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Abstract 
Vaccines are crucial for protecting health globally; however, their widespread use relies on rigorous clinical development programmes. This 
includes Phase 3 randomized controlled trials (RCTs) to confirm their safety, immunogenicity, and efficacy. Traditionally, such trials used fixed 
designs with predetermined assumptions, lacking the flexibility to change during the trial or stop early due to overwhelming evidence of either 
efficacy or futility. Modern vaccine trials benefit from innovative approaches like adaptive designs, allowing for planned trial adaptations based on 
accumulating data. Here, we provide an overview of the evolution of Phase 3 vaccine trial design and statistical analysis methods from traditional 
to more innovative contemporary methods. This includes adaptive trial designs, which offer ethical advantages and enable early termination if 
indicated; Bayesian methods, which combine prior knowledge and observed trial data to increase efficiency and enhance result interpretation; 
modern statistical analysis methods, which enable more accurate and precise inferences; the estimand framework, which ensures the primary 
question of interest is addressed in a trial; novel approaches using machine learning methods to assess heterogeneity of treatment effects; and 
statistical advances in safety analysis to evaluate reactogenicity and clinical adverse events. We conclude with insights into the future direction 
of vaccine trials, aiming to inform clinicians and researchers about conventional and novel RCT design and analysis approaches to facilitate the 
conduct of efficient, timely trials.
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Introduction
Vaccines have a long history of protecting human health [1, 
2] and continue to be indispensable for effectively control-
ling and containing infectious diseases. Structured vaccine 
programmes and systematic vaccination campaigns are now 
crucial to global health efforts [3]. However, these are only 
possible following well-conducted development programmes, 
including clinical trials to support the approval of new or 
modified vaccines.

The safety, immunogenicity and efficacy of vaccines are 
usually determined in prospective, double-blind, random-
ized controlled trials (RCTs) [4]. Confirmatory Phase 3 RCTs, 
which focus on these aspects in large populations, are the 
final stage before regulatory approval for most vaccines.

Vaccine trials involve unique design challenges compared 
to other therapies. Vaccines are typically administered in 1–3 
doses over a short period of time to healthy individuals who 
may never contract the disease they are designed to prevent. 
This necessitates a high standard for safety and the benefit-risk 
assessment [5, 6]. Moreover, vaccine trials typically require 
large sample sizes to ensure a sufficient number of individuals 

contract the disease, enabling the detection of the true effect 
of the vaccine. Recruiting participants over a short period, 
especially for emerging infectious diseases, poses challenges 
in identifying high-risk populations to achieve the necessary 
number of cases within a specific timeframe. Additionally, 
heterogeneity in the study population can impact vaccine effi-
cacy and is crucial to understand [7].

Conventionally, Phase 3 RCTs adopt a parallel, two-group, 
fixed-allocation-ratio design, analysed with frequentist stat-
istical methods at a single prespecified endpoint. However, 
clinical trials require a multidisciplinary team effort, with 
statisticians and trial methodologists playing increasingly 
crucial roles in designing more efficient Phase 3 trials to an-
swer questions faster. Global pandemics like COVID-19 have 
highlighted the need for use of more efficient trial designs and 
analyses. For example, five large Phase 3 RCTs of COVID-19 
vaccines incorporated adaptive trial methods, which enabled 
the trials to stop early when vaccine efficacy was declared [8].

This article provides an overview of innovative clinical trial 
designs and analysis methods that are applicable to vaccine 
trials. It begins with an exploration of the history of vac-
cine trials, reviews both traditional and contemporary trial 
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designs, discusses the use of estimands and new analytical ap-
proaches, and concludes with insights on the future direction 
of vaccine trials.

In the following sections, we will use common statistical 
terms in the design and analysis of clinical trials. Table 1 pro-
vides a glossary of these terms [9, 10].

History of vaccine trials
Although the practice of vaccination began with Edward 
Jenner’s 1796 experiment involving exposure to milkmaids’ 
cowpox lesions to confer immunity against smallpox, it was 
not until the 20th century that randomized controlled trials 
(RCTs) became the gold standard in clinical research [11].

The first controlled clinical trial of the modern era is often 
attributed to James Lind’s scurvy experiments in 1747, which 
involved dividing 12 sailors into six pairs and giving each pair 
a different dietary supplement [3]. The UK Medical Research 
Council (MRC) conducted the first double-blind controlled 
trial, though non-randomized, for patulin in treating the 
common cold in 1943–44. The first RCT was conducted by 
the MRC in 1946, testing streptomycin for pulmonary tuber-
culosis [12].

A significant advancement in vaccine trial design came in 
the 1950s with the polio vaccine trials. These landmark trials 
involved over a million children and utilized both randomized 

placebo-controlled trials and ‘observed control’ designs, set-
ting a precedent for large-scale Phase 3 trials [13].

More recent public health emergencies, including the Ebola 
outbreak, provided a challenging environment requiring the 
incorporation of more flexible designs in the evaluation of 
vaccines. A notable example is the use of a ring vaccination 
design [14] to assess the rVSV-ZEBOV vaccine [15]. A ring 
vaccination design involves identifying contacts and contacts 
of contacts of a newly identified case to form a ring, and these 
rings are randomized as part of a cluster-randomized trial or 
with individual randomization within rings. Key advantages 
of the design include its flexibility in taking vaccinations to 
where transmission is occurring and following the epidemic 
as it progresses, as well as its ability to target high-risk parti-
cipants to increase power [16]. Figure 1 illustrates how ring 
vaccination trial work in practice.

