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Abstract 

Background and Aims  A Study Within A Trial (SWAT) is a research study embedded within a larger trial which aims 
to investigate different strategies for a particular trial process, such as trial recruitment. It is imperative such studies, which are 
often underpowered, employ efficient and informative analytical methods. The use of Bayesian methods and interpretation 
of SWAT results in this context requires exploration. Bayesian methods provide direct probability statements about interven-
tion effects and readily enable ACceptability Curve Estimation using Probability above Threshold (ACCEPT) analyses, which 
consider the probability of the tested intervention being effective for different threshold values. Additionally, they provide 
an opportunity to incorporate the results of previous similar studies within the analysis using informative priors. This proof-
of-concept study re-analysed two previous SWATs using Bayesian methods and ACCEPT analyses.

Methods  A SWAT conducted by Du et al. in 2009 and a subsequent SWAT by Mattock et al. in 2020 compared a video inter-
vention against standard patient information on trial recruitment. For each SWAT, a primary Bayesian analysis was performed 
using a logistic model with non-informative priors. Sensitivity analysis explored informative priors informed by meta-analysis 
of previous similar studies; this included an analysis of the Mattock et al. SWAT incorporating the result of the earlier Du et al. 
SWAT. ACCEPT curves were constructed. Results were compared with frequentist analyses.

Results  For the Du et al. SWAT, the primary Bayesian analysis gave an OR for recruitment for the video relative 
to standard information of 2.12, 95% CrI: 0.38–4.65 and a posterior probability of the video being effective (OR > 1) 
of 0.86. When taking into account results of previous SWATs by using an informative prior there remained a moder-
ately high probability of video benefit (0.82). For the latter Mattock et al. SWAT, the primary Bayesian analysis gave 
an OR for recruitment for the video relative to standard information of 0.26, 95% CrI: 0.07–0.51 and the posterior prob-
ability of the video being effective was 0.0005, indicating very little chance of effectiveness; ACCEPT plots facilitated 
interpretation by showing the probability that the video was better than standard information for OR > 0.8 was very 
small (0.0032). When taking into account the results of previous SWATs using an informative prior, including Du et al., 
the probability of the video being effective was still very small (0.12).

Conclusions  Bayesian methods and ACCEPT analyses offer solutions to challenges experienced in the analysis 
and interpretation of SWATs, which are often underpowered. Greater use of these analytical approaches within SWATs 
will lead to a more accessible, improved evidence base on how to effectively conduct trials.
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Background and Aims
Randomised Controlled Trials (RCTs) provide vital evi-
dence on the efficacy, effectiveness and safety of new and 
existing interventions. Despite often being costly and 
resource heavy [1], there is sparse evidence to support 
decisions on how to best conduct randomised trials [2]. 
For example, one common issue identified as an impor-
tant conduct challenge to address is trial recruitment 
[3]. A Study Within A Trial (SWAT) is a research study 
embedded within a larger host trial which aims to inves-
tigate different strategies for a particular trial process, 
such as trial recruitment [2].

Previous SWATs that have addressed the issue of 
recruitment include a SWAT by Du et  al. (2009) [4] 
which tested whether an educational video intervention 
improved recruitment over standard patient informa-
tion for a breast cancer trial. Although trial enrolment 
was higher in the video intervention group, the differ-
ence was not statistically significant. Subsequently the 
Healthy Start, Happy Start (HSHS) SWAT by Mattock 
et al. (2020) [5] tested whether adding a participant infor-
mation video clip to a standard Participant Information 
Sheet (PIS) improved recruitment into the HSHS trial. 
This found no benefit of a video intervention.

Relatively small numbers of SWATs have been con-
ducted, but SWAT numbers are now increasing [6], so 
it is imperative such trials employ efficient and informa-
tive analytical methods to enable robust inference and 
conclusions. Like their main host RCTs, SWATs are typi-
cally analysed using a frequentist statistical framework 
(see summary Table  1). This usually entails conduct-
ing a hypothesis test to obtain a p-value which leads to 
a binary conclusion of an intervention effect or not. The 
p-value represents the probability of obtaining data at 
least as extreme as what was observed, assuming the null 
hypothesis of no intervention effect is true over repeated 
trials. A small p-value (typically < 0.05) provides evidence 
against the null hypothesis. For example, a p-value of 
p = 0.03 means that if there were truly no intervention 
effect then results at least as extreme as those observed 
would occur about 3% of the time in repeated trials. But 
this definition may not be easily intuitive to non-statis-
ticians. This is quite different to the probability that the 
intervention does not work.

To avoid making an incorrect conclusion from a 
hypothesis test, a trial needs to be adequately sized. If 
the sample size is too small the trial will have low statis-
tical power, meaning a low chance of detecting an inter-
vention effect size of interest when it truly exists; there 
will be an increased chance of random variation lead-
ing to an incorrect false negative conclusion. However, 
since the sample size available is typically dictated by 
the host trial, SWATs are often (but not always) small 

or underpowered for the SWAT outcome of interest. 
Since SWATs are not always adequately powered, there 
is a risk that incorrect conclusions may be reached and 
an effective intervention missed by adopting frequen-
tist inference and focusing on p-values.

