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Main 1ssues

A Effectsize ratio

A Development of protocols and improvement
of designs

A Research workforce and stakeholders

A Reproducibility practices and reward
systems



Effect-size ratio

A Many effects of interest are relatively small.
A Small effects are difficult to distinguish from biases.

A There are just too many biases (see next slide on mapping 235
biomedical biases).

Design choices can affect both the signal and the noise.
Design features can impact on the magnitude of effect estimates.

In randomized trials, allocation concealment, blinding, and
mode of randomization may influence effect estimates,
especially for subjective outcomes.

A In casecontrol designs, the spectrum of disease may influence
estimates of diagnostic accuracy; and choice of population
(derived from randomized or observational datasets) can
Influence estimates of predictive discrimination.

A Design features are often very suboptimal, in both human and
animal studies (see slide on animal studies).
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Mapping 235 biases in 17 million Pub Med paper
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Ve ry Iarg e Effe CtSre extremely uncommon

I ORIGINAL CONTRIBUTION

Empirical Evaluation of Very Large Treatment
Effects of Medical Interventions

PhD Context Most medical interventions have modest effects, but occasionally some clini-
MD cal trials may find very large effects for benefits or harms.

John P. A. Toannidis, MD, Objective To evaluate the frequency and features of very large effects in medicine.

Data Sources Cochrane Database of Systematic Reviews (CDSR, 2010, issue 7).

Study Selection We separated all binary-outcome CDSR forest plots with com-
parisons of interventions according to whether the first published trial, a subsequent
trial (not the first), or no trial had a nominally statistically significant (P <.05) very large
effect (odds ratio [OR], =5). We also sampled randomly 250 topics from each group
for further in-depth evaluation.

, incremental
? Randomized
trials, the gold standard to evaluate

medical int ideally con- i Lo .
Data Extraction We assessed the types of treatments and outcomes in trials with

very large effects, examined how often large-effect trials were followed up by other
trials on the same topic, and how these effects compared against the effects of the
respective meta-analyses.

Results Among 85002 forest plots (from 3082 reviews), 8239 (9.7%) had a sig-
nificant very Iarve effect in the first published trial, 5158 (6.1%) only after the first
published trial, dnd 71605 (84. had no trials with significant very large effects.
Nominally significant very large effects typically appeared in small trials with median
oth antic 11‘-““‘ and un-  pumber of events: 18 in ﬂrst trials and 15 in subsequent trials. Topics with very
d treatment be s, or they large effects were less likely than other topics to address mortality (3.6% in first
trials, 3.2% in subsequent trials, and 11.6% in no trials with significant very large
effects) and were more likely to address laboratory-defined efficacy (10% in first
trials,10.8% in subsequent, and 3. in no trials with significant very large
effects\ rials with very large effects were as likely as tnals with no very Iarge
effects to have subsequent published trials. Ninety percent and 98% of the very
large effects observed in first and subsequently published trials, respectively,
became smaller in meta-analyses that included other trials; the median odds ratio
decreased from 11.88 to 4.20 for first trials, and from 10.02 to 2.60 for subsequent
trials. For 46 of the 500 selected topics (9.2%,; first and subsequent trials) with a
very large-effect trial, the meta-analysis maintained very large effects with P<.001
when additional trials were included, but none pertained to mortality-related out-
comes. Across the whole CDSR, there was only 1 intervention with large beneficial
effects on mortality, 001, and no major concerns about the quality of the evi-
dence (for a trial on xtrdcorporedl oxygenation for severe respiratory failure in
newborns).

Conclusions Most large treatment effects emerge from small studies, and when ad-

ditional trials are performed, the effect sizes become typically much smaller. Well-
validated Iarﬁe ects are uncommon and pertain to nonfatal outcomes.
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Figure: Trends in three methodological quality indicators for reports of in-vivo studies

We randomly sampled 2000 records from PubMed (published 1960-2012) on the basis of their PubMed ID (see
appendix for details and the study dataset). 254 reports described in-vivo, ex-vivo, or in-vitro experiments involving
non-human animals. Two investigators independently judged whether blinded assessment of outcome,
randomisation, or a conflicts of interest statement were included. The proportion reports including this information is




Effect-size ratiol options for
Improvement

A Design research to either involve larger effects and/or diminish
biases.

A In the former case, the effect may not be generalizable.

A Anticipating the magnitude of the effetttbias ratio is needed
to decide whether the proposed research is justified.

A The minimum acceptable effetd-bias ratio may vary in
different types of designs and research fields.

A Criteria may rank the credibility of the effects by considering
what biases might exist and how they may have been handled
(e.g GRADE).

A Improving the conduct of studies, not just reporting, to
maximize the effeeto-bias ratio. Journals may consider setting
minimal design prerequisites for accepting papers.

A Funding agencies can also set minimal standards to reduce the
effectto-bias threshold to acceptable levels.



Developing protocols and
Improving designs
A Poor protocols and documentation

A Poor utility of information

A Statistical power and outcome
misconceptions

A Lack of consideration of other evidence

A Subjective, norstandardized definitions
and ovibration of
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Options for Iimprovement

A Public availability/registration of protocols or
complete documentation of exploratory process

A A priori examination of the utility of information:
power, precision, value of information, plans for
future use, heterogeneity considerations

A Avoid statistical power and outcome
misconceptions

A Consideration of both prior and ongoing evidence

A Standardization of measurements, definitions and
analyses, whenever feasible



Research workforce and
stakeholders

A Statisticians and methodologists: only sporadically
Involved in design, poor statistics in much of research

A Clinical researchers: often have poor training in research
design and analysis

A Laboratory scientists: perhaps even less well equipped in
methodological skills.

