection require careful consideration, as
these can significantly impact model performance.

4.3 Handling Missing Data
A major strength of the Bayesian framework is its coher-

ent treatment of missing data through probabilistic model-
ing. Missing values are treated as additional unknown pa-
rameters and are integrated over during posterior sampling,
eliminating the need for ad hoc imputation [118]. When
data are missing at random (MAR), data-augmentation or
Gibbs-sampling algorithms naturally propagate uncertainty
from incomplete observations into posterior estimates. For
missing not at random (MNAR) scenarios, the Bayesian ap-
proach allows explicit modeling of the missingness mecha-
nism using selection, pattern-mixture, or shared-parameter
formulations [69, 26]. Sensitivity analyses can be incorpo-
rated directly into the Bayesian hierarchy by specifying al-
ternative priors for missingness parameters, enabling robust
inference under unverifiable assumptions. This unified treat-
ment of uncertainty across both observed and unobserved
data makes Bayesian methods especially attractive for lon-
gitudinal and adaptive clinical trial analyses.

5. DEEP LEARNING BASED METHODS
Deep learning has revolutionized data analysis across var-

ious domains, including clinical trials, by providing pow-
erful tools to model complex and high-dimensional data.
Unlike traditional statistical methods, deep learning mod-
els do not rely on predefined assumptions about data dis-
tribution or structure. Instead, they leverage neural net-
works to learn intricate patterns and relationships directly
from the data, making them particularly suited for efficacy
testing in longitudinal clinical trials with complex, unstruc-

tured, or high-dimensional datasets. Machine learning and
deep learning approaches primarily target prediction and
adaptive decision-making, using flexible, data-driven algo-
rithms that capture nonlinearities and interactions with-
out explicit distributional assumptions. Despite their flex-
ibility and power, deep learning methods face challenges in
clinical trial settings. These include high computational de-
mands, a reliance on large datasets for training, and diffi-
culties in interpreting model outputs. To address these lim-
itations, recent advancements have focused on integrating
deep learning with Bayesian frameworks, enabling uncer-
tainty quantification and enhancing interpretability. Tech-
niques like Bayesian Neural Ordinary Differential Equations
(Neural ODEs) and Graph Neural Networks (GNNs) have
further pushed the boundaries of deep learning applications
in clinical research, enabling continuous-time modeling and
the analysis of networked clinical data.

5.1 Deep Mixed Effects Models (DMEMs)
Deep Mixed Effects Models (DMEMs) integrate the hier-

archical structure of traditional mixed-effects models with
the flexibility of neural networks, enabling the modeling
of complex, nonlinear relationships in longitudinal data.
Mixed-effects models decompose the observed outcome for
subject i at time j, yij , into fixed effects (population-level
trends), random effects (subject-specific deviations), and
residual errors. In DMEMs, this decomposition is enhanced
with a neural network f(xij ; θ), which captures nonlinear
relationships in high-dimensional covariates xij . The model
is expressed as yij = f(xij ; θ)+ bi+ ϵij , where bi ∼ 𝒩 (0, σ2

b )
represents the random effects specific to subject i, and ϵij ∼
𝒩 (0, σ2) denotes the residual errors. The neural network
parameters θ are trained alongside random effect variance
σ2
b and residual variance σ2. The neural network f(xij ; θ)
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can take various forms, such as feedforward networks for
static data, recurrent neural networks for sequential data,
or convolutional networks for spatially structured data. The
optimization of DMEMs often involves maximum likelihood
estimation (MLE) or Bayesian approaches. DMEMs are par-
ticularly powerful for longitudinal data as they allow the es-
timation of subject-specific trajectories and provide robust
predictions even in the presence of missing data or unbal-
anced study designs. However, DMEMs are computationally
demanding, requiring substantial resources to optimize both
the neural network and random effects parameters. The in-
terpretability of DMEMs can also be challenging due to the
black-box nature of neural networks, necessitating the use
of feature attribution methods, such as SHAP (SHapley Ad-
ditive exPlanations) or LIME (Local Interpretable Model-
agnostic Explanations).Moreover, overfitting is a concern,
particularly in smaller datasets, and regularization tech-
niques must be carefully implemented.