An alternative analytical approach is to adopt Bayes-
ian inference. Bayesian methods combine prior infor-
mation about the intervention effect (in the form of a 
prior distribution) with the observed trial data result-
ing in what is referred to as a posterior distribution for 
the intervention effect for inference. This approach has 
several additional advantages. Firstly, Bayesian meth-
ods provide an alternative interpretation of trial data in 
the form of direct statements on the probability of the 
intervention being effective, which can be more intui-
tive to understand than p-values (see summary Table 1) 
[7–9]. For example, a Bayesian analysis may conclude 
that there is a 90% probability that an intervention is 
effective compared to a control (i.e. 90% probability 
OR > 1). Alongside p-values, frequentist analysis will 
typically report a 95% confidence interval to quantify 
the uncertainty  for the intervention effect of inter-
est, but a 95% confidence interval for an intervention 
effect does not mean there is a 95% chance that the true 
intervention effect is in the given interval. It means that 
over repeated hypothetical trials, 95% of such intervals 
would be expected to contain the true value. To quan-
tify uncertainty in estimation in Bayesian analyses, 
typically a 95% credible interval (CrI) is reported which 
represents the region that the intervention effect falls 
within with 95% probability according to the poste-
rior distribution. For these nuisances in interpretation, 
Bayesian methods can be more initiative for non-statis-
ticians to fully understand.

By producing a posterior distribution for the inter-
vention effect of interest, more nuanced questions can 
readily be asked. For example, one can consider the prob-
ability that the intervention is effective and the prob-
ability that the intervention effect is clinically meaningful 
by different specified amounts. Frequentist trials focus 
on hypothesis testing and p-values and generally result 
in a binary verdict. But Bayesian methods can read-
ily provide richer insights rather than just significant or 
non-significant.

Bayesian methods also enable prior knowledge to 
be combined with current trial data. This means that 
where relevant, analysis can be supplemented by existing 
knowledge from earlier studies or expert belief. For this 
reason, Bayesian methods are also particularly suited to 
smaller sample size settings, due to the ability to incor-
porate external data, for example from previous similar 
studies [7, 10]. This can lead to more efficient analysis 
with less uncertainty around estimates. But of course, 
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prior information incorporated into a Bayesian analy-
sis must be carefully justified and sensitivity around the 
prior information is recommended.

Despite the aforementioned advantages, the applica-
tion of Bayesian methods and how to interpret SWAT 
results in this context has not been widely explored. 
Additionally, ACceptability Curve Estimation using 
Probability above Threshold (ACCEPT) analyses, which 
consider the probability of the intervention effect being 
effective for various different thresholds, have been 
proposed as a way of maximising the utility of trial data 
and are readily conducted in a Bayesian framework 
[11]. ACCEPT has only been used sporadically in clini-
cal trials [11] and has not yet been applied to SWATs.

The aim of this proof-of-concept study was to re-
analyse the SWATs by Du et  al. and Mattock et  al. 
using Bayesian methods to explore the utility of Bayes-
ian methods for the analysis of SWATs. We applied 
ACCEPT analyses to demonstrate the accessible inter-
pretation Bayesian methods enable and explore how 
previous external data can be incorporated within 
the analysis to strengthen conclusions. The resulting 
Bayesian inference was compared to that of frequentist 
analyses.

Methods
Description of Du et al. 2009 SWAT​
Du et  al. previously conducted a SWAT to examine 
the effect of an 18-min educational video compared to 
standard patient information on enrolment rates for 
a breast cancer trial [4]. A total of 196 eligible patients 
scheduled for treatment evaluation at a breast cancer 
clinic in the USA were contacted by telephone and con-
sented to participate in the SWAT and were randomised 
to view either the educational video about cancer clinical 
trials prior to their first clinic appointment (n = 98) or to 
standard patient information (n = 98). The primary out-
come of the SWAT was participants’ recruitment status 
into the host breast cancer treatment clinical trial. Full 
details of the SWAT and trial methods have been pub-
lished previously [4].

The original trial used frequentist statistical methods 
for analysis including the Chi-square and Fisher’s exact 
test. Results were presented using odds ratios (ORs), 
p-values, and 95% confidence intervals (CIs) to com-
pare the recruitment intervention strategy. A 95% CI 
represents the range of values for the intervention effect 
that with a large number of repeated samples, 95% of 
such calculated confidence intervals would  be expected 
to include the true value of the intervention effect. A 
p-value provides evidence of data incompatibility with 
the null hypothesis of no intervention effect, rather than 

evidence of the alternative hypothesis of an interven-
tion effect. We replicated the frequentist analysis using 
a logistic regression model including intervention as a 
covariate.

Description of Mattock et al. HSHS SWAT​
The HSHS study was a UK-based RCT which assessed the 
effectiveness and cost-effectiveness of a Video-feedback 
Intervention to promote Positive Parenting and Sensitive 
Discipline (VIPP-SD) in preventing enduring behavioural 
problems in young children aged 12–36 months [12]. The 
embedded HSHS SWAT conducted by Mattock et al. was 
conducted after the Du et al. SWAT and tested whether 
adding a participant information video clip to a stand-
ard PIS improved recruitment into the HSHS trial [5]. In 
total 107 out of 317, potential HSHS participants were 
included in the SWAT; 51 randomised to the PIS group 
and 56 to the information video clip, but six participants 
were excluded from analysis due to being inadvertently 
allocated to the wrong group, resulting in 101 in the anal-
ysis population (n = 51 PIS and n = 50 video clip).