The stepped wedge cluster trial is another design used to 
test the recombinant vesicular stomatitis virus Ebola vaccine 
(rVSV ∆ G-ZEBOV-GP) in Sierra Leone [17]. In the STRIVE 
trial, the population consisted of geographically distinct clus-
ters, such as clinics or hospitals, that were randomly and se-
quentially assigned to vaccination over several time periods. 
By the end of the study, all participants had received the inter-
vention. This design is particularly desirable when vaccin-
ation cannot be introduced to all clusters simultaneously due 
to logistical or financial constraints. It also offers the ethical 

Table 1: glossary of common statistical terms

Hypothesis In statistics, a hypothesis is a statement about the study population, typically proposing that a population parameter 
(e.g. treatment effect) takes a specific numerical value or falls within a certain range.

Null hypothesis The null hypothesis is a statement that the parameter of interest (e.g. treatment effect) takes a particular value. In 
clinical trials, this usually means that the treatment effect on the outcome compared to the control is zero. It is the 
hypothesis we aim to test and potentially reject.

Alternative hypothesis The alternative hypothesis states that the parameter of interest falls in some alternative range of values. In clinical 
trials, this usually represents the possibility that the treatment has an impact on the outcome. It is what the trial 
aims to demonstrate, i.e. that the new intervention is superior (or different) compared to the control.

Types I II errors rates Two potential errors are commonly recognized when testing a hypothesis, called Types I and II errors. Type I occurs 
when we wrongly reject the null hypothesis when it is actually true, concluding that the treatment has an effect 
when it does not (i.e. a false-positive result). The probability of making a Type I error is called alpha (α). Type II 
error happens when we fail to reject the null hypothesis when the alternative hypothesis is true, meaning we miss 
detecting a true treatment effect (i.e. a false-negative result). The probability of making this error is called beta (β).

Power The power is the probability of correctly rejecting the null hypothesis when it is false, i.e. detecting a true treatment 
effect. Power is calculated as (1 − β) and is typically set at 80% or 90%, indicating the trial has a high 80% or 
90% chance of detecting a real effect if it exists.

P-value P-value is the probability that the test statistic equals the observed value or a value even more extreme assuming 
that the null hypothesis is true. A smaller P-value suggests stronger evidence against the null hypothesis.

Significance level The significance level is the threshold for rejecting the null hypothesis. If P-value is less than or equal to this signifi-
cance level, we reject the null hypothesis, indicating evidence of a treatment effect. In practice, the most common 
significance level used is 0.05.

Confidence intervals A confidence interval describes the uncertainty around the estimated treatment effect based on the trial’s sample. A 
95% confidence interval means that if we were to repeat the trial 100 times, about 95 of those intervals would 
contain the true population treatment effect. Confidence intervals offer insight into the precision of the effect esti-
mate and are typically reported alongside P-values in trial results.

Nuisance parameters Nuisance parameters in statistics refer to parameters that are not of direct interest but must be accounted for in 
hypothesis testing and models. A classic example of nuisance parameters is when estimating the mean of a normal 
distribution, where the variance is known as a nuisance parameter if only the mean is of interest.

Interim analysis Refers to any examination of data obtained from subjects while a trial is ongoing. This analysis is not limited to 
formal between-group comparisons.
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advantage of not withholding vaccines from unvaccinated 
clusters while they serve as control groups [18, 19].

The 2019–2021 coronavirus disease (COVID-19) pan-
demic posed a tremendous challenge to global health systems 
and triggered the unprecedented rapid development of several 
vaccines. In response to the urgent need for population im-
munization, it became crucial to conduct efficient, swift, and 
well-designed trials to test these vaccines, some of which we 
explore further below [3].

Phases of clinical trials and traditional trial 
designs
Vaccine development begins with discovery and laboratory re-
search. Researchers typically conduct pre-clinical assessments 
in animals to evaluate immune response potential. Candidate 
vaccines then progress through multiple clinical trial phases 
involving humans [20]. Typically, human assessments begin 
with Phase 1 trials, which evaluate various doses, focussing 
on safety and reactogenicity and providing preliminary im-
munogenicity assessments. These trials are usually open-label 
and non-randomized, with descriptive analysis involving a 
small number of participants (e.g. < 20).

Phase 2 trials are then conducted with a larger and more 
specific population to further assess safety and immunogen-
icity and to identify the optimal dose and schedule. Phase 2 
trials typically involve parallel group comparisons with pla-
cebo or active control groups and use inferential statistics to 
evaluate outcomes [21, 22].

Phase 3 trials are larger randomized controlled trials de-
signed to measure the preventive efficacy of the vaccine against 
the disease of interest and provide the pivotal data needed for 
marketing approval alongside more extensive safety and im-
munogenicity data. Vaccine efficacy (VE) is defined as “the 

percentage reduction in the incidence of disease or infection 
among those vaccinated compared to unvaccinated indi-
viduals” [23]. Demonstrating VE through a Phase 3 trial is 
crucial for obtaining licensure and informing policy-makers 
about potential vaccine uses [22, 24].

