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Tolerating bad health research: s

the continuing scandal

Stefania Pirosca', Frances Shiely>3, Mike Clarke* and Shaun Treweek'"®

Abstract

Background: At the 2015 REWARD/EQUATOR conference on research waste, the late Doug Altman revealed that his
only regret about his 1994 BMJ paper ‘The scandal of poor medical research’was that he used the word ‘poor’ rather
than'bad’ But how much research is bad? And what would improve things?

Main text: We focus on randomised trials and look at scale, participants and cost. We randomly selected up to two
quantitative intervention reviews published by all clinical Cochrane Review Groups between May 2020 and April
2021. Data including the risk of bias, number of participants, intervention type and country were extracted for all trials
included in selected reviews. High risk of bias trials was classed as bad. The cost of high risk of bias trials was estimated
using published estimates of trial cost per participant.

We identified 96 reviews authored by 546 reviewers from 49 clinical Cochrane Review Groups that included 1659 trials
done in 84 countries. Of the 1640 trials providing risk of bias information, 1013 (62%) were high risk of bias (bad), 494
(30%) unclear and 133 (8%) low risk of bias. Bad trials were spread across all clinical areas and all countries. Well over
220,000 participants (or 56% of all participants) were in bad trials. The low estimate of the cost of bad trials was £726
million; our high estimate was over £8 billion.

We have five recommendations: trials should be neither funded (1) nor given ethical approval (2) unless they have a
statistician and methodologist; trialists should use a risk of bias tool at design (3); more statisticians and methodolo-
gists should be trained and supported (4); there should be more funding into applied methodology research and
infrastructure (5).

Conclusions: Most randomised trials are bad and most trial participants will be in one. The research community has
tolerated this for decades. This has to stop: we need to put rigour and methodology where it belongs — at the centre
of our science.

Keywords: Randomised trials, Research waste, Risk of bias, Statisticians, Methodologists
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Measurement error and misclassification of variables frequently occur in epi-
demiology and involve variables important to public health. Their presence can
impact strongly on results of statistical analyses involving such variables. How-
ever, investigators commonly fail to pay attention to biases resulting from such
mismeasurement. We provide, in two parts, an overview of the types of error
that occur, their impacts on analytic results, and statistical methods to miti-
gate the biases that they cause. In this first part, we review different types of
measurement error and misclassification, emphasizing the classical, linear, and
Berkson models, and on the concepts of nondifferential and differential error.
We describe the impacts of these types of error in covariates and in outcome vari-
ables on various analyses, including estimation and testing in regression models
and estimating distributions. We outline types of ancillary studies required to
provide information about such errors and discuss the implications of covari-
ate measurement error for study design. Methods for ascertaining sample size
requirements are outlined, both for ancillary studies designed to provide infor-
mation about measurement error and for main studies where the exposure of
interest is measured with error. We describe two of the simpler methods, regres-
sion calibration and simulation extrapolation (SIMEX), that adjust for bias in
regression coefficients caused by measurement error in continuous covariates,
and illustrate their use through examples drawn from the Observing Protein and
Energy (OPEN) dietary validation study. Finally, we review software available
for implementing these methods. The second part of the article deals with more
advanced topics.

KEYWORDS

Berkson error, classical error, differential error, measurement error, misclassification,
nondifferential error, regression calibration, sample size, SIMEX, simulation extrapolation
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Objective: The objective of this study was to provide guidance on the use of the Grading of Recommendations Assessment, Develop-
ment and Evaluation (GRADE) approach to determine certainty in estimates of association between prognostic factors and future outcomes.

Study Design and Setting: We developed our guidance through an iterative process that involved review of published systematic re-
views and meta-analyses of prognostic factors, consultation with members, feedback, presentation, and discussion at the GRADE Working
Group meetings.

Results: For questions of prognosis, a body of observational evidence (potentially including patients enrolled in randomized controlled
trials) begins as high certainty in the evidence. The five domains of GRADE for rating down certainty in the evidence, that is, risk of bias,
imprecision, inconsistency, indirectness, and publication bias, as well as the domains for rating up, also apply to estimates of associations
between prognostic factors and outcomes. One should determine if their ratings do not consider (noncontextualized) or consider (contex-
tualized) the clinical context as this will may result in variable judgments on certainty of the evidence.

Conclusions: The same principles GRADE proposed for bodies of evidence addressing treatment and overall prognosis work well in
assessing individual prognostic factors, both in noncontextualized and contextualized settings. © 2020 Elsevier Inc. All rights reserved.