The primary outcome of the Mattock et  al. HSHS 
SWAT was the proportion of participants who con-
sented to recruitment in the host trial based upon their 
randomised SWAT allocation. The original analysis was 
conducted using frequentist methods. Specifically, a 
logistic regression model was used to examine the effect 
of SWAT allocation (video vs PIS) on the number of 
participants recruited into the trial (randomised vs not 
randomised), adjusted for the number of contacts made 
(continuous variable) and education status (categorised 
in a binary manner as university and pre-university quali-
fications). We replicated the same original frequentist 
analysis. Like Du et al.’s SWAT, results were similarly pre-
sented using ORs, p-values and 95% CIs to compare the 
recruitment intervention strategy.

Bayesian SWAT analysis
For both the Du et al. and Mattock et al. SWAT, we per-
formed Bayesian re-analysis for the same primary out-
come of the original SWATs (recruitment into the main 
trial). For the Bayesian analysis of the Du et  al. SWAT, 
an unadjusted Bayesian logistic model including inter-
vention as the only covariate was fitted. For the Mattock 
et  al. HSHS SWAT, a Bayesian logistic model was fit-
ted, including intervention and adjustment for the same 
covariates used in the trial’s original frequentist analysis 
(number of contacts made and educational status).

In addition to selecting an analysis model suitable for 
the data at hand, a Bayesian analysis also requires prior 
assumptions about the intervention effect in the form of 
a prior distribution for the analysis model’s parameters. 
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The prior is combined with the trial data in the analysis 
to form what is referred to as a posterior distribution 
for the intervention effect, and this results in an alter-
native interpretation for the intervention effect. It pro-
vides inference for the intervention effect in the form of 
probabilistic statements, e.g. the (posterior) probability 
that the intervention is more effective than the control 
(i.e. OR > 1). The prior may be uninformative if no pre-
vious beliefs or empirical evidence exists regarding the 
effect of an intervention. A non-informative prior typi-
cally results in low (or no) impact in parameters of the 
posterior distribution for a moderate sample size [7]. Or 
the prior may be formed based on the results of previous 
similar studies or other relevant information or elicited 
from clinical experts; this can result in a more efficient 
analysis by incorporating previous historical evidence in 
a single analysis.

For the primary Bayesian analyses of both SWATs, we 
initially adopted a non-informative uniform prior for 
the intervention effect (see Table  2). This prior is non-
informative as it assigns equal probability to all possi-
ble values of the intervention effect within the specified 
range (Table  2). In subsequent sensitivity analyses, for 
each SWAT, we explored three further options for an 
informative prior to assess the impact of different priors 
and incorporation of previous evidence from previous 
SWATs on the intervention effect. For each SWAT ana-
lysed this included (i) a weakly informative prior [13], 
(ii) an informative prior based on the results of previ-
ously conducted similar SWATs [14] and (iii) a combined 
prior which was a weighted combination of the weakly 

informative and informative prior [15]. The informa-
tive prior for the Du et al. Bayesian SWAT analysis was 
informed by meta-analysis of two previous similar stud-
ies (Hutchinson 2007 [16] and Du 2008 [17]) which gave 
a pooled OR = 1.16, 95% CI 0.54–2.48 (see supplemen-
tary material for full meta-analysis results). The informa-
tive prior for the Mattock et  al. HSHS Bayesian SWAT 
analysis was informed by meta-analysis of the same two 
previous similar studies and the Du 2009 SWAT (Hutch-
inson 2007 [16], Du 2008 [17] and Du 2009 [4]) which 
gave a pooled OR = 1.26, 95% CI 0.71–2.23 (see supple-
mentary material for full meta-analysis results). These 
previous studies were identified from a Cochrane system-
atic review exploring video information interventions on 
trial recruitment [18]. Technical details on the construc-
tion of the priors are described further below in Table 2. 
Bayesian model diagnostics including convergence check 
(e.g. MCMC trace plots for the intervention effect) were 
assessed to confirm the adequacy of fitted models. Such 
diagnostics should always be performed when utilising 
Bayesian methods in practice.

An additional sensitivity analysis repeated the Bayes-
ian analysis for the Mattock et al. HSHS SWAT using an 
unadjusted logistic model with priors constructed as per 
Table 2 column 2 (see appendix for results of this sensi-
tivity analysis).

