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Bullet point summary  

What is already known about this subject 

 Randomised controlled trials (RCTs) usually adopt a highly controlled and 

experimental setting to confirm a causal relationship between intervention and 

outcome; 

 Pragmatic clinical trials (PCTs) are RCTs implemented through routine clinical 

practice to increase generalizability of results and inform decision-makers on the 

effect of medical interventions in routine clinical practice; consequently, the design 

features of PCTs are less controlled 

 However, modifying the design features of trials to improve pragmatism introduces 

statistical issues; 

What this study adds 

 Best practice recommendations were generated by an international panel of experts 

providing a general framework for trialists to identify risks of bias in PCTs; 

 These potential risks need to be gauged in the light of the trial estimand and can be 

minimized primarily by design, and/or through data analyses; 
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Abstract  

Aim Pragmatic clinical trials (PCTs) are randomised trials implemented through routine 

clinical practice, where design parameters of traditional randomised controlled trials are 

modified to increase generalizability. However, this may introduce statistical challenges. We 

aimed to identify these challenges and discuss possible solutions leading to best practice 

recommendations for the design and analysis of PCTs. 

Methods A modified Delphi method was used to reach consensus among a panel of 11 

experts in clinical trials and statistics. Statistical issues were identified in a focused literature 

review and aggregated with insights and possible solutions from expert collected through a 

series of survey iterations. Issues were ranked according to their importance. 

Results 27 articles were included and combined with experts’ insight to generate a list of 

issues categorized into: participants; recruiting sites; randomisation, blinding and 

intervention; outcome (selection and measurement); and data analysis. Consensus was 

reached about the most important issues: risk of participants’ attrition; heterogeneity of 

“usual care” across sites; absence of blinding; use of a subjective endpoint; and data analysis 

aligned with the trial estimand. Potential issues should be anticipated and preferably be 

addressed in the trial protocol. The experts provided solutions regarding data collection and 

data analysis, which were considered of equal importance.  

Discussion A set of important statistical issues in PCTs was identified and approaches were 

suggested to anticipate and/or minimize these through data analysis. Any impact of choosing 

a pragmatic design feature should be gauged in the light of the trial estimand. 
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Main text  

Introduction  

 Randomised controlled trials (RCTs) are widely used for the evaluation of medical 

interventions such as medicines. As has been recognised several decades ago, the research 

questions of RCT can vary from explanatory to more pragmatic ones [1]. In explanatory 

RCTs, the research question concerns the testing of a biological mechanism and evaluation of 

causal effects of e.g. medicines. This involves careful selection of study participants most 

likely to respond to treatment and careful monitoring of study participants in order to ensure 

that the intervention is applied as intended and study participants take the medicines. 

Explanatory RCTs are typically used to obtain marketing approval for the medicine. In 

contrast, pragmatic RCTs test the effects of an intervention in usual clinical practices, 

whether the decision to use the intervention improves health outcomes in the usual healthcare 

delivery process [1].  

These RCTs typically are closer to the routine clinical practice in terms of e.g., participants 

(broader edibility criteria), recruiting sites (representative of routine healthcare providers), 

patient clinical assessment and follow-up, choice of comparator, or of outcome [2, 3]. There 

is a continuum between the explanatory attitude of an RCT and the pragmatic attitude of a 

PCT and the extent to which a trial is pragmatic can be assessed using the PRECIS [4] and 

PRECIS-2 tool [5]. This tool scores a trial design on nine different domains in order to assess 

whether the trial design matches the intended use of the trial results however it does not 

provide a detailed overview of the statistical challenges associated with PCTs. 

Modifying the design features of trials to improve pragmatism introduces various challenges 

related to their implementation [6] or to compliance with good clinical practice [7]. 

Moreover, these modifications introduce statistical issues that remain only partially explored 
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or solved [8-11]. No guidelines have been developed in this research area that would involve 

a wide range of experts. To bridge this gap, we set out to identify and prioritize the statistical 

issues incurred by the design and conduct of PCTs, and where possible suggest potential 

statistical solutions to address them, and develop best practice recommendations using a 

panel of international experts in clinical trials and statistics. This study was conducted in the 

realm of the GetReal Consortium [12] which brought together stakeholder groups involved in 

the generation, analyses, and use of real-world data for drug development (i.e., 

pharmaceutical industry, academia, health technology and regulatory bodies) in order to 

improve and promote the generation of real-world data earlier in the drug development 

process. It included an almost even balance of participants from the public sector and the 

private sector. 

Methods 

The Delphi (and Modified Delphi) technique is a qualitative research method used to build 

consensus amongst a group of experts around complex issues [13, 14]. The technique uses a 

series of rounds or iterations where experts independently provide information on a given 

topic. 

Our study used aspects of classical and modified Delphi techniques [15] to identify the 

potential statistical issues present in pharmacological PCTs and, where possible solutions 

based on experts’ experience in conducting PCTs, reaching consensus among experts so as to 

generate best practice recommendations. The material generated was processed, thematically 

analysed, and summarised by three researchers independent of the expert panel (VP, SS, and 

CN). 
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Phase 1 - Expert Panel Recruitment 

Ethical approval was sought from The University of Manchester ethics committee which 

considered a formal ethical review unnecessary because the study would ask professionals 

questions strictly within their professional competence.  

We identified experts using the following criteria: (i) epidemiologists or statisticians, (ii) 

working in academia or in the pharmaceutical industry, (iii) with extensive experience in 

designing and/or analysing PCT data as per their publication records. A minimum of eight 

experts was deemed necessary to providing sufficient insight and expertise [16]. We also 

sought diversity in terms of country of origin, and as far as possible, gender. Thirty eight 

experts (24 academics and 14 industry professionals) from academia working in trial design, 

e.g., directors in pragmatic trials units, and industry trial experts participating to the Getreal 

Consortium were identified and invited to take part via email of whom 11 agreed to 

participate. For more information regarding the experts’ area of expertise, see supplementary 

Table S1. 

Phase 2 – Focused Literature Review 

The first source of information was derived from a focused literature review to identify the 

statistical impact of modifying traditional RCT features to make them more pragmatic 

(hereafter called statistical issues), and potential solutions to overcome these issues. The 

search algorithm (supplementary Table S2) was run in PubMed and Embase. Twenty-five 

articles were identified and screened independently by the study researchers on Title and 

Abstract, resulting in 18 articles that were read in full and 13 included. The reference lists of 

included articles were reviewed for further relevant articles, providing 14 additional articles 

and a final set of 27 articles (identified as of 2019; supplementary Table S3). The set of 

statistical issues identified were categorised into five design parameter categories: (1) 
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Participants; (2) Recruiting sites; (3) Randomisation, blinding and intervention; (4) Outcome 

selection and measurement; and (5) Data analyses. 