After successful completion of Phase 3 trials and following 
licensure of the product, Phase 4 studies, also referred to as 
postmarketing surveillance studies (PMS) are used to con-
tinue to monitor the vaccine for safety and effectiveness in the 
population. The main reason for undertaking Phase 4 studies 
is to monitor vaccine effectiveness and document the less fre-
quent adverse reactions [22, 25].

Traditionally, Phase 3 vaccine trials have employed a fixed 
design with predetermined assumptions established during 
the planning phase, allowing no flexibility for modifications 
during the trial. However, these design assumptions can often 
be uncertain or incorrect, potentially leading to a trial de-
sign that fails to adequately address the research questions 
[26]. Additionally, a fixed design can impede rapid clinical 
decision-making, which is crucial during emergencies such as 
the Ebola or COVID-19 outbreaks [27, 28].

Innovative and adaptive designs
In recent years, researchers have developed more efficient 
adaptive vaccine trials to reduce development timelines, use 
fewer resources, and provide more accurate estimates of 
endpoints. These RCTs aim to deliver effective vaccines to the 
public faster and at a lower cost [29, 30].

An adaptive design is defined as “a clinical trial design 
that allows for prospectively planned modification to one or 
more aspects of the design based on accumulating data from 
subjects in the trial” [31]. Modifications can include drop-
ping ineffective treatment arms, modifying the population, 

Figure 1: ring vaccination cluster randomized trial. Each ring, shown by circles, is formed around an index case (the infected individual) and is treated as 
a cluster in the trial, with each cluster randomly assigned to either the vaccine or control group



4 Janani et al.

or reducing sample size. Adaptive designs offer ethical ad-
vantages over fixed designs, such as terminating trials early 
if there is overwhelming evidence of efficacy or if showing 
efficacy is unlikely, minimizing risk to participants [32, 33].

Adaptive designs can be applied across all phases of clinical 
research, from early-phase dose escalation to late-phase con-
firmatory trials. Common early-phase adaptive approaches 
include the Continual Reassessment Method (CRM) [34] and 
Seamless Phase 1/2 designs [35]. This article focuses on late-
phase adaptive designs, emphasizing that their application to 
individual vaccine trials necessitates context-specific consid-
erations and may require additional methodological develop-
ment.

Using the FDA’s categorization [31], we now introduce dif-
ferent types of adaptive designs.

Types of adaptive designs

1.	 Group sequential designs

Group sequential designs are two-arm RCTs which incorp-
orate prospectively planned interim analyses using statistical 
hypothesis tests at predefined intervals with predetermined 
criteria for stopping the trial early. Such designs may include 
rules for stopping a trial when there is sufficient evidence of 
efficacy to support regulatory decisions or when evidence sug-
gests the trial is unlikely to demonstrate efficacy, a scenario 
referred to as stopping for futility. Group sequential designs 
can reduce the expected sample size and have the potential to 
shorten the overall trial duration and accelerate the approval 
of new therapies [31, 32].

Figure 2 illustrates the traditional fixed design compared to 
the group sequential design, which includes two prespecified 

interim analyses and one final analysis, comprising a total of 
three stages.

Under the frequentist framework, repeatedly statistically 
testing the null hypothesis (H0, of no treatment effect) at a 
traditional significance level α throughout the trial (typic-
ally 0.05) can inflate the overall chance of declaring a treat-
ment as effective when it is not (Type I error rate inflation) 
beyond α. To address this, in group sequential designs, the 
statistical significance threshold (α) is adjusted at each in-
terim test, which in practise means the statistical significance 
threshold (α) is adjusted downward at each interim analysis 
compared to what would be used in a trial without repeated 
testing. There are various methods for doing so; for instance, 
the O’Brien-Fleming approach [36] requires very compelling 
early results to justify stopping the trial for efficacy (i.e. a very 
small significance threshold α used in early interim analysis 
and as the trial progresses, the significance threshold α be-
comes less conservative, so it’s easier to reach significance 
later). Alternatively, methods like the Pocock approach [37] 
use the same adjusted significance level at each interim ana-
lysis, and require less persuasive early results, thus have a 
higher chance of early stopping. For example, with two in-
terim analyses and a final analysis (three stages), if we ob-
tain a P-value of 0.018 at the second interim analysis, under 
the O’Brien-Fleming approach we would continue the trial 
because 0.018 > 0.0151 (the O’Brien-Fleming significance 
level at that point). However, using the Pocock approach, 
we would stop the trial for efficacy since 0.018 < 0.021 (the 
Pocock significance level), indicating statistical significance.

The Phase 3 trial of a recombinant glycoprotein 120 vac-
cine to prevent HIV-1 infection conducted by the rgp120 
HIV Vaccine Study Group [38] was designed using a group 
sequential approach with one prespecified interim efficacy 
analysis scheduled 40 months after the initiation of the trial. 

Figure 2: comparison of traditional fixed design and group sequential design with three stages. Group sequential design can include various numbers of 
stages; the figure illustrates an example with three stages. The filled and outlined represent participants assigned to the two arms of the study
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Five large Phase 3 RCTs of COVID-19 vaccines also used se-
quential trial methods which enabled the trials to stop early 
when vaccine efficacy was declared, speeding up the delivery 
of efficacious COVID-19 vaccines globally [8].

In general, for vaccine studies with rapid recruitment 
periods, group sequential designs may not significantly impact 
the sample size. However, as demonstrated by the examples 
above, there are circumstances where a group sequential de-
sign is appropriate and can save time and costs in identifying 
efficacious vaccines.