Keywords: GRADE; Certainty in evidence; Prognosis; Prognostic factor; Guideline; Systematic review; Subgroup
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Abstract

The evidence base available to trialists to support trial process decisions—e.g. how best to recruit and retain
participants, how to collect data or how to share the results with participants—is thin. One way to fill gaps in
evidence is to run Studies Within A Trial, or SWATs. These are self-contained research studies embedded within a
host trial that aim to evaluate or explore alternative ways of delivering or organising a particular trial process.
SWATs are increasingly being supported by funders and considered by trialists, especially in the UK and Ireland. At
some point, increasing SWAT evidence will lead funders and trialists to ask: given the current body of evidence for

Guidance, decision aid
Abstract unstructured

a SWAT, do we need a further evaluation in another host trial? A framework for answering such a question is
needed to avoid SWATs themselves contributing to research waste.
This paper presents criteria on when enough evidence is available for SWATSs that use randomised allocation to

compare different interventions.

Introduction

The evidence available to inform many routine process
decisions in randomised trials is thin or weak. This in-
cludes the evidence on how best to recruit participants
[1], retain them [2], collect their data [3] or include them
in decisions about the trial [4]. While evidence gaps in,
say, the clinical management of diabetes might be ex-
pected to lead to a sustained and substantial research ef-
fort to fill them, similar effort has not materialised for
trial methods research. Recruitment remains a major
concern [5, 6] despite more than 25,000 new trials open-
ing every year and needing to recruit participants [7].
Once recruited, there is also little evidence available to
inform decisions about how to encourage trial partici-
pants to remain in the trial and, for example, to attend
face-to-face measurement visits, which are a vital part of
most trials [2]. Further, there is almost no evidence base
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to inform trial management decisions, including how to
select sites, whether visiting them in person is worth it,
or how to train staff [8].

The lack of trial process evidence contributes to re-
search waste—for example, through poor recruitment,
retention and data quality—and has been a feature of
medical research for decades [9], with some suggesting
that up to 85% of medical research spending is wasted
[10]. However, much of the waste is avoidable [11] and
research funders recognise the need to avoid it [12].

Trial Forge (http://www.trialforge.org) is an initiative
that aims to improve the efficiency of trials, particularly by
filling gaps in trial process evidence [13]. One way of im-
proving the evidence base for trial process decisions is to
do a Study Within A Trial (SWAT) [14], which is a “..self-
contained research study that has been embedded within
a host trial with the aim of evaluating or exploring alterna-
tive ways of delivering or organising a particular trial
process’ [15]. For example, a SWAT could evaluate a new
way of presenting information to potential participants as
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Background

Researchers have been utilizing linear mixed models
(LMMs) for different hierarchical study designs and
under different names, which emphasizes the need for a
standard in reporting such models [1, 2]. Mixed effects
models, multilevel data, contextual analysis, hierarchical
studies, longitudinal studies, panel data and repeated-
measures designs are some of the different names used
when referring to study designs and/or analytical tools
for correlated data. In addition, there is usually no dis-
tinction made between having a data structure that is
multilevel, and having a research question that requires
a multilevel analysis. There are multiple excellent tuto-
rials on multilevel analyses [3-5]. However, there is in-
consistency in how the results of LMMs are reported in
the literature [6]. Casals et al. conducted a systematic re-
view of how various LMMs were reported in the medical
literature, and found that important aspects were not re-
ported in most cases [6].

As an example, a cohort study of children that selects
a sample of schools, then selects students within schools,
and conducts multiple measurements over time in the
same students, would be a 3-level dataset: with school as
the highest level (Level 3), student as a lower level (Level
2), and time-point as the lowest level (Level 1). Repeated
measurements of a variable over time within a student
are likely to be similar, ie. positively correlated. Also,
values of a variable measured on students of a particular
school may be more similar to each other than to the

u
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values of the same variable measured on students from
different schools, ie. they are also likely to be positively
correlated. These within-level correlations reduce the
overall information in the data. Considering the correla-
tions typically leads to larger estimates of variances and
consequently lower power if sample sizes are not in-
creased at the design stage. At the analysis stage, incorp-
orating random effects into a regression model is one
way to acknowledge the variation among upper-level
units. Random intercepts and random slopes help to at-
tribute the variation in values of the outcome variable to
the relevant levels and independent variables.

A standardized checklist for the reporting of multilevel
data and the presentation of linear mixed models will
promote adequate reporting of correlated data analyses.
In this manuscript, we propose LEVEL (Logical Explana-
tions & Visualizations of Estimates in Linear mixed
models), a systematic approach for the presentation of
studies with correlated data from multilevel study de-
signs, with an accompanying checklist for standardizing
the reporting of results from linear mixed models. These
models are quite complex, and the intention of this
manuscript is not to be a statistical tutorial, but to men-
tion aspects of the study design and analysis methods
that we propose should be addressed in a publication.
We present the basics of a linear mixed model simply to
introduce the terminology and to help understand the
proposed reporting recommendations.

Methods

The linear mixed model

Written as an equation, the ‘null’ (no covariate) linear
mixed model for a 2-level hierarchical study is:
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Abstract

Background: To assess the current practice of developing and presenting methods guidance and explore opportunities for
improvement.
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> Study or data type i\\; Developing points-based risk-scoring systems in the presence of competing risks Select a document to see the details.
2016 | Austin, Peter C | Lee, Douglas S | D'Agostino, Ralph B | Fine, Jason P

Our objective is to describe methods for developing simple points-based risk-scoring systems based on the incidence
> Methodological topic of outcomes in the presence of competing risks....