Phase 3 – Iterations of Expert Review and discussions 

The iteration process of data generation and consensus building among experts is detailed in 

Figure 1. All surveys were circulated via email and replies were sent to the researcher team 

independent of other experts. The first few iterations followed a classical Delphi approach, 

whereby open qualitative information was gathered from multiple sources to gain a 

comprehensive list of known statistical issues in PCTs, and any possible known analytical 

solutions. The first survey asked experts to independently list the main issues and solutions, if 

available, within each of the above-described design categories. The results from the focused 

literature review and from the first survey were presented to the experts during a day-long in 

person meeting in order to gather their feedback and further insight. These sources of 

qualitative information were pooled, analysed thematically and synthesised, thus providing 

material for a second survey.  

A modified Delphi process was then adopted for alternative rounds of independent surveys 

and virtual group discussions (2 hours each). This approach was adopted to consolidate and 

refine the data generated (e.g. clarification on reasoning or to refine discrepancies in 

terminology). The second survey asked experts to independently rank the perceived levels of 

importance of the impact that each issue may have on the validity of PCT results, as well as 

to provide and/or review the current recommended solutions. The ranking from experts was 

collated to generate a global ranking for each issue within each design category, whilst also 

identifying the level of disagreement between experts to be discussed in later iterations. The 

first virtual meeting aimed to clarify any reason for disagreement and reduce the number of 

issues down to five for each design category (thus a total of 25 issues). Due to the volume of 

issues raised, it was decided with the experts to focus on the top five for each design 
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parameter, for each category, to focus on the most important potential issues that trialists and 

clinicians should bear in mind when designing PCTs, therefore statistical issues that did not 

receive a ranking were deemed less important and disregarded for future iterations.  

The third survey presented the ten most important issues by design category and where 

experts were asked to independently review and comment on the newly synthesised list of 

statistical issues and their level of potential impact on the validity of PCT results. The results 

from this survey were then analysed and discussed with experts during a final 

teleconferences. The second discussion focused on reviewing the statistical solutions. The 

aim was to explore all possible solutions available, regardless of agreement among experts.  

Following these iterations, a set of Best Practice Recommendations for the statistical analysis 

of PCTs were sent to the experts for their final review and validation.  

Results  

Regarding surveys, seven experts provided responses to survey one, nine experts to survey 

two, and nine experts to survey three. All eleven experts attended the in person meeting and 

teleconferences and provided feedback on the final report. 

The results of the focused literature review, outputs from the first survey, and additional 

insight gained during the in person meeting resulted in a list of 85 statistical issues. After the 

third survey, saturation of issues was reached, i.e., no additional issues and solutions were 

reported in future discussion with experts.  

Most important statistical issues 

The most important statistical issues within each design category are listed in Table 1. The 

issues related to “Participants” were: willingness to stay in the trial and attrition; absence of 

adherence-enhancement strategy; broad eligibility criteria and heterogeneity of treatment 



 

This article is protected by copyright. All rights reserved. 

effects; absence of a standard and strict definition of disease, and motivation to take part in 

the trial. Regarding “Recruiting sites”, the key issues were due to the heterogeneity of care 

provided; heterogeneity in the availability of treatment strategies; heterogeneity of data 

measurement and collection; heterogeneity in the ability to take part in the trial; and 

fragmentation of care. Design features related to “Randomisation, blinding and intervention” 

and leading to potential statistical issues included: the absence of blinding; treatment 

switching between treatment arms; physicians’ preference and subversion; and selection bias 

in cohort-multiple RCTs (a type of pragmatic design where participants are sourced and 

randomised from a large cohort of patients) which is differential between the intervention and 

the control arm. In terms of selection and measurement of outcome in PCTs, the choice of a 

subjective endpoint, the difficulties in collecting outcome data, and the timing of outcome 

measurement were deemed important by experts. Finally, regarding data analyses of PCTs, 

the challenges included: analyses being aligned with the estimand targeted for the treatment 

effect, the handling of missing outcome data and the lack of statistical power. Most 

importantly, the experts emphasized that the set up design and planned analysis of trial data 

were essential and needed scrutinising in the design phase, ensuring all aspects of the trial 

aligned with the estimand. 

Over the process of reaching an agreement, the perceived importance of issues was 

commonly agreed for the vast majority. For a few issues though, the experts expressed 

differing perspectives even after clarification of any misunderstanding. For example, there 

was some disagreement on whether including participants regardless of their level of 

adherence to treatment (or the absence of adherence-enhancement strategy) was an issue. One 

perspective held was that different levels of adherence to treatment increase the risk of 

misclassification of exposure. The second perspective was that adherence to treatment is an 

intrinsic aspect of treatments’ effectiveness in routine clinical practice, estimation of which is 
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the purpose of PCTs. Through the discussions related to further understanding discrepancies 

in perceiving the importance of specific issues, including the one above, the experts agreed 

that the impact of a specific statistical issue actually depends on the trial estimand, i.e., the 

target of estimation. For instance, the absence of adherence-enhancement strategy is an issue 

if the aim of the PCT is to explore treatment safety; in this case adherence to treatment should 

be ascertained to be able to attribute any adverse event to the actual exposure to treatment. If 

the aim of the PCT is to measure treatments’ effectiveness of which adherence is one aspect, 

then any lack of adherence should not be perceived as an issue but rather an aspect of 

treatment to be measured, e.g., through self-reported questionnaires or by the medication 

possession ratio. 

Solutions to mitigate statistical issues  

A large array of solutions was provided by experts without any prioritisation between them. 

Early during the course of discussions, the experts highlighted the importance of identifying 

possible issues early during the trial design process and mitigating them at a protocol-level. 

Solutions based on analytical approaches (e.g., imputation techniques of missing data) were 

deemed as important as strategies that can be implemented before and during the trial conduct 

(e.g., assessing the completeness and quality of data collection in sites prior to trial start-up). 

The solutions were therefore categorized into “set up solutions” (how to design the PCT so as 

to minimise any risk of bias) and “analytical solutions” (how to account for potential bias in 

the statistical analyses). These solutions are listed in Table 2. Regarding set up solutions, the 

experts stressed the importance of planning the collection of adequate data allowing for the 

conduct of specific analyses to identify bias, e.g., measuring the reasons for patients’ attrition 

and switching, measuring adherence level, collecting characteristics of sites, measuring 

patients’ expectation of treatment. Regarding data analyses, the experts emphasised the 

importance of carefully describing trial data before using more complex analyses. 
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Discussion 

In this study, we thoroughly identified the potential statistical issues and risk of bias incurred 

by the use of pragmatic design features in a clinical trial. Various sources of information were 

combined (focused literature review and expert insight) and synthetized. A consensus was 

built among 11 experts on the most critical issues and listed along with possible set up or 

analytical solutions to mitigate them.  

Key results 

The importance of clearly defining the trial estimand appeared to be the key starting point for 

conducting a good-quality trial. The necessity for experts to discuss extensively the 

importance of some issues led to the conclusion that “this all depends on the trial estimand”. 

In the light of the trial estimand, an issue could be more or less of a concern. Although the 

design of a clinical trial and the question that it intends to address seem to be straightforward 

(what is the treatment effect? “Does the intervention work under ideal circumstance?” [17]), 

the specific measure behind what is called “treatment effect” is subtle and needs to be 

clarified to avoid misunderstanding and misinterpretation of results. The International 

Council for Harmonisation (ICH) of clinical trials has recently developed a framework using 

the construction of the estimand to facilitate precision in describing a treatment effect of 

interest [18].  