2.	 Multi-arm multi-stage design

A multi-arm, multi-stage (MAMS) design extends the group 
sequential design to allow multiple treatment arms to be com-
pared to a shared comparator, such as a control group (or pla-
cebo) [39]. Treatment arms that show adequate performance 
at planned interim analyses based on accumulated data are 
retained for further testing, whilst those that do not can be 
dropped early. The criteria for continuing or dropping treat-
ments at interim analyses is prespecified and requires careful 
statistical consideration [40–42]. Typically, a relaxed α is used 
at the interim stage with high power to protect against in-
correctly discarding an effective treatment arm early. MAMS 
trials have been used in the context of early phase HIV vac-
cine trials [43] but they also offer substantial efficiency gains 
over conducting a series of single-stage, two-arm Phase 3 
trials. Such gains have been realized in multiple non-vaccine 
Phase 3 settings [44]. When there are multiple potential inter-
ventions available for testing, they can be advantageous to 
address multiple research questions simultaneously. Figure 3 
illustrates MAMS design with 4 arms and 3 stages (two in-
terim analyses and one final analysis).

3.	 Sample size re-estimation

Calculating sample size is a crucial step in trial design to en-
sure a trial includes an adequate number of participants to 

detect effect sizes of interest. But this relies on assumptions 
about the anticipated treatment effect(s) and variability of the 
outcome measurement. These assumptions are typically based 
on data from previous studies, but data from the current trial 
may also be used to revisit initial assumptions during the trial 
to provide the trial with a better chance of demonstrating the 
effects of interest [45].

Sample size re-estimation (SSR) is an adaptive approach 
allowing for changes in the trial’s required sample size or re-
quired number of events (for time-to-event outcomes) after 
an interim analysis. Pre-specification of the sample size de-
sign parameters that will be re-estimated during the trial, for 
example the anticipated treatment effect(s) and/or nuisance 
parameters such as the outcome variability (i.e. standard de-
viation) is required.

Blinded SSR refers to estimating nuisance parameters 
through non-comparative analysis, whether with pooled out-
come data without knowledge of treatment assignment (like 
the variance of continuous outcomes in pooled data) or with 
knowledge of treatment assignment (like the probability of 
a binary outcome on the control arm) [31]. This approach 
eliminates the need to adjust the sample size based on the es-
timated treatment effect.

Blinded SSR has minimal to no impact on the Type I error 
probability. However, unlike adaptations that rely on pooled 
data (without knowledge of treatment assignment), if SSR 
uses treatment assignment information, additional steps are 
needed to maintain trial integrity.

For instance, a two-arm, participant-blinded RCT on ra-
bies vaccine effects used blinded SSR, with sample size 
re-estimation planned based on three nuisance parameters 
[46].

In cases of considerable uncertainty about treatment effect 
size, unblinded SSR can be planned based on comparative 
interim analysis results and estimated treatment effect using 
various methods [47–50].

In vaccine trials, where assumptions about efficacy and in-
cidence rates are often uncertain, adapting the sample size 

Figure 3: multi-arm multi-stage (MAMS) design with 4 arms and 3 stages (two interim analyses and one final analysis)
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based on accumulating data may enhance the likelihood of 
demonstrating the effects of interest.

4.	 Adaptive population enrichment

With the rapid advancement of genomic technology and pre-
cision medicine, interest has grown in enhancing treatment 
effectiveness for specific trial subpopulations. Early-phase 
trials may indicate heterogeneity in treatment response. In 
such cases, adaptive population enrichment (APE) designs, 
which facilitate the selection or enrichment of populations, 
may be advantageous. Subpopulations can be defined by 
demographic characteristics, or genetic or pathophysiological 
markers related to the drug’s mechanism of action [31].

A trial with an APE design, tests the treatment effect in the 
broad target population and specific subpopulations with ad-
equate statistical power. Initially, participants from a broad 
population are enrolled and randomized until an interim ana-
lysis is conducted. Based on prespecified criteria, the interim 
analysis determines whether to continue enrolling the general 
population or restrict enrolment to a subpopulation showing 
treatment benefits. Targeted subpopulations must be defined 
in advance. Statistical hypothesis testing must account for the 
multiplicity of testing hypotheses across multiple populations 
and time points.

Figure 4 illustrates APE design with two potential 
subpopulations.

Su et al. [51] illustrate an adaptive population-enrichment 
design strategy for an event-driven vaccine efficacy trial. This 
design provided adequate power to test a vaccine across two 
subpopulations, where concerns of heterogeneity in response 
had been identified in initial Phase 1/2 trial results.

The TAPPAS trial, a randomized, multinational, open-label, 
Phase 3 study, compared TRC105 and pazopanib versus 

pazopanib alone in patients with advanced angiosarcoma, 
using an adaptive design with sample size re-estimation and 
population enrichment [52, 53]. The primary objective was 
to demonstrate superior progression-free survival (PFS) in 
the combination arm (TRC105 + pazopanib) compared to 
pazopanib alone. Due to early indications of higher tumour 
sensitivity to TRC105 in the cutaneous subgroup, patients 
were stratified by angiosarcoma subtype (cutaneous vs. non-
cutaneous), with the option to restrict future enrolment to the 
cutaneous group.