5.2 Recurrent Neural Networks and Temporal
Convolutional Networks

These belong to a class of neural networks designed to
handle sequential and time-series data. They are particu-
larly well-suited for longitudinal data in clinical trials be-
cause they allow for temporal dependencies between obser-
vations. Unlike traditional neural networks, recurrent neural
networks (RNNs) include recurrent connections that cre-
ate feedback loops, enabling the network to retain infor-
mation from previous time steps in a hidden state. This
structure makes RNNs powerful tools for modeling dynamic
systems where the sequence of observations is crucial. Unlike
RNNs, which process data sequentially, temporal convolu-
tional networks (TCNs) leverage convolutional layers to cap-
ture temporal dependencies, making them computationally
efficient and scalable for long sequences. TCNs are particu-
larly suited for irregular sampling and complex time depen-
dencies often occur.

The basic RNN model for a time-series sequence x =
{x1, x2, . . . , xT } computes the hidden state ht at time t as
ht = σ(Whht−1+Wxxt+ bh), where Wh and Wx are weight
matrices for the hidden state and input, respectively, bh is
the bias vector, σ is the activation function, typically a hy-
perbolic tangent (tanh) or rectified linear unit (ReLU). The
output yt at time t is then computed as yt = ϕ(Wyht + by),
where Wy is the output weight matrix, by is the output
bias, and ϕ is the output activation function. While RNNs
can theoretically model long-term dependencies, in prac-
tice, they suffer from the vanishing and exploding gradi-
ent problem during training. To address these limitations,
two specialized architectures have been developed: Long
Short-Term Memory (LSTM) networks and Gated Recur-
rent Units (GRUs). RNNs, especially LSTMs and GRUs,
are powerful for handling sequential data with temporal de-
pendencies. They excel in modeling complex longitudinal re-
lationships and can naturally accommodate varying lengths

of time series, making them suitable for clinical trials with
irregular follow-ups. However, RNNs are computationally
expensive, particularly for long sequences, due to the se-
quential nature of their computations. Training RNNs is
challenging due to issues like vanishing gradients in vanilla
RNNs and the need for extensive hyperparameter tuning.
LSTMs and GRUs mitigate some of these challenges but at
the cost of increased architectural complexity.

The fundamental architecture of TCNs includes the fol-
lowing features, namely, Causal Convolutions, which en-
sure that predictions at time t are only influenced by data
from t and earlier, Dilated Convolutions, which intro-
duce gaps between filter applications to expand the recep-
tive field without increasing computational cost, Residual
Connections which address vanishing gradient issues and
improve gradient flow, and Sequence Padding to maintain
the sequence length throughout the network, zero-padding
is applied to the input. The output of a TCN is generated
by applying successive convolutional layers, culminating in a
prediction layer. This architecture makes TCNs highly par-
allelizable, unlike RNNs, which require sequential process-
ing. Thus, TCNs do not suffer from the vanishing gradient
problem inherent in RNNs, ensuring stable training. How-
ever, their reliance on fixed kernel sizes and dilation rates
may require extensive hyperparameter tuning to achieve op-
timal performance. Additionally, both these approaches face
an interpretability issue due to their black-box nature.

5.3 Graph Neural Networks (GNNs)
Graph Neural Networks (GNNs) are deep learning models

designed to operate on graph-structured data, where nodes
represent entities, and edges encode relationships between
them. GNNs are increasingly applied to clinical trials, where
data often involves complex relationships between patients,
treatments, or time-series features. Unlike traditional deep
learning models, which assume data independence, GNNs
can learn from interdependent entities, making them well-
suited for modeling networks of patients, molecular path-
ways, or clinical sites. For longitudinal clinical trial data,
temporal extensions of GNNs, such as Temporal GNNs or
Dynamic GNNs, incorporate time as an additional dimen-
sion to model evolving patient relationships or feature dy-
namics. However, GNNs are computationally expensive, es-
pecially for large graphs with dense connections. Training
can be challenging due to issues like over-smoothing, where
embeddings of all nodes become indistinguishable after sev-
eral layers.

5.4 Federated and Reinforcement Learning
with Deep Models

Federated learning (FL) is a decentralized approach to
training deep learning models across multiple data sources
without the need to centralize data. This is particularly valu-
able in clinical trials, where privacy concerns, regulatory
constraints, and logistical challenges often prevent data from
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Table 8. Applications of Deep Learning Methods in Clinical Trials. RL, Reinforcement Learning; TCN, Temporal Convolution
Network; GNN, Graph Neural Network; RNN, Recurrent Neural Network; FL, Federated Learning; DMEM, Deep Mixed Effects

Model.
Study Method Application Therapeutic Area
[162, 163] RL Cancer clinical trial design Oncology
[78] RL Sepsis management, recommending dynamic treatment adjustments

based on evolving patient conditions
Critical Care

[59] RNN Use of multitask learning for mortality and length-of-stay prediction
in critical care settings