Although the solutions were initially envisaged on the analytical angle, the experts 

emphasised the need for potential issues to be anticipated at a protocol level. Putting in place 

strategies to minimize bias before and during the conduct of a trial reduces the need for 

complex analyses to account for it. These set up solutions included, for instance, the 

collection of data necessary to identify the source of a possible bias, or suggestions to 
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improve the quality of outcome measurement or data collection in recruiting sites that are less 

used to participate in trials.  

Altogether, the best practice recommendations provided by experts follow a step-by-step 

approach: (1) defining precisely the trial estimand; (2) anticipating possible statistical issues 

during the protocol development; (3) planning for set up solutions to be implemented before 

or during the trial conduct; (4) carefully describing any source of bias using trial data; and if 

necessary (5) performing more complex statistical analyses to adjust for these biases.  

In the literature, a large proportion of the challenges and sources of bias in PCTs that were 

identified and discussed are related to cluster randomized trials (CRTs) and the risk of 

insufficient statistical power. Regarding CRTs, post-randomisation recruitment and 

subversion were identified as causing potential differential recruitment patterns and 

imbalance of participants’ baseline characteristics [19-23]. In the present study, the experts 

also considered post-randomisation recruitment in CRTs as being critical. Previous studies 

reported other issues specific to CRTs: intra-cluster correlation [11], “unit-of-analysis error” 

overestimating treatment effect size [24], risk of imbalanced participants characteristics at 

baseline [25] and risk of unequal cluster size leading to reduced statistical power [10]. 

Although these issues were listed and discussed by experts, they were not considered as being 

the most impactful; moreover, these issues are specific to CRTs. Reasons for potential 

insufficient statistical power include the recruitment of a more heterogeneous population and 

the inability to detect a treatment-by-subgroup interaction [9, 26], the conduct of stepped-

wedge cluster randomized trials [27] or of cohort-multiple RCTs [28]. In the present study, 

the risk of not reaching adequate statistical power was considered important, but for reasons 

that are numerous and go beyond the conduct of a CRT or a stepped-wedge CRT. Contrary to 

previous study reports, the experts listed and discussed issues and solutions irrespective of a 

specific trial design, thus generating a general framework applicable to any type of PCT.  
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Strength and Limitations  

A diverse panel of experts from several countries took part in the present study. Experts were 

academic researchers in the realm of clinical trial methodology and pharmaceutical industry 

experts bringing specific insight on the use of PCTs for regulatory purposes. The variety in 

experts’ background provided different and complementary perspectives on trial 

methodologies. Participation of experts was good and constant throughout the study conduct. 

Moreover, saturation of themes (issues and solutions) was reached after the last survey. 

Altogether, we believe that the set of best practice recommendations generated reflects a 

thorough and complete picture of the statistical consequences and hurdles incurred by the 

conduct of PCTs.  

One limitation of our study is that the design features are not fully aligned with the PRECIS-2 

framework that consists in nine dimensions, and not five design categories. This may be 

confusing for readers familiar with this framework. However, there is an overlap between our 

categorization and the PRECIS-2 framework and the issues listed by experts all fall into one 

of the nine PRECIS-2 dimensions. For instance, three PRECIS-2 dimensions correspond to 

our design category “recruiting sites”: “recruitment” (how are participants recruited in the 

trial?), “setting” (where is the trial being done?) and “organisation” (what expertise and 

resources are needed to deliver the intervention?). Some statistical issues identified as crucial 

for experts go beyond the PRECIS-2 framework, e.g., missing outcome data, because the 

latter aims at exploring the level of pragmatism of a PCT and not at anticipating specific 

statistical issues related to this pragmatism. Another limitation was that our study focused on 

identifying statistical issues in PCTs for pharmacological interventions; our results may be 

generalizable to other types of medical interventions (e.g., surgery, therapeutic education, 

psychotherapies) but this was not explored. 
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Implication and conclusion  

The best practice recommendations generated by this study provide a general framework for 

trialists to identify risks of bias and minimize them by design or through data analyses. This 

framework aims at bringing awareness on the key questions that need to be discussed and 

addressed when designing a trial. The outputs of the present study should be considered as a 

starting point of discussions and future research involving the broader scientific community.  
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Table 1: Important statistical issues in pragmatic clinical trials as per experts’ opinion and 

categorized by study design parameter 

Modification of design 

feature 

Statistical consequence 

1. Participants recruitment and follow-up 

1.1. Willingness to 

stay in the trial and 

attrition 

In PCTs, no specific method is used to improve participants’ 

compliance to the trial protocol, in particular regarding the 

duration of the trial [29]. The willingness of participants to stay 

in the trial throughout its duration may affect their participation 

thus leading to attrition and missing outcome data. In addition, 

participants who are lost to follow-up are likely to have distinct 

characteristics, including worse functional outcomes, medical 

complications or death. 

1.2. Absence of 

adherence-

enhancement strategy 

Contrary to numerous RCTs [30] the expected level of 

adherence to treatment is not an exclusion criterion in PCTs. 

Participants’ level of adherence will be reflecting that of routine 

clinical practice.  

The experts expressed two perspectives regarding this possible 

issue. On the one hand, lack of adherence may lead to 

erroneously considering participants as exposed thus leading to 

misclassification and dilution of the treatment effect [31]. On 

the other hand, adherence may be considered as an intrinsic 

aspect of treatment potentially reflecting its effectiveness and 

tolerability. The extent to which adherence is an issue will 

depend on the trial estimand. 

1.3. Broad eligibility 

criteria and 

heterogeneity of 

treatment effects 

As participants of heterogeneous characteristics are included in 

PCTs, it is possible that some phenotypes modifying the effect 

of treatment – treatment effect modifiers – are at play, e.g., 

older age, behavioural risk factors [32].  

Heterogeneity of treatment effects reflects patients’ diversity in 

disease risk, responsiveness to treatment, vulnerability to 

adverse effects, and utility for different outcomes [33]. 

However, in case of treatment effect modification, estimating 

only the average treatment effect is disputable because this 

assumes a similar treatment effect across heterogeneous patient 

characteristics. One consequence is a decrease of statistical 

power. Similarly, if treatment heterogeneity leads to more harm 

than benefit in some subgroups, the net average treatment effect 

may be close to zero and the trial may be negative, despite the 

potential benefit in some subgroups [33].  

1.4. Absence of a 

standard and strict 

definition of disease 

In PCTs, the diagnosis of the disease of interest may be left at 

the discretion of recruiting physicians. In the absence of 

standard and consistent definition of the disease across sites, 

participants with a wide range of disease severity or even with a 
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wrong diagnosis may be included in the trial. In this case, the 

treatment effect is likely to be underestimated, with a lack of 

statistical power to show the average treatment effect or to 

detect a treatment-by-subgroup interaction [3, 26, 27].  