5.	 Adaptations to patient allocation

There are two common types of adaptive randomization 
designs: covariate-adaptive randomization and response-
adaptive randomization (RAR).

Covariate-adaptive randomization assigns patients to treat-
ment groups based on baseline characteristics to ensure the 
balance between treatment groups and minimizing differ-
ences in prognostic covariates. Minimization is a well-known 
method for evenly distributing baseline characteristics [54]. 
The PATRICIA trial (PApilloma TRIal against Cancer In 
young Adults) used minimization to balance age ranges and 
study sites between treatment groups [55].

Response-adaptive randomization (RAR), on the other 
hand, is quite different and begins with equal randomiza-
tion and adjusts the probability of assigning new partici-
pants to treatment arms based on accumulating outcomes. 
This method dynamically favours more effective treatments 
as data accumulate, increasing participants’ chances of re-
ceiving promising interventions. Robertson et al. [56] re-
view the fundamental concepts and practical considerations 
for implementing RAR designs, including examples in non-
vaccine settings.

Figure 4: adaptive population enrichment design with 2 arms and 2 potential subpopulations. Filled indicates one subpopulation (e.g. the biomarker-
positive subgroup), while outlined represents the second subpopulation (biomarker-negative subgroup)
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6.	 Seamless Phase 2/3 adaptive design

A seamless Phase 2/3 design integrates the exploratory (Phase 
2) and confirmatory (Phase 3) phases into a single trial. This 
reduces resource usage and timelines by eliminating the gap 
between phases and allows Phase 2 data to be included in the 
final analysis.

There are two key types of seamless designs: First, an oper-
ationally seamless Phase 2/3 design combines a Phase 2 dose-
selection study and a Phase 3 confirmatory study within a 
single protocol, removing the pause between phases. Second, 
an inferentially seamless Phase 2/3 design goes a step further 
by incorporating Phase 2 data into the pivotal hypothesis 
testing and estimation, thereby reducing the sample size re-
quired for the Phase 3 portion [57].

Seamless Phase 2/3 designs are more commonly used in 
oncology but are gaining traction in vaccine development. 
Chen et al. [58] used a seamless Phase 2/3 design to develop a 
nine-valent HPV (9vHPV) vaccine, saving time and resources 
[59]. Yang et al. [60] discussed the application of seamless 
Phase 2/3 designs to expedite multi-valent vaccine develop-
ment. The safety and immunogenicity of ChAdOx1 nCoV-19 
vaccine was assessed in a single-blind, randomized Phase 2/3 
trial [61].

7.	 Master protocols

Master protocols can be used where multiple treatments, 
subgroups of patients, or disease variants are tested simul-
taneously. The FDA provides guidance on Master Protocols 
[62], defining them as “a protocol designed with multiple 
sub-studies, which may have different objectives and involve 
coordinated efforts to evaluate one or more medical prod-
ucts in one or more diseases or conditions within the overall 
study structure”. Each sub-study includes the information 
and design features related to evaluation of a single product 
in a single disease, condition or disease subtype in the master 
protocol. Under this broad definition, master protocols en-
compass three main types of trials: umbrella, basket, and plat-
form trials, each defined as follows by FDA Guidance [62]:

“Umbrella trial: This type of trial is designed to evaluate 
multiple medical products concurrently for a single disease 
or condition.

Platform trial: An ongoing trial structure used to evaluate 
multiple medical products for a disease or condition, with 
products being added or removed from the platform over 
time.

Basket trial: A trial designed to evaluate a single medical 
product for multiple diseases, conditions, or disease sub-
types.”

Woodcock et al. [63] provide more detailed information on 
these trial types.

Platform trials have recently gained popularity, especially 
during the COVID-19 pandemic. The simultaneous assess-
ment of multiple interventions and typical re-use of a single 
control arm for comparisons along with ability to add in fur-
ther interventions after the trial has initiated means platform 
trials can be more efficient than sequential two-armed com-
parisons and simpler adaptive trials. Examples include the 
REMAP-CAP and RECOVERY trials, which tested multiple 
treatments for COVID-19, adding in new interventions over 
time [64, 65]. One notable platform vaccine trial is the WHO 

Solidarity Trial Vaccines (STV) study [66], an international 
initiative to evaluate the efficacy and safety of promising new 
COVID-19 vaccines.

Master protocols offer significant advantages through 
evaluating multiple research questions under one overarching 
protocol, but they come with increased costs in terms of 
time, resources, and planning. They require extensive infra-
structure, greater coordination, and involvement of multiple 
stakeholders to agree on design, operations, and govern-
ance, unlike stand-alone trials. Despite the added complexity, 
master protocols can improve data quality, enhance trial effi-
ciency, and, when designed effectively, can remain in use for 
years, accelerating the translation of laboratory innovations 
into clinical evaluation [63].

8.	 Adapting multiple design features

It is possible to integrate two or more adaptive design features. 
For instance, a group-sequential design may include a sample 
size re-estimation and/or adaptive randomization. Platform 
trials inherently involve multiple adaptive design elements. In 
practice, statistical inference for such multifaceted adaptive 
designs is often more challenging. The SHINE trial, assessing 
intensive versus standard hyperglycaemia treatment in acute 
ischemic stroke, features a group-sequential design, sample 
size re-estimation, and response-adaptive randomization [67].