ACCEPT analysis
For each Bayesian analysis ACceptability Curve Esti-
mation using Probability Above Threshold (ACCEPT) 
was applied to aid interpretation [11]. This method was 

Table 2  Prior distributions used in unadjusted and adjusted Bayesian logistic regression analysis

Notation: x1 = intervention, x2 = number of contacts made, x3 = educational status, p = probability of enrolment, logit(p) = ln(p/(1-p)) = ln(Odds of enrolment), 
ꞵ0 = intercept i.e. log odds of enrolment for no intervention/no contacts/lowest educational status, ꞵ1 = intervention covariate = log odds of enrolment for 
intervention relative to control, ꞵ2 = no of contacts covariate = log odds of enrolment for one unit increase in no. of contacts made, ꞵ3 = educational status 
covariate = log odds of enrolment for higher educational statues relative to lowest, µ = location (centre), σ = scale, df = degrees of freedom. Note priors are applied 
after scaling all non binary variables (contact frequency, x2) to have mean 0 and standard deviation 0.5
† The full meta-analysis results of previous SWATs used to form the informative prior can be found in the supplementary material. For the Du et al. 2009 analysis 
OR_lower = 0.54 and OR_upper = 2.48; for the Mattock et al. 2020 HSHS analysis OR_lower = 0.71 and OR_upper = 2.23

Unadjusted analysis Adjusted analysis

Logistic model logit(p) = ꞵ0 + ꞵ1*x1 logit(p) = ꞵ0 + ꞵ1* x1 + ꞵ2* x2 + ꞵ3* x3

Non-informative prior (uniform prior) ꞵi ~ Uniform (−15,15) for i = 0,1 ꞵi ~ Uniform (−15,15) for i = 0,1,2,3

Weakly informative prior (Gelman prior [13]) ꞵ0 ~ student t (µ = 0, σ = 10, df = 1)
ꞵ1 ~ student t (µ = 0, σ = 2.5, df = 1)

ꞵ0 ~ student t (µ = 0, σ = 10, df = 1)
ꞵi ~ student t (µ = 0, σ = 2.5, df = 1) for i = 1,2,3

Informative prior (Sullivan prior [14]) ꞵ0 ~ Normal(µ = 0, σ2 = 1000)
ꞵ1 ~ Normal(µ = (log(OR_upper) + log(OR_
lower))/2, σ2 = 
(((log(OR_upper) - log(OR_lower))/(2 * 1.96))2),
where (OR_upper, OR_lower) is
the 95% CI for the odds ratio obtained from the
meta-analysis† of previous SWATs

ꞵ0, ꞵ2, ꞵ3 ~ Normal(µ = 0, σ2 = 1000)
ꞵ1 ~ Normal(µ = (log(OR_upper) + log(OR_
lower))/2, σ2 = 
(((log(OR_upper) - log(OR_lower))/(2 * 1.96))2),
where (OR_upper, OR_lower) is
the 95% CI for the odds ratio obtained from the
meta-analysis† of previous SWATs

Combined prior (weighted weakly and 
informative prior) [15]

ꞵi ~ 0.5 * ꞵi,Gelman prior + 0.5 * ꞵi,Sullivan prior for i = 0,1 ꞵi ~ 0.5 * ꞵi,Gelman prior + 0.5 * ꞵi,Sullivan prior 
for i = 0,1,2,3
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proposed by Clements et al. [11] to aid better integration 
and presentation of clinical trial findings for the treat-
ment effect of interest. We explored novel application 
of how this method can also aid better interpretation of 
intervention effects in SWATs.

For each Bayesian analysis, ACCEPT uses the results 
(i.e. posterior distribution for the intervention effect of 
interest) to plot in a graph the probability of the inter-
vention effect being above different threshold values 
on the y-axis for a range of different possible threshold 
values on the x-axis. The threshold values are referred 
to as “acceptability thresholds”. For our case studies, the 
intervention effect is expressed as an odds ratio for the 
outcome of interest for the intervention group relative 
to the control/standard group. This graphical represen-
tation readily enables reviewers to judge the strength of 
evidence for various intervention effect sizes, rather than 
focusing exclusively on binary trial conclusions. Thus, 
one can consider what would be acceptable thresholds 
to warrant the use of an intervention and weigh up the 
evidence in favour for this. ACCEPT curves are readily 
constructed after Bayesian analysis using the posterior 
distribution.

Clements et  al. recommended that ACCEPT curve 
include a range of different threshold values for the 
intervention effect (acceptability thresholds) spanning 
unacceptable differences, zero (no effect), and a reason-
able range of potential alternative acceptable values and 
acceptability thresholds for the 2.5th, 50th, and 97.5th 
percentile acceptability values. We therefore constructed 
ACCEPT curves for our SWAT case studies spanning 
intervention effects on an odds ratio scale from odds 
ratio = 0 to odds ratio = 1 to larger odds ratios beyond the 
97.5th percentile acceptability value informed by the trial 
data. This resulted in going up to an odds ratio = 8 for the 
Du et al. 2009 SWAT analysis and odds ratio = 1.5 for the 
Mattock et al. HSHS SWAT analysis.

Results
Frequentist inference for Du et al. 2009 SWAT​
Overall 10/98 (10%) participants given the video inter-
vention were recruited, compared with 6/98 (6%) of 
participants given standard information. The OR for 
recruitment for the video intervention relative to stand-
ard information was 1.74, 95% CI: 0.60–5.03, p = 0.30, in 
favour of the video intervention but not significant. The 
large width of the 95% CI interval is consistent with a 
beneficial effect of the video intervention (upper bound 
5.03), or a non-beneficial effect (lower bound 0.60).