Heterogeneity of treatment effect is different from 

heterogeneity of patients however, the two are related. 

1.5. Motivation to 

take part in the trial 

and generalizability of 

results 

Recruiting participants who are representative of routine 

clinical care is one important aspect of PCTs. Some subjects 

will agree to participate in the trial while some will not, thus 

leading to self-selection bias.  

Although this issue is not specific to PCTs, some experts 

stressed that self-selection of certain categories of subject is a 

direct violation of the very principle of PCTs. 

2. Recruiting sites 

2.1. Heterogeneity of 

care provided by 

participating sites  

Sites involved in the trial will have heterogeneous standards of 

“usual care” (e.g., clinical expertise, quality of medical care and 

process, providing the treatment in the right way, following 

best practice, having the adequate equipment).  

The heterogeneity of sites participating in the trial may affect 

the extent to which the treatment will “work”, because the 

treatment effect is “confounded” by other aspects of care. 

2.2. Heterogeneity in 

the availability of 

treatment strategies 

In addition, all eligible sites may not deliver the intervention of 

interest or the comparative treatment planned in the design of 

the trial. These sites may thus be unable to take part in the trial. 

2.3. Heterogeneity of 

data measurement 

and collection 

In PCTs, data may be collected through electronic medical 

records (eHR), namely to minimize the burden for physicians. 

Different recruiting sites may collect data in a heterogeneous 

manner. The harmonisation of data collection, that is necessary 

for statistical analyses, may be jeopardized by: a) various 

medical data collection processes or data capture tools 

(software, format of data, etc.); b) different coding systems 

(e.g., ICD-10, Read codes); c) different terminologies (different 

medical terms can be used). Second, data accessibility and 

granularity (completeness) may differ across sites thus leading 

to missing data. Collecting trial data through eHRs compared to 

case report forms (as in traditional RCTs) is prone to 

measurement errors or missing data because data collected in 

eHRs are not purposefully collected for trials. In addition, data 

is not collected by trained study investigators but rather as part 

of routine clinical practice. 

2.4. Heterogeneity in 

the ability to take part 

in the trial 

Eligible sites are also heterogeneous in terms of experience in 

participating to a trial; the less experienced sites may be less 

willing to participate, thus leading to a selection bias towards 

more experienced and bigger sites.  

The quality of data collection may be lower in less experienced 
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sites too. In smaller recruiting sites, the number of eligible 

subjects and, in turn, the possible number of participants in the 

PCT may affect the speed of recruitment (leading to unplanned 

temporal imbalance in recruitment and follow-up) or small 

sample size. It was noted that stepped-wedge trials are prone to 

secular trend [34]. 

2.5. Fragmentation of 

care 

Because patients may be treated by different healthcare 

professionals who may not share information, important 

information necessary for the trial (eligibility criteria or 

outcome) may be missing for the investigator. If participants 

are followed up in multiple sites, there is a risk of missing 

information.  

3. Randomisation, blinding and intervention 

3.1. Absence of 

blinding and patient 

expectations 

In PCTs, the intervention may be provided in a non-blinded 

fashion either because the intervention cannot be blinded (e.g., 

a complex intervention, a surgical technique) or because this 

was deemed more pragmatic. Patients’ expectations or 

preferences may be superior for one intervention and the “new” 

intervention may be perceived as more appealing or vice versa 

[35].  

The absence of blinding may increase drop-out rate, increase 

treatment discontinuation or switching rates [3, 8] and affect 

outcome measurement in a differential manner between study 

arms [10, 36]. 

3.2. Cross-over 

between treatment 

arms, treatment 

switching  

Therapeutic switch is possible in PCTs and may be influenced 

by the perceived inefficacy by patients or physicians or 

tolerability of the treatment [37], in particular in the absence of 

blinding. This has several consequences:  

 The participation of patients in the original treatment arm is 

shorter than planned 

 Switchers are not comparable to non-switchers; assessing 

treatment effect only in non-switchers leads to biased 

results.  

The estimand needs to be correctly defined, e.g., is the aim of 

the trial to measure the comparative effect of being assigned to 

/ initiating a treatment, or of actually taking the treatment? In 

the latter case, treatment switching is problematic.  

3.3. Physicians 

preference and 

subversion 

In a cluster-randomised trial, randomisation is done at the site 

level and not the patient level. Physicians know to which 

therapeutic arm their clinical site was randomized to. If the 

recruitment of patients takes place after the randomisation of 

sites (post-randomisation recruitment), subversion may 

influence the decision of a physician to include a particular 

patient. Physicians’ preference can lead to selection bias and 

confounding (unbalanced characteristics between treatment 

arms at baseline) [19, 21, 22, 34].  
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3.4. Selection bias in 

cohort-multiple RCTs 

being differential 

between the 

intervention and the 

control arm 

In a cohort-multiple RCT, there is a two-step consent: first for 

all patients when included in the cohort (consent for data 

collection) and second, for switching to the new treatment (only 

for patients randomised to this therapeutic arm).  

This design is prone to differential selection bias: refusal to 

treatment is only present in the intervention arm, and this may 

lead to bias and reduce statistical power [28, 38]. 

4. Outcome selection and measurement 

4.1. Choice of a 

subjective endpoint 

In a PCT the primary endpoint may involve subjective 

measures possibly reported by patients – patients-reported 

outcomes (e.g., pain, health-related quality of life, satisfaction 

with care) because these could be more relevant for patients. If 

this measure is reflecting a concept, or a latent trait like in 

questionnaires, the “truth” may differ from the measure 

obtained hence measurement error.   

Subjective measures are more susceptible to individual 

interpretation. For example, in a trial on arthritis therapy [39], 

the investigator could assess a combination of objective (e.g., 

biological results, CT scan) and subjective measures (e.g., 

pain). In routine clinical care physicians adapt treatments based 

on patients’ perception and not only using hard endpoints. 

4.2. Difficulties in 

collecting outcome 

data, missing outcome 

data 

In PCTs the risk of missing outcome data is important [40, 41] 

due to a) sites and physicians: heterogeneous mode of data 

collection (item 2.3) and fragmentation of care (item 2.5) and b) 

patients: willingness to stay in the trial and drop out (item 1.1), 

timing of outcome measurement (item 4.3).  

If the error in outcome measurement is substantially different 

between therapeutic arms, this leads to differential 

misclassification bias. 

4.3. Timing of 

outcome 

measurement 

Contrary to traditional RCTs in which the collection of medical 

information is scheduled at pre-specified dates, in PCTs, the 

date for outcome measurement may be unspecified. The 

outcome of interest is recorded e.g., only when/if the patient 

comes for a medical visit and attends the healthcare setting 

Depending on disease severity (which may be affected by the 

intervention), patients have more frequent (or less) visits, some 

of which may be unscheduled. This can lead to differential 

outcome measurement and bias.  

5. Data analysis  

5.1. Analysis aligned 

with the estimand 

PCTs may address many different questions and thus 

potentially target different estimands. The importance of 

statistical analysis being aligned with the estimand is 

particularly salient in PCTs.  