Resources, including software, to support the implemen-
tation of different types of adaptive designs are available 
from the PANDA (Practical Adaptive and Novel Designs and 
Analysis toolkit) website [68].

9.	 Potential challenges

While adaptive designs offer potential significant benefits, 
such as shortening trial durations or ethical advantages of 
providing more patients with the better performing treat-
ment or enabling more robust conclusions, they are generally 
more complex to design and conduct than traditional designs. 
Major regulatory agencies in Europe and the US have recently 
issued detailed guidelines on adaptive designs [31, 69] and are 
generally supportive of their use, particularly when the design 
is well-justified and concerns about controlling Type I error 
rates and bias are addressed [70, 71]. However, key consider-
ations in planning adaptive designs include effective commu-
nication with stakeholders, securing funding, interpreting and 
reporting results, and addressing complex statistical issues—
these are thoroughly discussed by Pallmann et al. [32].

Bayesian approach in designing and analysing 
clinical trials
Traditionally, trials are designed and analysed using 
frequentist statistical methods, which begin with a hypoth-
esis that is tested against a null hypothesis, leading to a 
P-value. The P-value indicates the probability of obtaining 
data at least as extreme as what was observed, assuming the 
null hypothesis is true. Established practice dichotomizes the 
P-value, leading to a binary decision: to reject or not reject the 
null hypothesis, resulting in a conclusion of either statistically 
significant or not.

In contrast, Bayesian methods estimate the probability that 
a hypothesis is true given the observed data, which can be 
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more intuitive. Bayesian methods combine the observed data 
with prior knowledge about intervention effects, facilitating 
increases in efficiency and sequential learning. The prior in-
formation represents the likelihood of a treatment outcome 
before data are gathered, while the posterior probability is the 
updated likelihood after also considering the data collected 
during the trial.

Using informative priors in Bayesian methods can result in 
more precise inferences or enable reduced sample sizes, which 
is particularly important for rare diseases or hard-to-study 
populations [72]. To create informative priors, information 
can be borrowed from external data sources or prior elicit-
ation techniques can be used [73].

Applying Bayesian methods in trial analysis can also en-
hance result interpretation [74]. The recently introduced 
Acceptability Curve Estimation using the Probability Above 
Threshold (ACCEPT) method [75] aims to improve and har-
monize trial reporting. ACCEPT plots the probability of the 
true difference between treatments exceeding various “ac-
ceptability thresholds“, facilitating comparisons between 
trials with different designs and providing a more nuanced 
data interpretation.

Bayesian methods can be used for standard RCTs and any 
of the aforementioned adaptive designs. According to FDA 
guidance [31], Bayesian adaptive designs follow the same 
principles as adaptive designs without Bayesian features.

Since 1994, the methodological and ethical benefits of 
Bayesian approaches have been considered for designing late-
phase trials, though they have not been widely adopted in 
practice [76]. Nowadays, advances in computational soft-
ware have made it easier to employ Bayesian methods for 
designing and analysing clinical trials. However, more exten-
sive simulations are typically needed to assess the operating 
characteristics of Bayesian designs.

While there are still limited publications on using Bayesian 
design in vaccine development and regulatory settings, their 
conceptual flexibility and ability to incorporate historical 
data offer a valuable alternative for modern vaccine trials. 
The original BNT162b2 vaccine study used Bayesian ana-
lysis, and results for the primary efficacy endpoint for both 
the interim and final analyses were reported through Bayesian 
inference [77].

Using estimands in trial design
Whether a Bayesian or Frequentist approach is taken for ana-
lysis, a key issue in clinical trials is the need to target clear and 
meaningful treatment effects. To address this, in November 
2019, the International Council for Harmonisation of 
Technical Requirements for Pharmaceuticals for Human 
(ICH) published a new framework for incorporating 
estimands into trial design (ICHE9(R1)) [78]. An estimand is 
defined as a precise description of the treatment effect that a 
trial aims to find out, different to the statistical method (es-
timator) used to compute the trial result (the estimate). By 
being clear about the targeted treatment effects during trial 
planning by specifying estimands this can then ensure an ap-
propriate trial design, conduct and analysis method are em-
ployed to address what is of interest. The estimand framework 
is now adopted by regulators worldwide, meaning trialists 
should be defining estimands and stating these in their trial 
protocol. The 2023 EMA guidelines on clinical evaluation of 

vaccines [4] highlight how the agreed primary target of es-
timation (estimand) should be specified for vaccine trials as 
determined by the trial’s objective.

Defining an estimand requires specifying five attributes: (i) 
the patient population of interest, (ii) the treatment condi-
tions being compared, (iii) the outcome/endpoint measure, 
(iv) handling of intercurrent events, and (v) the statistical sum-
mary measure. Intercurrent events are post-baseline events 
affecting outcome interpretation or existence, hence it is im-
portant to clarify what effect is being targeted with respect 
to these. In vaccine trials, typical intercurrent events are not 
receiving the initial vaccine dose and not receiving subsequent 
vaccine doses [4]. To estimate the effect of a vaccine in routine 
use, the estimand population would likely include all the eli-
gible trial population who received at least one dose, and not 
receiving subsequent vaccine doses would be handled with a 
treatment policy strategy. This strategy considers missed vac-
cine doses as irrelevant and addresses efficacy regardless of 
full adherence. Alternatively, for estimating vaccine efficacy 
under full adherence the estimand population would be the 
eligible trial population who receive the full vaccine schedule, 
corresponding to using a principal stratum strategy.