Critical Care

[23] TCN Seizure detection using temporal graph CNNs Neurology
[77] TCN Sepsis prediction using TCNs Critical Care
[125] FL Develop machine learning models for brain tumor segmentation with

multi-center imaging data, preserving patient privacy
Oncology

[29] FL Predicting COVID-19 outcomes using federated models Infectious Diseases
[95] RL Potential applications of RL in ophthalmology Ophthalmology
[18] RNN Estimation of Jadad’s score for clinical trial robustness Clinical Trial Methodology
[66] DMEM Mixture model for healthcare time-series data with Gaussian processes Healthcare Analytics
[164] RNN Chronic kidney disease progression prediction using EHRs Nephrology
[139] RL Online RL in oral health clinical trials Oral Health
[157] DMEM Real-time monitoring in additive manufacturing with mixed-effects

models
Manufacturing Processes

[101] DMEM Personalized prediction of Parkinson’s progression using Gaussian
processes

Neurology

being pooled across institutions or sites. In federated learn-
ing, models are trained locally on each participating site and
periodically aggregated to form a global model. Extensions
like personalized federated learning allow customization of
global models to individual institutions, addressing hetero-
geneity across sites, without exposing sensitive patient data,
ensuring compliance with privacy regulations like HIPAA
and GDPR. However, communication overhead between in-
stitutions can be substantial, especially with frequent model
updates. Data heterogeneity across sites can lead to subopti-
mal convergence or biased global models. Security concerns,
such as model inversion attacks, must also be addressed to
ensure participant confidentiality.

Reinforcement Learning (RL) is a framework for sequen-
tial decision-making, where an agent learns to maximize cu-
mulative rewards through interactions with an environment.
In the context of clinical trials, RL has been employed to op-
timize treatment strategies by modeling patient responses to
interventions as a dynamic process. RL is particularly suited
for longitudinal data analysis, where the effects of treat-
ments unfold over time. RL offers the ability to personalize
treatment strategies dynamically, adjusting decisions based
on patient responses over time. However, RL requires sub-
stantial amounts of data to train effectively, which can be a
challenge in clinical settings with limited patient samples.

5.5 Handling Missing Data
Missing data are pervasive in clinical trial settings, par-

ticularly in multimodal and longitudinal studies that inte-
grate imaging, omics, and clinical outcomes. Deep learning
models, while highly flexible, generally require complete in-

put tensors, making missingness a key challenge for model
reliability and inference. Traditional solutions rely on mul-
tiple imputation or inverse probability weighting (IPW) be-
fore model fitting, but recent approaches embed missingness
handling directly within the network architecture. Genera-
tive models such as Variational Autoencoders (VAEs) and
Generative Adversarial Imputation Networks (GAIN) re-
construct missing values by learning joint latent represen-
tations of observed and unobserved features, thus preserv-
ing biological structure and temporal coherence [160, 16].
For time-dependent data, Recurrent Neural Networks and
Temporal Convolutional Networks have been extended to in-
corporate missing-indicator embeddings or time-gap encod-
ings, enabling dynamic imputation during sequence learn-
ing [20, 17]. Despite these advances, most deep models as-
sume data are missing at random (MAR); explicitly model-
ing missing not at random (MNAR) mechanisms remains an
open challenge. Integrating deep generative frameworks with
Bayesian or causal formulations provides a promising direc-
tion for handling informative dropout and achieving princi-
pled uncertainty quantification in high-dimensional clinical
trial data.

6. CONCLUSION AND FUTURE
DIRECTIONS

A conceptual integration framework summarizing the
links between study design, endpoint type, and analytic
approach is presented in Figure 1 to provide readers with
a practical overview of the decision pathways discussed
throughout this review. This schematic highlights how the
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Figure 1: Schematic decision framework linking study design, outcome type, and analytic approach. The diagram guides
readers from data structure (cross-sectional or longitudinal) through outcome characteristics (continuous, categorical,
survival) to suitable parametric and nonparametric tests for two-arm, multi-arm, or paired comparisons.

choice of statistical test naturally follows from the struc-
ture of the data and the nature of the outcome, serving as a
bridge between traditional inferential methods and emerging
data complexities. Building on this framework, several chal-
lenges and opportunities remain that warrant further explo-
ration. The growing complexity of clinical data, driven by
the integration of multi-modal biomarkers, electronic health
records, and real-world evidence, demands novel statisti-
cal and computational approaches that can handle high-
dimensional, heterogeneous, and often incomplete datasets.