The impact of loosening traditional design detailed above may 

be more or less important depending on the estimand, e.g., in 
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relation to: 

 Willingness to stay in the trial and risk of attrition;  

 Adherence; 

 Heterogeneity of treatment effect; 

 Generalisability of results; 

 Treatment switching; 

 Timing of outcome measurement 

5.3. Handling of 

missing outcome data 

The difficulties in collecting outcome data and the risk of 

missing outcome data are more important in PCTs than in 

RCTs due to the reasons provided above (item 4.2). 

Handling missing outcome data is particularly challenging. 

5.3. Lack of statistical 

power 

PCTs can fail to reach the required and anticipated statistical 

power [27, 28, 38] due to:  

 Fewer patients included than planned, e.g., reduced 

number of sites participating in CRTs; 

 Patient behaviour (e.g., adherence) 

 Increased variance of treatment effect due to 

heterogeneous population 

 Increased heterogeneity of patients (broader patient 

eligibility of real world studies); 

 The varying number of treatments regimes available to 

patients in clinical practice; 

 Increased variation in the outcome / endpoint; 

 Sporadic timing of assessment/measurement recordings 
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Table 2: Set up and analytical solutions recommended, to prevent or address statistical issues 

identified in pragmatic clinical trials, categorized by study design parameter  

Source of issue Set up Analytical 

1. Participants recruitment and follow-up 

1.1. 

Willingness to 

stay in the trial 

and attrition 

Patients engagement 

 Minimize the burden to patients 

of participating in the trial; 

 Consider remote consultations 

 Involve the public and patient 

groups through Patient and 

Public Involvement and 

Engagement [42] early in the 

design stage; provide regular 

feedback on the trial (e.g., online 

information on recruitment); 

 Select a motivating and relevant 

intervention/outcome to engage 

interest of patients; 

 

Minimize the risk of missing 

outcome data 

 Provide training to physicians (at 

an individual/site level) so that 

patients participating in the trial 

are followed-up through the 

entire trial duration, i.e., until 

outcome measurement 

irrespective of what happens 

after randomisation (e.g., 

treatment switching or 

discontinuation). 

 Increase the ease of data 

collection, e.g., use user-friendly 

tools for outcome assessments, 

when appropriate (e.g., smart 

phone, connected watch, 

glucometer); 

 Capture some endpoints in other 

data sources (e.g., death 

registries) or by linking data to 

follow-up on patients that have 

dropped-out (ethics dependent);  

 Pay specific attention to trial 

duration in the absence of 

participant retention strategy; 

First, this may be relevant to 

understand reasons for attrition:  

 Consider qualitative evaluation to 

gain an understanding of why 

patients dropped-out; 

 The reasons for attrition can be 

described  

 

Then, analytical solutions to manage 

missing outcome data depend on the 

nature of missingness and trial 

estimand.  

 See item 5.2 on missing outcome 

data 
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 Plan to monitor patients 

participation when high drop-out 

rates are expected  

 

Specific data collection 

 Collect accurate reasons for 

attrition and consider sensitivity 

analyses to address potential 

issues due to missing data. 

 Plan to collect time-varying 

data/measures and reasons for 

attrition preferably close to the 

censoring time;  

1.2. Absence of 

adherence-

enhancement 

strategy 

Is adherence important? 

 Provide a clear definition of the 

trial estimand and specify 

whether lack of adherence should 

be accounted for; 

 

What is the level of adherence? 

 Measure adherence carefully. 

There are many methods to 

measure adherence including: 

collecting information on drug 

dispensing, e.g., possession ratio 

[43]; asking patients to return 

drug packets; measuring blood 

drug concentration when 

appropriate; 

 Provide a definition of 

measurements indicative of a 

“good” adherence and how to 

measure it, using a threshold or a 

continuous score, e.g., using the 

Medication Adherence Report 

Scale (MARS) score [44]. 

 

In any case, patients that stop 

treatment need to continue 

participating in the trial 

Adjust for adherence with attention 

to the estimand (safety or 

effectiveness). 

 

If lack of adherence is an issue, the 

analytical methods to adjust for 

adherence include:  

 Principal stratification approaches, 

i.e., identify underlying strata and 

then compute causal effects within 

strata – patient-level adherence 

[45]; 

 Estimation of the Complier-

Average Causal Effect (CACE) – 

measuring the impact of an 

intervention in a subgroup of the 

population – e.g., using 

instrumental variables – another 

variable (instrument) [46]; 

 

Of note, this is important to 

understand whether lack of 

adherence is random, or related to 

the treatment [47]. 

1.3. Broad 

eligibility 

criteria and 

heterogeneity 

of treatment 

Is heterogeneity an issue? 

 Provide a clear definition of the 

trial estimand and specify 

whether one interest of the trial is 

to identify and measure 

The statistical approach depends on 

whether or not hypothesis on 

treatment effect modification was 

made  

 When hypothesis were made on 



 

This article is protected by copyright. All rights reserved. 

effects heterogeneity of treatment effects 

 If so, sample size should be 

determined such that treatment 

effect heterogeneity can be 

detected. If the trial sample is to 

small (lack of statistical power) 

or the participants not 

representative of the actually 

treated patients, the trial may fail 

to show heterogeneity of 

treatment effect [48]. For 

instance, sicker patients or more 

adherent patients will be more 

likely to participate in the trial, 

while severity of disease or 

adherence may modify the effect 

of the drug in real world.  

 

Measuring heterogeneity 

 Explore the risk of effect 

modification, identify possible 

effect-modifiers and determine 

which variables should be 

collected to measure effect 

modification; 

 Ideally, generate hypothesis on 

confounding and effect 

modification prior to data 

collection and data analyses. 

 Establish biological or 

physiological rationale when 

considering effect modification: 

is it true effect modification? Is it 

spurious?  

 

Measuring the average treatment 

effect  

If it is relevant clinically to 

measure the average treatment 

effect, despite heterogeneity of 

treatment effect 

 Pre-specify if you intend to 

conduct and report 

subgroup/stratified analysis 

based on the expected 

effect modifiers with a pre-

specified analysis strategy, these 

must be confirmed according to the 

statistical analyses plan: sub-group 

analysis; consider also comparing 

the effect size estimates obtained 

from the subgroups;  

 If sub-group analysis are 

conducted but were not pre-

specified in the statistical analyses 

plan, one must be very clear about 

post-hoc analysis; 

 When no hypothesis was made on 

effect modifiers, this is still 

necessary to identifying 

heterogeneity of treatment effects: 

Outcome Weighted Learning 

(OWL) approaches [50] or other 

machine learning techniques [51] 

are ways to identify heterogeneity 

of treatment effect, and find 

covariates that demonstrate 

different treatment effect within 

subgroups defined by the 

covariates (these do not adjust for 

confounding but identify 

heterogeneity); 
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heterogeneity of treatment effect 

[49]; 

 Statistical power needs to be 

anticipated accordingly 

1.4. Absence of 

a standard and 

strict definition 

of disease 

Generalisability issues: 

 Decide whether physicians 

should be provided with a 

standard definition of the disease 

of interest, and clarify eligibility 

criteria – although this is a less 

pragmatic approach 

 Review the databases of all sites 

before patient recruitment to 

identify the criteria used to 

define the disease of interest 

compared;  

 

Statistical power:  

 Anticipate the need to increase 

sample size to address the 

increased variance; 

 Consider enrichment designs, 

e.g., the recruitment of patient 

sub-groups e.g., based on disease 

severity; when sample size is 

reached for one group stop 

recruiting and continue for other 

sub-groups until sample size is 

reached (i.e., to gain adequate 

power for each sub-group 

analysis) 

Use random-effects model including 

random effects per disease severity 

subgroup to account for 

heterogeneity across these subgroups 

1.5. Motivation 

to take part in 

the trial and 

generalizability 

of results 

What is the target “routine clinical 

care” population for the trial? 