By defining the primary estimand, a trial can be designed, 
conducted, and analysed using methods that align with the 
primary research question. A treatment policy strategy would 
include all randomized individuals who received at least one 
dose of the assigned treatment in the analysis population. In 
contrast, a principal stratum strategy, assuming no system-
atic differences between individuals who complete all vaccine 
doses in each randomized group, would include only subjects 
who received all doses in the analysis population [79].

Estimands are now being used in pivotal vaccine trials, for 
example the Pfizer COVID-19 vaccine Phase 2/3 trial [80]. 
The estimand primarily assessed in this trial was, the effect 
of prophylactic BNT162b2 against placebo (treatment con-
ditions) in participants without evidence of COVID-19 infec-
tion before vaccination (population) who comply with the key 
protocol criteria (evaluable participants) at least 7 days after 
receipt of the second dose of study intervention (handling of 
intercurrent events using a principal stratum strategy) against 
confirmed COVID-19 occurring from 7 days after the second 
dose (outcome/endpoint), as 100 × (1 − IRR) [ratio of active 
vaccine to placebo incidence] (statistical summary measure).

Without specifying estimands, it has been found that most 
often it is unclear precisely what is being estimated in trials, 
potentially leading to misinterpretation or the use of inappro-
priate trial methods [81]. For a detailed primer on estimands 
and further examples, see Kahan et al [82].

Advances in statistical analysis methods
Historically, trials have been analysed using simple statis-
tical tests and unadjusted approaches that estimate the crude 
average effect of a treatment on an outcome without con-
sidering other influencing factors. Commonly used statistical 
tests included the t-test and ANOVA for continuous out-
comes, the chi-square test for binary outcomes, and the log-
rank test for time-to-event or survival outcomes.

While unadjusted analyses in individually randomized 
trials are unbiased on average, there are several reasons why 
covariate-adjusted approaches are preferable [83, 84]. EMA 
guideline [85] provides recommendations on which covariates 
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should be adjusted for. Firstly, if covariates are used in the 
randomization process, such as through stratified randomiza-
tion, adjusting for these covariates in the analysis is necessary 
to avoid incorrect Type I error rates and reductions in power 
[85, 86]. Secondly, adjusting for covariates not used in ran-
domization may significantly increase the statistical power 
when these covariates are highly prognostic. Adjusting for the 
baseline value of a continuous primary outcome measure and 
covariates that have a strong or moderate association with 
the primary outcome generally improves the efficiency of the 
analysis [85].

There are various statistical methods for adjusting 
covariates, such as regression models, standardization and 
inverse-probability-of-treatment weighting [87], and the 
choice of method will depend on the nature of the covariate, 
outcome variable, and trial context.

Incorporating adaptive and innovative trial designs re-
quires more advanced statistical approaches for both design 
and analysis. Simulation studies are typically used to estimate 
the required sample size for adaptive designs and to assess the 
trial’s operating characteristics, which is particularly true for 
Bayesian approaches. Conventional methods for estimating 
treatment effects at the end of a trial often lead to bias in 
many adaptive designs because they do not account for po-
tential trial adaptations [88]. Various methods have been pro-
posed to address this issue [89–91].

Machine learning methods for the analysis of 
clinical trials
Whilst standard statistical methods used in RCTs typically es-
timate the average treatment effect (ATE) [92], meaning the 
overall effect of a treatment across all participants. Treatment 
response can often vary between individuals; some may 
benefit more than others. Estimating variation in treatment 
effects may consequently be important. This may be particu-
larly important in vaccine trials as they often include large 
and diverse populations. Understanding variation in treat-
ment effects may assist with a better understanding of the 
effect of a vaccine on the population of interest [93] especially 
when considering the waning of vaccine efficacy or when a 
null average effect is observed.

Traditionally, such variation is examined by assessing 
whether treatment effects differ significantly across defined 
subgroups of the population. This is achieved in practice by 
performing subgroup analyses which test single treatment-
covariate interaction models for each covariate. However, 
this is limiting, relying on pre-defined subgroups and without 
considering interactions between multiple covariates and the 
treatment, it may not adequately describe subgroup differ-
ences. These analyses are also typically underpowered, and 
when a large number of subgroups are assessed, can increase 
the risk of chance findings [94]. Advances in machine learning 
methodology allow barriers associated with traditional sub-
group analysis to be overcome. While machine learning 
algorithms were developed to predict outcomes, modifica-
tions have been made to target the estimation of variation 
in treatment effects, often referred to as heterogeneous treat-
ment effects (HTEs). There are many emerging valid machine 
learning methods that can be used to estimate HTEs, such 
as meta-learners [95], targeted maximum likelihood estima-
tion (TMLE) [96], causal forests (CFs) [97], and Bayesian 

additive regression trees (BARTs) [98]. These methods target 
estimating the conditional average treatment effect (CATE), 
that is, the treatment effect dependent on a set of baseline 
patient covariates in a single analysis. These newer machine 
learning models enable the exploration of higher-order inter-
actions with the treatment effect, potentially leading to the 
identification of more detailed subpopulations that benefit 
from a particular treatment which may not have been con-
sidered or pre-defined using more traditional subgroup ana-
lyses.