> Guidance type ﬂ; Timeline cluster: a graphical tool to identify risk of bias in cluster randomised trials

2016 | Caille, Agnés | Kerry, Sally | Tavernier, Elsa | Leyrat, Clémence... Giraudeau, Bruno
This article presents a graphical tool depicting the time sequence and blinding status of the different stages of a
> Development process cluster randomised trial, together with examples to help researchers describe the st...

> Medical context
ﬁ Effective Visual Communication for the Quantitative Scientist
2019 | Vandemeulebroecke, Marc | Baillie, Mark | Margolskee, Alison | Magnusson, Baldur
> Publication date We posit three laws of visual communication for the quantitative scientist. Second, we provide more granular
recommendations for good visual display, conve- niently compiled in a single-page reference...

> Author

Tﬁ? An analysis reveals differences between pragmatic and explanatory diagnostic accuracy studies
2020 | Bossuyt, Patrick M | Olsen, Maria | Hyde, Chris | Cohen, Jérémie F
> Journal The objective of this study was to clarify a difference between two approaches while evaluating the diagnostic
accuracy ofmedical tests, labeled here as “pragmatic” vs. “‘explanatory” studies....

ﬁ( Sample Size Requirements for Discrete—Choice Experiments in Healthcare: a Practical Guide
2015 | de Bekker-Grob, Esther W | Donkers, Bas | Jonker, Marcel F | Stolk, Elly A
Discrete-choice experiments (DCEs) have become a commonly used instrument in health economics and patient-
preference analysis, addressing a wide range of policy questions. An important question when s...
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v Study or data type o s'¢ DELTA2 guidance on choosing the target difference and undertaking and reporting the sample size calculation DELTA2 guidance on choosing the target difference

randomized controlled trials 12 X
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clinical practice guidelines
literature reviews
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for a randomised controlled trial

2018 | Cook, Jonathan A | Julious, Steven A | Sones, William | Hampson, Lisa V... Vale, Luke D

Aim to produce updated guidance for researchers and funders on specifying and reporting the target difference
(“effect size”) in the sample size calculation of a RCT....

A tutorial on sample size calculation for multiple—period cluster randomized parallel, cross—over and
stepped-wedge trials using the Shiny CRT Calculator

2020 | Hemming, Karla | Kasza, Jessica | Hooper, Richard | Forbes, Andrew | Taljaard, Monica

"In this article we provide a tutorial on sample size calculation for cluster randomized designs with particular emphasis
on designs with multiple periods of measurement and provide a web-based too...

and undertaking and reporting the sample size
calculation for a randomised controlled trial

The most common approach is to specify a target difference
between the treatments for the primary outcome and then
calculate the required sample size. The sample size is
chosen to ensure that the trial will have a high probability
(adequate statistical power) of detecting a target difference
between the treatments should one exist. The sample size
has many implications for the conduct and interpretation of

2 bUSHIEEISLEIEA 210 Tutorial in biostatistics: sample sizes for parallel group clinical trials with binary data the study. Despite the critical role that the target difference
2012 | Julious, Steven A | Campbell, Michael J has in the design of a RCT, the way in which it is determined
) This article gives an overview of sample size calculations for a single response and a comparison of two responses in a has received little attention. In this article, we summarise
> Guidance type parallel group trial where the outcome is binary.... the key considerations and messages from new guidance for
researchers and funders on specifying the target difference,
and undertaking and reporting a RCT sample size
> Development process calculation. This article on choosing the target difference for
Sample sizes for clinical trials with normal data a randomised controlled trial (RCT) and undertaking and
2004 | Julious, Steven A reporting the sample size calculation has been dual
» Medical context This article gives an overview of sample size calculations for parallel group and cross-over studies with Normal data... published in the BMJ and BMC Trials journals METHODS:
The DELTAZ2 (Difference ELicitation in TriAls) project
comprised five major components: systematic literature
» Publication date reviews of recent methodological developments (stage 1)
Choosing the target difference and undertaking and reporting the sample size calculation for a randomised T At L B e D T AR
controlled trial — the development of the DELTA2 guidance 3); atwo-day cansensus mee,t'"g bringing together
> Author » ) ) o researchers, funders and patient representatives (stage 4);
2018 | Sones, William | Julious, Steven A | Rothwell, Joanne C | Ramsay, Craig Robert... Cook, Jonathan Alistair i . . i .
This article reports the development of the DELTA2 guidance on the specification and reporting of the target difference Ll e el el L0 G sE 2 & U e
for the primary outcome in a sample size calculation for a RCT.... dletinsni ik et HES LD I s VoL R 1 i
> Journal messages from the DELTA2 guidance on determining the
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