 When designing the trial and 

using other sources of data (e.g., 

electronic medical records, 

claims databases, disease 

registries), describe the “routine 

clinical care” population, 

characteristics’ distribution, in 

order to understand what is the 

routine clinical care population, 

and try to recruit a representative 

sample; this population may be 

different from this of traditional 

RCTs; 

 Review the databases of all 

Identify a possible self-selection bias 

 The participants included in the 

PCT can be compared to the target 

“routine clinical care” population 

(cohort studies, registries etc.) in 

order to identify any observed 

differences; note that this 

comparison does not provide 

information on whether these 

differences will interact with the 

treatment effects, which would 

cause an error in the treatment 

average effect; 

 Describe the characteristics of 

eligible subjects who do or do not 

agree to participate; describe 



 

This article is protected by copyright. All rights reserved. 

eligible sites before trial kick-off 

to identify the adequate criteria 

to be used so as to recruit the 

“routine clinical care” 

population;  

 

Adapt the design 

 To minimize self-selection and 

improve the representativeness of 

the trial population, an opt-out 

consent framework may be 

considered [52].   

 Consider exclusion criteria 

consistent with real world 

acceptable clinical use (e.g., drug 

use & safety issues).  

 Consider cluster randomisation 

(randomising sites to ensure that 

all patients and treatment 

varieties are included 

 

Identify self-selection 

 The barriers to participation and 

patterns of self-selection may be 

explored through qualitative and 

quantitative evaluation  

 When allowed, plan to collect 

key characteristics and reasons 

for not participating of eligible 

subjects who decline 

participation 

reasons for not participating; 

 

The analyses depend on the trial 

estimand: 

 If the trial aims to measure the 

treatment effect in the trial 

population, then no analyses is 

necessary to correct for a selection 

bias;  

 If the trial aims to measure the 

treatment effect in the target 

“routine clinical care” population 

and the trial populations differ 

from it, then techniques such as re-

weighting [53] or Bayesian 

techniques may be considered to 

predict the effectiveness in a more 

representative population; this 

must be pre-defined in the analysis 

plan;  

2. Recruiting sites 

2.1. 

Heterogeneity 

of care 

provided by 

participating 

sites 

Participating sites should reflect 

the actual heterogeneity observed 

in the real world regarding sites, 

e.g., the quality of medical care, 

the availability of staff, the type of 

patients, or treatments prescribed. 

 

To understand and maximize 

heterogeneity: 

 A framework can be built for 

understanding how to be 

"representative"  

 From a pool of eligible sites, 

consider selecting sites through 

stratified sampling (e.g., 

oversampling of sites that are 

Exploration phase:  

 Explore if site characteristics had 

any impact on how patients were 

managed during the trial; this helps 

understanding what treatment 

effect comes from the “standard of 

care” and what effect comes from 

the intervention itself; adjustment 

of analyses may be necessary if 

important differences appear 

between sites;  

 

Adjustment methods:  

 Site-level adjustment is 

specifically relevant if local 

guidelines had an impact on how 
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underrepresented in the pool of 

eligible sites) to enhance 

representativeness  

 In sites that are not used to deliver 

the intervention of interest, pre-

specify a time period that allows 

all sites to go through a “learning 

phase” 

 If possible, use two active 

treatments common for all sites, 

and have "usual care" (as defined 

by each site) as third arm 

 

Identify a selection bias 

Plan to collect key site-level data 

of participating sites, e.g., number 

of physicians, number of patients, 

equipment, specific clinical and/or 

patient management guidelines;  

patients were managed; 

 Account for inter-site differences 

in the analysis: random-effect 

models (with a random intercept at 

a site level); note this is 

appropriate for both patient-level 

trials and CRTs; weighted analyses 

to adjust for the over or under-

representation of more 

“experienced” sites for instance 

2.2. 

Heterogeneity 

in the 

availability of 

treatment 

strategies 

This issue needs to be anticipated:  

 Eligible sites that cannot deliver 

the intervention/comparator of 

the trial should not participate; 

 If all sites are not able to provide 

the same treatment strategies 

(e.g., A, B & C), pre-specify if 

you will allow these sites to 

participate in the trial, before site 

recruitment;  

 

Have several arms to the trial: 

 If the comparator is "treatment as 

usual", it is important that each 

site provides a definition of 

"treatment as usual", and to plan 

for a 3-arm trial: intervention / 

comparator / and "treatment as 

usual"; 

 A “menu-driven” trial may be 

considered (sites select which 

treatment regimen they can 

choose as the comparator they 

are used to; e.g., the protocol 

includes the option for treatments 

A, B, C, & D; if a site only 

selects the interventions C & D, 

when comparing all treatment 

effects these sites are the 

Consider network meta-analysis 

(NMA), preferably using individual 

patient data, to estimate effects of the 

different treatment strategies. Inter-

site differences between similar 

treatment strategies could be 

accounted for by means of random-

effects modelling, provided 

sufficient numbers of sites provide 

similar treatment strategies  
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excluded from the analysis); 

2.3. 

Heterogeneity 

of data 

measurement 

and collection 

What is good quality data 

collection? 

 Pre-define standard procedures to 

describe the expected data and 

the processes to check data once 

collected, e.g., plans to 

investigate outliers in the study 

data and plans for screening of 

data prior to analysis; 

 Include a "data quality plan" to 

ensure good quality of key data 

in each site;  

 

Assess sites prior to recruitment, in 

terms of  

 Robustness and quality of data 

collection tools and systems; 

 Data completeness and accuracy: 

use historic data from sites to 

ensure the data to be collected in 

the PCT can be reliably 

ascertained from the site database 

(i.e., if electronic health records 

are being used); 

 Check the data system used to 

collect medical data, and in 

particular if the outcome of 

interest can be collected; if not, 

are there alternative medical data 

that could be used as a proxy for 

the primary endpoint? 

 

From this evaluation:  

 Identify practices that are 

“outliers” that may be excluded 

prior to recruitment; 

 Identify what support might be 

needed by recruiting sites; 

provide training to sites on tools 

that will be used and monitor 

their implementation;  

 Use statistical tools to identify 

low-performing site and plan 

corrective actions (e.g., site with 

poor coding vs average site, or 

site with high percentage of 

missing data etc.). 