Machine learning methods such as CFs have been used in 
secondary analyses of trials to explore variation in treatment 
effects. A re-analysis of the 65 trial, which evaluated the ef-
fect of a permissive hypotension strategy versus usual care on 
90-day mortality for critically ill patients using CFs identified 
10 potential subgroups with differing treatment responses 
defined by various combinations of five covariates (chronic 
hypertension, sepsis, duration of vasopressor use, age, and 
SOFA score). After validation in external datasets, these pre-
viously unconsidered subgroups could be used to target fu-
ture research [99].

Chernozhukov et al. [100] developed generic machine 
learning tools to make inferences on HTEs, demonstrating 
their application to childhood vaccination strategies in India. 
Although there are many possible strategies for increasing 
immunization, combining multiple incentives is needed for 
effectiveness. This combination of incentives (local ambassa-
dors, SMS reminders, and financial incentives) is more expen-
sive to implement. Therefore, policymakers are interested in 
finding the groups that would benefit most from the combin-
ation of strategies. Their analysis suggested that vaccination 
incentives most impacted villages with the least pretreatment 
immunization.

Machine learning methods can also be used for other trial 
purposes. For example, machine learning algorithms can 
identify poorly performing sites and optimize site visit sched-
ules. Algorithms can also be developed to improve recruit-
ment strategies or evaluate the quality and completeness of 
reporting, which would be of great importance in a decentral-
ized trial [101, 102].

Safety analysis
The evaluation of safety in vaccine trials follows the same 
principles as those for other medicinal products [4]. However, 
because vaccines typically target healthy individuals, safety 
considerations are given more prominent emphasis in the evi-
dence base. Vaccine safety is evaluated through routine col-
lection of reactogenicity data (also called solicited adverse 
events) and clinical adverse event data. Reactogenicity refers 
to the set of adverse events resulting from the physical inflam-
matory response to the vaccination and includes localized 
events such as injection-site pain and systemic events such as 
fever or headache. Reactogenicity data are systematically col-
lected from all participants for ~5–7 days after vaccination 
[103]. Like trials of other medicinal products, vaccine trials 
also collect unsolicited, self-reported adverse events; how long 
these are collected post-vaccine will depend on the vaccine’s 
characteristics and any prior evidence [4].

In therapy trials, adverse event data analysis typically relies 
on simplistic approaches that do not fully use the prospective, 
high-quality data collected, and known best practices in the 
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analysis are often overlooked [104]. While efforts are being 
made to improve these practices, they predominantly focus on 
the analysis of prespecified safety outcomes [105]. Similarly, 
in vaccine studies, we see novel efforts to present systematic-
ally collected reactogenicity data. Visualization methods such 
as the stacked bar chart and, in more complicated scenarios 
with multiple treatment arms, radial graphs have been used 
to illustrate local and systemic reactions over the immediate 
post-vaccination period in COVID-19 vaccine trials [106, 
107].

Nevertheless, like therapy trials, improvements in analysis 
practices are still needed. Greater consideration should be 
given to unsolicited adverse events at the design stage, spe-
cifying clear analysis plans to obtain the estimates of interest 
[108]. Principled analysis approaches that are accepted good 
practice for efficacy outcomes should also be applied to un-
solicited adverse events. For example, using information on 
recurrent events rather than just presenting as those who ex-
perienced “at least one event”, appropriately accounting for 
varying follow-up times, and reducing information loss by 
retaining continuous outcomes in their natural form instead 
of dichotomizing to analyse as binary outcomes [109, 110]. 
Underpowered hypothesis tests and presenting P-values and 
confidence intervals as proxies for null hypotheses testing 
should also be avoided. Instead, the research question when 
analysing safety data should be reframed to focus on detecting 
safety signals for further investigation [104].

Concluding remarks
This overview has highlighted recent developments and novel 
methodological and statistical approaches for the design and 
analysis of Phase 3 vaccine trials. Reflecting advancements in 
other medical fields [44, 111], we anticipate an increase in 
the use of adaptive designs in the vaccine trials, which offer 
ethical advantages and enable early conclusions if indicated. 
However, the suitability of an adaptive design should be care-
fully evaluated for each specific trial context. In particular, 
while we believe vaccine trials can significantly benefit from 
group-sequential designs, multi-arm multi-stage trials, popu-
lation enrichment strategies, and platform trials, their effect-
iveness may be limited when the endpoint of interest takes 
too long to record, preventing adaptive changes from being 
implemented before the trial concludes [32, 112]. In extreme 
cases, all patients could be recruited before enough informa-
tion is available from the assessed patients to make informed 
decisions. The use of adaptive designs or Bayesian methods 
also needs acceptance and familiarity among researchers, 
funders and sponsors. Conventional randomized controlled 
trials (RCTs) will continue to be appropriate in some settings, 
and researchers should consider the most suitable methodo-
logical approach for their specific objectives. Employing the 
estimand framework aligns trial design, conduct, and analysis 
with the primary research question, enhancing clarity and en-
suring that trials address the most important questions. We 
advocate that trialists adopt this framework to improve the 
relevance and transparency of their studies.

In summary, while novel clinical trial designs and analysis 
methods offer significant potential for Phase 3 vaccine trials, 
it is crucial to invest time in understanding these methods 
and to implement changes thoughtfully to fully realize their 
benefits.
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