Bayesian inference for Du et al. 2009 SWAT​
In the primary Bayesian re-analysis, utilising a non-
informative uniform prior, the OR for recruitment for 

video intervention relative to standard information 
was 2.12, 95% CrI: 0.38–4.65. The posterior probability 
of the video intervention being effective (OR > 1) was 
0.86 indicating a large probability of a beneficial effect. 
Figure  1a shows the ACCEPT curve for the primary 
Bayesian analysis. This illustrates the probability that 
the video intervention is better than the standard infor-
mation for various different intervention effect sizes (as 
an OR) with the non-informative uniform prior. From 
this we can see a moderately high probability (>0.8) of 
the video intervention being effective in comparison to 
the standard information for various sized ORs > 1 up to 
OR’s around 1.5.

In sensitivity analysis using different priors, the result 
was robust; using the weakly informative prior gave a 
posterior probability of the video intervention being 
effective (OR > 1) of 0.85; using the informative prior, this 
was 0.82, and using the combined prior, this was 0.83 (see 
Table 3, Fig. 1b–d and supplementary material for more 
detailed sensitivity analysis results).

Frequentist inference for Mattock et al. HSHS SWAT​
Overall 10/50 (20%) participants given the video clip 
consented to take part in the trial, compared with 
26/51 (51%) of participants given the traditional PIS. 
The adjusted OR for consent to take part in the trial for 
video clip relative to traditional PIS was 0.25, 95% CI: 
0.10–0.62, p = 0.003, in favour of the traditional PIS. As 
reported in the original HSHS SWAT analysis report, 
“the odds of consenting to the trial were statistically 
lower in the video group compared to the standard PIS 
group” [5].

Bayesian inference for Mattock et al. HSHS SWAT​
In the primary Bayesian analysis, utilising a non-inform-
ative prior, the adjusted OR for consent to take part in 
the trial for video clip relative to traditional PIS was 0.26, 
95% CrI: 0.07–0.51. The posterior probability of the treat-
ment effect being effective (OR > 1) was 0.0005 indicating 
very little chance the video intervention was effective. 
Figure 2a shows the probability that the video interven-
tion is better than the standard PIS for various different 
intervention effect sizes (as an OR) with a non-informa-
tive prior. From this we can immediately see the almost 
negligible probability that the video intervention is effec-
tive as there is an unapparent to the eye area under the 
curve for OR > 1. We in fact see there is very low prob-
ability that the intervention effect is OR > 0.8 (0.003).

In sensitivity analysis using informative priors, includ-
ing the result of Du 2009 et al. in the prior, the probably 
of the video intervention being effective (OR > 1) varied 
slightly, but in all cases was still very small (see Fig. 2b–
d). The largest probability for the intervention being 
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Fig. 1  Bayesian ACCEPT analysis for Du et al. 2009 SWAT including primary and sensitivity analysis. OR represents odds of recruitment for video 
intervention relative to standard patient information

Table 3  Results of Frequentist and Bayesian SWAT analyses

95% CI = 95% confidence interval, 95% CrI = 95% credible interval. OR = odds ratio for intervention compared to standard. †adjusted OR for the number of contacts 
made (continuous variable) and education status (categorised in a binary manner as university and pre-university qualifications)

Trial Bayesian prior Frequentist result Bayesian result

Analysis OR 95% CI p-value OR 95% CrI Probability OR > 1

 Du et al. 2009 SWAT​
  Primary analysis Non-informative prior 1.74 0.60–5.03 0.30 2.12 0.38–4.65 0.86

  Sensitivity analysis Weakly informative prior 1.96 0.42–4.16 0.85

Informative prior 1.40 0.63–2.31 0.82

Combined prior 1.51 0.58–2.76 0.83

Mattock et al. HSHS SWAT​
  Primary analysis Non-informative prior 0.25† 0.10–0.62 0.003 0.26† 0.07–0.51 0.0005

  Sensitivity analysis Weakly informative prior 0.28† 0.07–0.54 0.0009

Informative prior 0.78† 0.43–1.15 0.12

Combined prior 0.31† 0.07–0.69 0.008
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effective was 0.12 when using the most informative prior. 
For the weakly informative prior this was 0.0009 and 
for the combined prior this was 0.008. In the additional 
sensitivity analysis excluding adjustment results were 
consistent (see Table  3 and supplementary material for 
additional sensitivity analysis results). A summary of all 
frequentist and Bayesian results can be found in Table 3.

Discussion and conclusions
Main findings
A Bayesian framework provided a different, accessible 
interpretation for the analysis of a SWAT. For the earlier 
Du et al. SWAT Bayesian analysis indicated a large prob-
ability of the video intervention being effective (OR > 1). 
However, for the later Mattock et al. HSHS SWAT, Bayes-
ian analysis revealed a very small probability of the video 
intervention being effective in comparison to the stand-
ard information.

To reflect the uncertainty in results, Bayesian estimates 
are accompanied by 95% Credible Intervals (95% CrI). 
These represent the region that the intervention effect 
falls within with 95% (posterior) probability. Thus, for 
the latter, Mattock et  al. HSHS SWAT it was identified 
that there was 95% probability that the video interven-
tion effect (OR) lies within 0.07 to 0.51. In the frequentist 
analysis, uncertainty is represented by 95% confidence 
intervals (95% CI), which represent the region that, with 
a large number of repeated samples, 95% of such calcu-
lated confidence intervals would be expected to  include 
the true value of the intervention effect, and this was 
0.10–0.62. The probability statements about the interven-
tion effect are directly provided by Bayesian analyses and 
are generally more intuitive to understand than CIs and 
p-values, which can be frequently misinterpreted [9].