A Conflicted stakeholders (academic clinicians or laboratory
scientists, or corporate scientists with declared or
undeclared financial or other conflicts of interest, ghost
authorship by industry)



Options for Iimprovement

A Research workforce: more methodologists should be
Involved in all stages of research; enhance communication
of investigators with methodologists.

A Enhance training of clinicians and scientists in quantitative
research methods and biases; opportunities may exist in
medical school curricula, and licensing examinations

A Reconsider expectations for continuing professional
development, reflective practice and validation of
Investigative skills; continuing methodological education.

A Conflicts: involve stakeholders without financial conflicts
In choosing design options; consider patient involvement



o o o Po T o o  I»

Reproducibility practices and
reward systems

Usually credit is given to the person who first claims a new discovery,
rather than replicators who assess its scientific validity.

Empirically, it is often impossible to repeat published results by
independent scientists (see next 2 slides).

Original data are difficult or impossible to obtain or analyze.

Reward mechanisms focus on the statistical significance and
newsworthiness of results rather than study quality and reproducibility.

Promotion committees misplace emphasis on quantity over quality.

With thousands of biomedical journals in the world, virtually any
manuscript can get published.

Researchers are tempted to promise and publish exaggerated results tc
continue getting funded for ninn

Researchers face few negative consequences result from publishing
flawed or incorrect results or for making exaggerated claims.



A pleasant surprise: the industry
Champlonlng replication

45(67%) €  3(4%) 43 (65%)
14 (21)% 5(7%)

12 (18%) 14 (21%)

2 (3%)

Oncology Model adapted to internal needs B Inconsistencies

[l Women’s health Literature data transferred to another [ Not applicable

[] Cardiovascular indication [ ] Literature data are in line with in-house data
Not applicable B Main data set was reproducible

Model reproduced 1:1

B Some results were reproducible

Model Model adapted to internal Literature data transferred Not
reproduced 1:1 needs (cell line, assays) to another indication applicable

In-house data in line with published results 1(7%) 12 (86%) 0 1(7%)
Inconsistencies that led to project termination 11 (26%) 26 (60%) 2 (5%) 4 (9%)

Nature Reviews

Prinz et al., Nature Reviews Drug Discovery 2011




Repeatability

ANALYSIS

nature

genetics

Repeatability of published microarray gene expression
analyses

John P A Toannidis!~3, David B Allison*, Catherine A Ball®, Issa Coulibaly*, Xiangqin Cui?, Aedin C Culhane®’,
Mario Falchi®®, Cesare Furlanello'’, Laurence Game!!, Giuseppe Jurman!?, Jon Mangion!!, Tapan Mehta*,
Michael Nitzberg®, Grier P Page®12, Enrico Petretto! 13 & Vera van Noort!4




Can reproduce in principle

Can reproduce with some _
discrepancies . iffware not available

ot available

Can reproduce
from processed data
with some discrepancies

Can reproduce partially with some
discrepancies

Figure 1 Summary of the efforts to replicate the published analyses.




Options for Iimprovement

A Support and reward (at funding and/or publication level)
guality, transparency, data sharing, reproducibility

A Encouragement and publication of reproducibility checks

A Adoption of software systems that encourage accuracy and
reproducibility of scripts.

A Public availability of raw data
A Improved scientometric indices; reproducibility indices.
A Postpublication peereview, ratings and comments



SPECIALSECTION

1ssues (8, 9), because mformation on available
PERSPECTIVE classifiers constantly changes and new classifiers
are proposed. There 1s at least one recent un-
I m p rovi n g va I i d ati 0 n P ra cti ces i n ﬁn‘tunatp E:.'-;an.m.lc* wh.crc gene .sig_na‘ru;'cs were
moved mto clinical tnal experimentation with
msufficient previous validation. Three trials of

7] = n
0 m Ics Resea rc h gene signatures to predict outcomes of chemo-

therapy in treating non—small-cell lung cancer

John P. A. loannidis® and Muin ). Khouryz* and breast cancer were suspended in 2011 after
the realization that their supporting published

“Omics” research poses acute challenges regarding how to enhance validation practices and evidence was nonreproducible (10).

eventually the utility of this rich information. Several strategies may be useful, including routine Many scientists now demand reproducible

replication, public data and protocol availability, funding incentives, reproducibility rewards or omics research (/7). This requires access to the

penalties, and targeted repeatability checks. full data, protocols, and analysis codes for pub-

lished studies so that other scientists can repeat

he exponential growth ofthe “omics™ fields  ation of the predictive value in real-practice  analyses and venfy results. Fortunately, several
(genomics, transcriptomics, proteomics,  populations, whereas clinical utiity requires eval-  public data repositories exist, such as the Gene
metabolomics, and others) fuels expecta- uation of the balance of benefits and harms as-  Expression Omnibus, ArrayExpress, and the

tions for a new era of personalized medicine.  sociated with the adoption of these technologies  Stanford Microarray Database. There have also

Science, December 2, 201




Levels of registration

_evel O0: no registration

_evel 1: registration of dataset

_evel 2: registration of protocol
_evel 3: registration of analysis plan

_evel 4: registration of analysis plan and
raw data

A Level 5: open live streaming

Do To o o Ix




Recommendations and
monitoring

1 Make publicly available the full protocols, analysis plans or
sequence of analytical choices, and raw data for all
designed and undertaken biomedical research
« Monitoring—proportion of reported studies with

publicly available (ideally preregistered) protocol and

analysis plans, and proportion with raw data and
analytical algorithms publicly available within
6 months after publication of a study report