One key area of future work is the development of
hybrid models that combine the strengths of parametric

and nonparametric methods. While parametric methods of-
fer efficiency and interpretability under ideal assumptions,
nonparametric approaches provide robustness to deviations
from these assumptions. Hybrid frameworks could leverage
both perspectives, providing flexible yet interpretable solu-
tions for efficacy testing. For example, the integration of
rank-based methods with mixed-effects modeling could of-
fer a promising avenue for analyzing complex longitudinal
data.

Another promising direction is the advancement of
Bayesian methodologies for efficacy testing. Although
Bayesian methods have gained traction for their ability to in-



18 D. Ghosh and S. Pal

corporate prior information and quantify uncertainty, their
application to high-dimensional and dynamic datasets is
still evolving. The development of computationally efficient
Bayesian frameworks, such as scalable MCMC algorithms or
variational inference techniques, could enable their broader
adoption in large-scale clinical trials.

In the realm of machine learning, deep learning mod-
els and reinforcement learning strategies have demonstrated
potential in optimizing trial designs, predicting outcomes,
and personalizing treatments. However, their utility in ef-
ficacy testing remains underexplored. Challenges such as
lack of interpretability, risk of overfitting, and the need for
large labeled datasets present significant barriers to their
widespread application. Future research should focus on de-
veloping interpretable and domain-specific machine learning
models tailored to clinical trial data, particularly those in-
volving time-dependent outcomes. Moreover, the field lacks
a consensus on the best practices for handling missing data
in efficacy testing. While methods such as multiple imputa-
tion and mixed-effects modeling are widely used, their as-
sumptions and limitations can vary significantly across tri-
als. Further work is needed to develop robust, assumption-
free approaches for handling missingness, particularly in lon-
gitudinal and adaptive trial designs.

Ensuring fairness in clinical efficacy testing has become
increasingly critical as modern trials incorporate diverse
patient populations and complex data sources. Statistical
and algorithmic frameworks must therefore guard against
biases that can arise from unequal subgroup representa-
tion, differential data quality, or model overfitting to major-
ity cohorts. Recent strategies include stratified design and
randomization, covariate adjustment for underrepresented
groups, and reweighting or balancing techniques that equal-
ize subgroup influence during estimation and prediction. In
data-driven frameworks such as machine learning and deep
learning, fairness-aware loss functions, adversarial debias-
ing, and post-hoc calibration methods have shown promise
for improving equitable model performance across demo-
graphic groups. Integrating these fairness principles into
efficacy analyses enhances the generalizability and ethical
robustness of statistical inference, ensuring that emerging
clinical evidence benefits all populations equitably.

Looking forward, several emerging research priorities are
poised to shape the next generation of clinical efficacy
methodology. One key direction involves developing robust
and computationally efficient models for high-dimensional
longitudinal data that integrate multimodal inputs such as
imaging, genomics, and digital health records while preserv-
ing statistical validity [32, 145]. Another important chal-
lenge is balancing predictive accuracy with causal inter-
pretability, as machine learning and deep learning frame-
works become central to trial analytics [35, 12]. Integra-
tive approaches that couple traditional inferential rigor with
scalable representation learning, such as hybrid Bayesian–
machine learning models, offer promising pathways toward

interpretable yet flexible inference. The rapid rise of vir-
tual and decentralized clinical trials (VCTs), enabled by
telehealth, wearables, and remote monitoring, introduces
new opportunities and challenges related to irregular data
streams, device-based measurement error, and adherence
variability [1, 143, 24, 34, 71]. Finally, ensuring fairness,
transparency, and transportability in these data-rich set-
tings is essential for generating equitable and generaliz-
able evidence [133, 21]. Together, these directions under-
score a shift toward methodological frameworks that are
statistically rigorous, computationally adaptive, and ethi-
cally grounded, advancing the science of clinical evaluation
in an era of data-driven and personalized medicine.

In summary, while the field has seen substantial progress,
opportunities remain to address gaps in integrating ad-
vanced computational techniques, improving scalability and
interpretability, and ensuring equitable and inclusive effi-
cacy testing. Bridging these gaps will not only enhance the
reliability of clinical trial outcomes but also pave the way
for more personalized and effective healthcare solutions. By
addressing these challenges, future research can ensure that
statistical methodologies continue to evolve in step with the
increasing complexity and scope of modern clinical trials.
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