When combining existing information for the inter-
vention effect from previous similar SWATs into the 
Mattock et  al. HSHS SWAT analysis, including those 

Fig. 2  Bayesian analysis for HSHS SWAT including primary and sensitivity analysis. OR represents odds of recruitment for video intervention relative 
to standard patient information
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of Du et  al., the evidence against the video interven-
tion remained strong. In general, combining existing 
information where available can add efficiency into the 
research process and is particularly advantageous for 
SWATs where the sample size is limited. A Bayesian 
framework offers the ability to do this through incor-
porating previous SWAT results within the analyses 
prior. We used previous similar SWATs identified from 
a previous Cochrane systematic review exploring video 
information interventions on trial recruitment [18]. 
No formal criteria currently exist however to guide 
which previous SWATs are adequately similar to use 
to form informative analysis priors. This is indeed an 
area worthy of future research. Literature review and 
previous systematic reviews can help guide research-
ers, but careful consideration as to which SWATs are 
adequately similar is required by researchers in each 
individual context. As explored here, meta-analysis 
of studies judged adequately similar can be useful to 
form informative priors. We note that where there are 
concerns about the presence of heterogeneity between 
previous and current SWATs, the information from 
previous similar SWATs can be down weighted in the 
prior [19]. The use of a combined prior can be adopted 
to do so. We applied combined priors with equal weight 
given to the informative and weakly informative prior, 
however alternative weights can be applied as appropri-
ate in different settings and may provide useful sensitiv-
ity analysis.

The results shown here illustrate how the prior does 
impact inference. We recommend sensitivity analysis 
around the prior be conducted when Bayesian methods 
are adopted to assess the consistency of results under 
various assumptions. In this case study, although results 
were robust to the prior (whether it was informative or 
uninformative), in other settings the prior may have a 
bigger impact on conclusions.

ACCEPT plots provided further insight on the prob-
ability of the intervention effect taking different values. 
This approach entails plotting the probability of the inter-
vention effect being above different numerical values for 
a range of different possible values. This adds value and 
enables trialists to move away from making rigid binary 
conclusions based on statistical significance.

In SWATs, this may be partially useful where the 
SWAT has not been powered to detect a specific effect 
size and is reliant on the main host trials sample size. 
Additionally, for a SWAT, it may be hard to establish 
what a minimally important difference to detect is. Thus, 
one can consider what would be acceptable thresholds 
to warrant the use of an intervention and weigh up the 
evidence in favour for this. What is considered accept-
able may vary for different stakeholders, thus different 

stakeholders can examine the ACCEPT plot and what is 
important for them. Different effect sizes can be exam-
ined and probabilities of obtaining that effect presented 
for these for a single SWAT. Trialists using the results of 
a SWAT to plan methods for future trials can then weigh 
up the costs associated with a particular trial strategy 
to determine whether the probability of effectiveness is 
adequately large to warrant utilising the trial strategy in a 
particular trial setting.

Strengths and limitations
A limitation of this study is that we focussed on only two 
case studies exploring the effect of a video intervention 
on trial recruitment. This approach was chosen to clearly 
illustrate Bayesian inference and ACCEPT plots in a 
single intervention setting to demonstrate proof of con-
cept and how Bayesian methods can incorporate previ-
ous evidence, culminating in an effect estimate based on 
the totality of evidence collected at a specific date. How-
ever, the general analytical principles are widely applica-
ble. It is important to further explore the use of Bayesian 
inference in different contexts for more SWATs. In this 
setting, the conclusion from both the frequentist and 
Bayesian inference of the Mattock et al. SWAT incorpo-
rating data from the previous SWATS including Du et al. 
was clear-cut on no intervention effect. It is conceivable 
that the Bayesian approach with ACCEPT plots will be 
more advantageous where the frequentist conclusion is 
more marginal (e.g. p-value close to 0.05). This can be 
seen through comparing Figs.  1 and 2, where arguably 
Fig.  1 is more informative. ACCEPT plots enable more 
nuanced interpretation of the probability of the inter-
vention effect being greater than more than one specific 
value. The methods are not limited to a binary outcome 
and can be used with all other outcome types. They can 
be implemented with an analysis model suitable for the 
type of outcome variable at hand, e.g. linear for continu-
ous, Poisson for count etc.

Our focus was on contrasting the results of frequen-
tist and Bayesian analyses for two SWATs, based on the 
information currently available at the time of the origi-
nal SWATs. A Cochrane systematic review was used to 
inform this [18]. Thus, the prior information included in 
the Bayesian analysis does not include information pub-
lished after the HSHS SWAT publication and is not nec-
essarily comprehensive finding for the effectiveness of a 
video intervention on trial recruitment. Moreover, we did 
not account for potential differences between previous 
and HSHS SWATs when we constructed the informa-
tive priors in our sensitivity analysis, but as expected, 
the impact of a prior constructed with down weighted 
information is between those of non-informative and 
informative priors. Existing methods for capturing the 



Page 10 of 11Cro et al. Trials          (2026) 27:420 

heterogeneity between previous and current studies can 
be found in Schmidli et al. and Ibrahim et al. [19].