The issue of data heterogeneity 

across sites in terms of data 

collection quality cannot be tackled 

in the data analyses.  
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Of note: audits and checks in sites 

can be misleading, i.e., using data 

clarification form (when asking a 

site to complete CRF, often the 

eHR is copied into the CRF and no 

additional information is gained). 

One can overcome this issue by 

using a linked data source to check 

the quality of the data, or measure 

the outcome in a different way 

(e.g., directly asking patients). 

2.4. 

Heterogeneity 

in the ability to 

take part in the 

trial  

trial 

Check that eligible sites can be 

compliant with the trial protocol: 

 Emphasize the availability and 

feasibility of good data collection  

 Describe the recruitment process 

of sites, if known; 

 If the process of recruitment is 

unknown, eHRs may be used to 

understand how participants are 

screened and recruited, compared 

to all patients who may be 

eligible 

 

Collect information on eligible 

sites that do and do not participate 

to explore for a possible selection 

bias. 

Compare sites that did and did not 

participate, e.g., relative to their 

experience of clinical research, the 

process of recruitment may not be 

random 

 

If there is an over-representation of 

“more experienced” sites, then 

weighted analysis/reweighing 

methods may be performed 

 

2.5. 

Fragmentation 

of care 

Assess the risk of missing outcome 

data prior to recruitment: 

 Robustness and quality of data 

collection tools and systems; 

 Data completeness and accuracy 

 If eHRs are planned to be used, 

run prior checks to ensure that 

the data to be collected in the 

PCT can be reliably ascertained 

from the site database; 

 

Minimize the risk of missing 

outcome data  

 Collect data through different 

data sources (e.g., eHRs, asking 

the patient etc.) and use linked 

data to capture all relevant 

information. 

Management of missing outcome 

data: see item 5.2 below.  
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Randomisation, blinding and intervention 

3.1. Absence of 

blinding and 

patient 

expectations 

Anticipate the issue of 

contamination by trial design: 

consider using a cluster 

randomized trial (CRT) if 

contamination is expected to have 

substantial impact 

 

Choose an adequate endpoint to 

minimize subjectivity  

 Use hard primary endpoints if 

possible to minimize subjectivity 

bias (e.g., hospitalization) [3, 8]; 

however, the use of hard 

endpoints does not entirely solve 

the problem because 

“knowledge” of the treatment 

may (differentially) affect other 

health behaviour or concomitant 

drug use in patients; to be able to 

account for this confounding 

effect, information on other 

health behaviour and 

concomitant drugs need to be 

collected; 

Note: when a PROM is used the 

impact of subjectivity is even more 

problematic; 

 

Plan to collect information and to 

measure 

 Patients’ expectation, e.g., which 

treatment the patient wants to 

receive at baseline: important 

aspect of PCTs because in real 

world, this will play a role in 

how the treatment “works”; 

 Drop-out rates (and where 

possible, the reason for drop-

out); 

 

Regarding outcome measurement 

 Outcome measurement may be 

adjudicated by blinded medical 

experts; in addition, it is useful to 

blind the outcome assessor. 

The potential impact of the absence 

of blinding needs to be described 

including a bias assessment 

regarding the processes for outcome 

data collection  

 

Adjust the analyses, e.g., on 

compliance to protocol (drop-out) as 

well as health behaviours. 

 

See also item 3.2 below. 

3.2. Treatment 

switching, 

Plan to collect information and to 

measure 

The analytic approach needs to be 

aligned with the estimand: 
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cross-over 

between 

treatment 

arms 

treatment switching using pre-

established data sources and tools: 

reason for switching, switching 

date, severity of disease prior 

switching, etc.; 

 

Minimize the risk of switching if 

this would be a problem for data 

analyses:  

 Inform physicians participants 

that for the period of the trial 

treatment switching should be 

avoided; 

 In case there is a risk of 

substantial proportion of 

treatment switching, physicians’ 

preference, or subversion, the 

Zelen design can be considered 

[54]; this design intends to 

facilitate clinicians’ and patients’ 

participation by randomizing 

patients prior to participation 

consent. 

 

Treatment switching or 

discontinuation may also be used 

as pragmatic primary endpoints 

[37]; 

 

Establish a time to assess the 

primary endpoint that is not too far 

after likely treatment switching to 

avoid treatment effects being 

confounded by post-switching 

therapies. 

 

If the question is: “what is the 

impact of initiating the treatment?” 

then the primary objective is 

measure the effect of being assigned 

to / initiating a treatment (and not a 

sequence of interventions), [55]: 

 An ITT approach should be 

adopted to measure the 

effectiveness of treatment;  

 In addition, the effect of treatment 

that would have been observed in 

the absence of switching (“if on-

treatment” effect) can be modelled 

using key information (e.g., reason 

for switching, association between 

switching and outcome, etc.): 

inverse probability of censoring 

weights or g-computation may be 

used to take account of time-

varying confounders and get closer 

to causal inference. 

 

If the primary objective is to 

measure the effect of the treatment 

actually received 

 Per protocol analyses could be 

performed provided that 

appropriate adjustment for bias can 

made (same as above) [56]; 

3.3. Physicians’ 

preference and 

subversion 

The non-inclusion of particular 

eligible patients needs to be 

avoided  

 Ensure that the identification of 

eligible patients is done before 

randomisation for both patient-

level and site-level randomised 

trials 

 If prior identification is not 

possible, then an independent 

recruiter should recruit 

participants; 

 

Is there a difference at baseline 

between participants of each 

intervention group? 

 Baseline characteristics of 

participants from each intervention 

group should be described and 

compared to identify any selection 

bias and confounding due to the 

non-inclusion by physicians of 

particular patients. 

 The Bergner-Exner test can be 

used to identify whether 

subversion has occurred when 
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Alternative types of randomisation 

can be used:  

 

For cluster-randomized trials 

 The covariate-constrained 

randomisation [19] may be used 

to achieve balanced study arms: 

collect baseline data at a cluster-

level or at a patient-level, 

aggregated to identify 

confounding.  

 Stratification aims at achieving 

equal (or nearly equal) 

distributions of certain cluster 

characteristics in each study arm; 

 

For randomisation at the patient-

level 

 Pseudo-cluster randomisation 

may be used, decreasing the risk 

of subversion; contamination is 

reduced because only a minority 

of control-arm participants are 

treated by majority-intervention 

providers; 

 Random block sizes or 

minimization with a random 

twist; 

 Perform randomisation with a 

remote randomisation system in 

order to have appropriate 

concealment/randomisation; 

 

In the absence of alternatives, 

consider using a stepped wedge 

design. 

block randomisation by site was 

used; 

 

What is the impact of this 

difference? 