How this study compares with others/research in context
We have not found any SWATs utilising Bayesian 
methods, with or without ACCEPT plots, for their 
analysis. A search of the online database PubMed on 
12th February 2026 including “Bayesian” and “Study 
within a trial” or “SWAT” produced no relevant results. 
This may be due to a lack of awareness or knowledge 
on the part of those doing analysis of SWATs. ACCEPT 
has been previously advocated for use in clinical trials 
reporting [11] and we hope this case study provides 
an example of the advantages for using such an ana-
lytical framework for SWATs. It is particularly useful 
where historical data is available to combat the issue of 
the lack of statistical power and reduce uncertainty in 
estimation.

To account for the lack of statistical power, as discussed 
by Arundel et  al. [20], SWATs are often combined in a 
meta-analysis once data is available from sufficient simi-
lar SWATs. However, this can take many years to reach 
a consensus on effectiveness, especially if a single binary 
criterion for efficacy is explored in a frequentist analy-
sis. By using a Bayesian framework, one is able to eas-
ily incorporate previous evidence and estimate the most 
up-to-date probability that an intervention is effective. 
ACCEPT plots provide further nuances in the interpreta-
tion based on exploring the probability of the interven-
tion being effective for various different effect sizes.

If Bayesian methods are to be used for the analysis of 
SWATs during the planning stages of a SWAT, Bayes-
ian methods can also be used to design the SWAT. 
Although not explored here, Bayesian methods can be 
used to estimate the sample size required for a SWAT. 
Or in a particular host trial setting, where the SWAT is 
naturally restricted by the size of the host trial, Bayes-
ian methods can be used to establish whether it is worth 
undertaking a SWAT given the available sample size. 
This may be particularly of value when a SWAT is being 
introduced part way through the host trial such that 
its sample size is further restricted below the host tri-
al’s sample size. This was the case for the HSHS SWAT 
which was introduced part way through the conduct of 
the HSHS main trial. The use of simulations and Bayes-
ian methods can reveal the potential posterior probabil-
ity of finding a successful intervention in a SWAT at the 
design stage for a given sample size. Further explora-
tion on the use of Bayesian methods to design SWATs is 
warranted in future work.

Conclusions
Bayesian inference and ACCEPT analyses offer solu-
tions to challenges experienced in the analysis and 
interpretation of SWATs. We advocate the use of these 
analytical methods in SWATs and provide code to read-
ily implement these methods. Greater use of these ana-
lytical approaches within SWATs will lead to a more 
accessible, improved evidence base on how to effectively 
conduct RCTs.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s13063-​026-​09726-z.

Additional file 1. Supplementary material.

Additional file 2.

Acknowledgements
We would like to thank the Healthy Start, Happy Start trial team for sharing 
their data for this Bayesian re-analysis.

Authors’ contributions
SC conceived and designed this study. SC, ZH and LB wrote the statistical 
analysis plan. DB was involved in the design and delivery of the HSHS SWAT 
and data acquisition for this re-analysis. ZH conducted the analysis. SC, ZH, DB 
and LB critically interpreted the results. SC wrote the first draft of the manu-
script and all authors contributed to the writing of the manuscript. All authors 
read and approved the final manuscript.

Funding
No specific funding was obtained for this research. Infrastructure support for 
this research was provided by the NIHR Imperial Biomedical Research Centre 
(BRC).

Data availability
Data is available upon reasonable request.

Declarations

Ethics approval and patient consent
This article includes a secondary analysis of the Healthy Start, Happy Start 
trial (HSHS) SWAT which was embedded within the HSHS trial. The HSHS trial 
was pre-registered ISRCTN58327365 and received ethical approval from the 
NHS London–Riverside Research Ethics Committee (Ref no: 14/LO/2071). All 
patients provided informed consent. The embedded HSHS SWAT received 
ethical approval as a substantial amendment (dated 13 January 2017) to the 
trial.

Competing interests
The authors declare that there is no conflict of interest.

Author details
1 Imperial Clinical Trials Unit, Imperial College London, 1st floor, Stadium 
House, White City, London W12 7RH, England, UK. 2 The George Institute 
for Global Health, Imperial College London, London, England, UK. 3 The George 
Institute for Global Health, University of New South Wales, Sydney, NSW, 
Australia. 

Received: 29 November 2024   Accepted: 10 April 2026

https://doi.org/10.1186/s13063-026-09726-z
https://doi.org/10.1186/s13063-026-09726-z


Page 11 of 11Cro et al. Trials          (2026) 27:420 	

References
	1.	 ABPI. Clinical Trials How the UK is researching medicines for the future. 

2019. Available from: https://​www.​abpi.​org.​uk/​media/​r5wfa​1mc/​rmi-​
0128-​0919-​clini​cal-​trials-​report.​pdf.

	2.	 Treweek S, Bevan S, Bower P, Campbell M, Christie J, Clarke M, et al. 
Trial forge guidance 1: what is a study within a trial (SWAT)? Trials. 
2018;19(1):139.

	3.	 Healy P, Galvin S, Williamson PR, Treweek S, Whiting C, Maeso B, et al. 
Identifying trial recruitment uncertainties using a James Lind Alliance 
priority setting partnership–the PRioRiTy (Prioritising recruitment in 
randomised trials) study. Trials. 2018;19:1–12.

	4.	 Du W, Mood D, Gadgeel S, Simon MS. An educational video to increase 
clinical trials enrollment among breast cancer patients. Breast Cancer Res 
Treat. 2009;117(2):339–47.

	5.	 Mattock HC, Ryan R, O’Farrelly C, Babalis D, Ramchandani PG. Does a 
video clip enhance recruitment into a parenting trial? Learnings from a 
study within a trial. Trials. 2020;21(1):856.

	6.	 Arundel CE, Clark LK, Parker A, Beard D, Coleman E, Cooper C, et al. Trial 
forge guidance 4: a guideline for reporting the results of randomised 
studies within a trial (SWATs). Trials. 2024;25(1):183.

	7.	 Berry DA. Bayesian clinical trials. Nat Rev Drug Discov. 2006;5(1):27–36.
	8.	 Spiegelhalter DJ, Freedman LS, Parmar MK. Bayesian approaches to rand-

omized trials. Journal of the Royal Statistical Society: Series A (Statistics in 
Society). 1994;157(3):357–87.

	9.	 Greenland S, Senn SJ, Rothman KJ, Carlin JB, Poole C, Goodman SN, et al. 
Statistical tests, P values, confidence intervals, and power: a guide to 
misinterpretations. Eur J Epidemiol. 2016;31(4):337–50.

	10.	 Parmar MKB, Sydes MR, Morris TP. How do you design randomised trials 
for smaller populations? A framework. BMC Med. 2016;14(1):183.

	11.	 Clements MN, White IR, Copas AJ, Cornelius V, Cro S, Dunn DT, et al. 
Improving clinical trial interpretation with ACCEPT analyses. NEJM Evid. 
2022. https://​doi.​org/​10.​1056/​EVIDc​tw220​0018.

	12.	 O’Farrelly C, Watt H, Babalis D, Bakermans-Kranenburg MJ, Barker B, Byford 
S, et al. A brief home-based parenting intervention to reduce behavior 
problems in young children: a pragmatic randomized clinical trial. JAMA 
Pediatr. 2021;175(6):567–76.

	13.	 Gelman A, Jakulin A, Pittau MG, Su Y-S. A weakly informative default 
prior distribution for logistic and other regression models. The Annals of 
Applied Statistics. 2008;2:1360–83.

	14.	 Sullivan SG, Greenland S. Bayesian regression in SAS software. Int J Epide-
miol. 2013;42(1):308–17.

	15.	 Schmidli H, Gsteiger S, Roychoudhury S, O’Hagan A, Spiegelhalter D, 
Neuenschwander B. Robust meta-analytic-predictive priors in clinical 
trials with historical control information. Biometrics. 2014;70(4):1023–32.

	16.	 Hutchison C, Cowan C, McMahon T, Paul J. A randomised con-
trolled study of an audiovisual patient information intervention on 
informed consent and recruitment to cancer clinical trials. Br J Cancer. 
2007;97(6):705–11.

	17.	 Du W, Mood D, Gadgeel S, Simon MS. An educational video to increase 
clinical trials enrollment among lung cancer patients. J Thorac Oncol. 
2008;3(1):23–9.

	18.	 Treweek S, Lockhart P, Pitkethly M, Cook JA, Kjeldstrøm M, Johansen 
M, et al. Methods to improve recruitment to randomised controlled 
trials: cochrane systematic review and meta-analysis. BMJ Open. 
2013;3(2):e002360.

	19.	 Ibrahim JG, Chen MH, Gwon Y, Chen F. The power prior: theory and appli-
cations. Stat Med. 2015;34(28):3724–49.

	20.	 Arundel CE, Clark L, Coleman E, Doherty L, Parker A, Torgerson DJ. Chal-
lenges and solutions to the implementation of studies within a trial: the 
experiences of the PROMETHEUS programme. Research Methods in 
Medicine & Health Sciences. 2023;4(1):16–23.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://www.abpi.org.uk/media/r5wfa1mc/rmi-0128-0919-clinical-trials-report.pdf
https://www.abpi.org.uk/media/r5wfa1mc/rmi-0128-0919-clinical-trials-report.pdf
https://doi.org/10.1056/EVIDctw2200018

	The use of Bayesian methods for the analysis of Studies Within A Trial: a proof-of-concept case study
	Abstract 
	Background and Aims 
	Methods 
	Results 
	Conclusions 

	Background and Aims
	Methods
	Description of Du et al. 2009 SWAT​
	Description of Mattock et al. HSHS SWAT​
	Bayesian SWAT analysis
	ACCEPT analysis

	Results
	Frequentist inference for Du et al. 2009 SWAT​
	Bayesian inference for Du et al. 2009 SWAT​
	Frequentist inference for Mattock et al. HSHS SWAT​
	Bayesian inference for Mattock et al. HSHS SWAT​

	Discussion and conclusions
	Main findings
	Strengths and limitations
	How this study compares with othersresearch in context

	Conclusions
	Acknowledgements
	References