 The impact of a range of selection 

probabilities can be assessed, e.g., 

using probabilistic bias analysis 

(PBA) [57]; 

 

How to correct for imbalanced 

participants characteristics at 

baseline? Several approaches can be 

considered including:  

 pair-matching analysis 

 stratification, stratification and 

matching – the most commonly 

used strategies  

 multivariate regression models; 

however, this is insufficient to 

obtain equivalent intervention 

group as they do not take account 

of unobserved confounding 

3.4. Selection 

bias in cohort-

multiple RCTs 

being 

differential 

between the 

intervention 

and the control 

arm 

Minimize the risk of refusal to 

participate to a PCT: 

 Upon the first stage of 

participation consent (consent for 

data collection), all patients can 

be informed that during the 

cohort study period some new 

treatments may become 

available; patients can be asked 

whether they would be interested 

in taking the new treatment 

when/if this becomes available; 

Several approaches are possible 

including ITT, PP analyses, or the 

use of instrumental variables.  

The type of analyses that can be used 

depends on whether refusal is 

correlated with the outcome or not 

[28, 38].  
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 Patients that refuse the possibility 

of a new treatment would 

subsequently (if a PCT is 

conducted) not be eligible for the 

trial and for randomisation; 

 

Adapt the sample size 

 The required sample size can be 

updated during the trial as more 

information about the refusal rate 

is gained; 

4. Outcome selection and measurement 

4.1. Choice of a 

subjective 

endpoints 

To choose appropriate endpoints: 

When several possible endpoints 

are relevant to assess the 

treatment’s effectiveness and 

include both hard and soft 

endpoints: 

 The selection of several relevant 

endpoints should be justified by a 

known relationship between 

subjective and hard endpoints 

(this can be found through a 

literature search); the risk of 

discrepant results needs to be 

anticipated; 

 For hard endpoints, international 

standard definitions used by 

physicians in the real world 

should be used (e.g., death, 

progression of cancer); 

 

To minimize the risk of 

subjectivity: 

 The accessor/analyst can be 

blinded to avoid classification 

bias on outcome  

 The outcome can be adjudicated 

by blinded medical experts  

 

To explore the effect of 

subjectivity 

 Collect patients’ preference on 

treatments at baseline (by asking 

patients) 

Explore whether the patients’ 

preference modifies the association 

between treatment arm and outcome 

(interaction test by patients’ 

preference); 

 

Estimate how specific and sensible 

the subjective endpoints are: 

 Some analyses can be conducted in 

a sub-sample of patients to 

measure the sensitivity and 

specificity of endpoints that are 

prone to measurement errors (e.g., 

progression of symptoms vs. 

radiologic progression).  

 If the endpoint is prone to 

substantial measurement errors, 

include this additional information 

in the analysis, e.g., through 

regression calibration, imputation, 

or other ways of dealing with 

measurement error. 

 

4.2. Difficulties 

in collecting 

The risk of missing outcome data 

has several possible sources: 

The sources and extent of missing 

outcome data need to be described: 
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outcome data, 

missing 

outcome data 

attrition, site, and timing of 

medical data collection; various 

approaches are possible (see items 

1.1., 2.3., 2.5. and 4.3).   

In addition to these set up 

solutions, others are suggested 

 

 A hybrid approach for data 

collection can be considered e.g., 

combining ad hoc eCRFs and 

routinely collected data with 

minimal interference with routine 

clinical practice; 

 Data collection should be kept at 

the minimum required to address 

study objectives; 

 Outcome assessment should be 

made as easy as possible 

 Is this related to some sites?  

 Is it systematically missing 

sometimes missing (e.g., 

unscheduled visits always missing 

for some or all sites; 

 

Then, the type of missingness needs 

to be evaluated:  

 Missing completely at random, 

MCAR 

 Missing at random, MAR (the 

tendency for data to be missing is 

not related to the value of missing 

outcome data, but to some of the 

observed data)  

 Not missing at random, NMAR 

(the tendency for data to be 

missing is related to the value of 

missing outcome data); 

4.3. Timing of 

outcome 

measurement 

Planning of data collection: 

 Specify scheduled visits for 

certain outcomes 

 Specify timing and frequency of 

medical data collection; 

 Define regular time periods over 

which to collect data 

 

Evaluate whether patients for whom 

the outcome is present are different 

(at baseline) from patients for whom 

the outcome is missing; 

 

For those who do not have a 

measurement close to the scheduled 

recording of the event (if any 

schedule visit), take the latest value 

before and the first value after the 

scheduled event and average them 

(within some acceptable pre-

specified time window);  

 

Consider interpolation/extrapolation 

of time trends (interpolation: taking 

timing of measurements into 

account) to impute the missing data; 

 

Allow variable measurement 

schedules (as long as dates or 

elapsed time since randomisation are 

recorded) and use modelling to 

assess time trends rather than forcing 

a particular measurement schedule; 

 

If adjustment for medication 

switching is needed, obtain 

outcomes at the point of switching, 
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as a critical confounder for next 

treatment. 

5. Data analysis 

5.1. Analysis 

aligned with 

the estimand 

Clearly specify in the protocol 

which effect/aspect of the 

intervention is the target of 

inference: what is/are the trial 

estimand/estimands? 

 

 Refer to the ICH E9(R1) 

addendum [18] on how clinical 

trial protocols and statistical 

analysis plans should be written 

and implemented [58]; 

 Consider in the statistical 

analyses plan the analytical 

approaches that are aligned with 

the estimand; 

 Specify if we are interested in 

making causal inference? [59] 

See solutions detailed above in items 

1.2 (Absence of adherence-

enhancement strategy), 1.3. 

(Heterogeneity of treatment effects), 

1.5. (Motivation to take part in the 

trial and generalizability of results) 

and 3.2 (Treatment switching).  

 

 

 

5.2. Missing 

outcome data 

In the statistical analysis plan: 

 

 Assumptions on missingness can 

be anticipated; explicitly explain 

the assumptions made and 

methods used to handle 

missingness; 

 Methods to manage missing 

outcome data – due to attrition, 

non-adherence to treatment, 

treatment switching, or any other 

reason – should be clearly 

specified; 

 This method needs also to be 

chosen in the light of the 

estimand [60]; 

Depending on missingness 

assumption, missing outcome data 

can be handled in various ways: 

 Multiple imputation techniques  

 Likelihood-based methods  

 Dependent censoring approaches  

 Adjusting the analysis for factors, 

propensity scores 

 

Several approaches may be 

combined using sensitivity analyses 

[61] e.g., inverse probability of 

censoring weighted (IPCW), 

multiple imputation, compliance 

mixture models, time varying Cox 

models. 

 

Sensitivity analyses may be 

performed using the worst-case and 

best-case scenario, to explore the 

consequences of imputing the 

outcome on treatment effect. 

 

Complete-case analysis should be 

avoided as this assumes missing data 
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is not informative, which is usually 

not the case. 

5.3. Lack of 

statistical 

power 

Anticipate any loss of power by 

increasing the sample size. 

 

Calculate sample sizes under a 

range of assumptions with respect 

to different baseline rates of the 

outcome.  

Include informative priors in a 

Bayesian analysis. However, 

informative prior may be less 

acceptable to regulatory authorities. 

 

Perform interim analyses (may lead 

to early termination of the trial 

because effectiveness is sufficiently 

established, or because of futility). 
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Figure 1: Iteration process of data generation and consensus building among experts 

 

 


