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Science: a bird’s eye view

» 15,153,100 different scientists publishing
papers in major scientific journals in 1996-

2011 (Scopus)

 An estimated 160 million scholarly
documents in Google Scholar

« Each empirical paper can include anywhere
from a few up to many millions of results

loannidis, et al. EJCI 2013




A map of recent science: 20 million papers, 2 million patents, 200000 clusters lasting 2-16 years each




Hi there!
My best paper is a
speck of dust in a
speck of dust in a
speck of dust
somewhere around

A map of recent science: 20 million papers, 2 million patents, 200000 clusters lasting 2-16 years each




Definitions

 Credibility=how likely a research finding is
to be true

» Significance=how likely a research finding
IS to attract attention

o Statistical significance=a key criterion for
attracting attention



“Credible” has little to do with
“statistically significant™

 Peer review improves credibility but not
necessarily impressively so



Scientific discovery has become a boring nuisance: 96% of
the biomedical literature claims significant results
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Diet causes cancer

« Open a popular cookbook
« Randomly check 50 ingredients

« How many of those are associated with
significantly increased or significantly
decreased cancer risk In the scientific
literature?



Assoclated with cancer risk

e veal, salt, pepper spice, flour, egg, bread,
pork, butter, tomato, lemon, duck, onion,
celery, carrot, parsley, mace, sherry, olive,
mushroom, tripe, milk, cheese, coffee,
bacon, sugar, lobster, potato, beef, lamb,
mustard, nuts, wine, peas, corn, cinnamon,
cayenne, orange, tea, rum, raisin



ririleslirial
Ganfourinany
G ynacologic

Head & Mack

Lung

Relative Risk

Schoenfeld and loannidis AJCN 2013



One third of known medications
may affect cancer risk (1?)

Hazard Ratio vs. -log1l0(pvalue)

Patel et al, Sci Reports 2016



Why research findings may not be
credible?

e There Is bias

* There Is random error (see multiple
comparisons)

 Usually there Is plenty of both



Bias

Any deviation from the truth beyond chance
error

Consclous, subconscious, Or UNCoONSCIOUS

One may create theory (or theories) about
bias or may study Its consequences

The former seem more robust, but It i1s the
latter that we measure, witness, and
eventually suffer



Non-replicated diminishing effects

DISEASE/GENE

o Nephropathy/ACE
Alcoholism/DRD2
HTN/Angiotensinog en
Parkinson/CYP2D 6

o Lung cancer/GSTM1

o Schizophrenia/DRD3

Down dementia/ APOE

o Lung cancer/CYP2D6

40 300 2000 4000 10000
50 200 400 1000 3000 5000

Total genetic information (subjects or alleles)

loannidis et al, Nature Genetics 2001




Candidate genes replicated through GWAS:

replication rate = 1.2%

Table. Large-scale efforts to massively replicate reported candidate gene associations

First author Disease/phenotype Gene loci tested Sample size (design) Replicated gene loci
Bosker (16) Major depressive disorder 57 3540 (Case-control) |
Caporaso (17) Smoking (7 phenotypes) 359 4611 (Cohort) |
Morgan (18) Acute coronary syndrome 70 1461 (Case-control) 0
Richards (19) Osteoporosis (2 phenotypes) 150 19.195 (Cohort) 9
Samani (20) Coronary artery disease 55 4864; 2519 (Case-control) |
Scuter1 (21) Obesity (3 phenotypes) 74 6148 (Cohort) 0
Soeber (22) Blood pressure 149 1644; 8023 (Cohort) 0
Wu (23) Childhood asthma 237 1476 (Triads) 1

loannidis, Tarone, McLaughlin, Epidemiology 2011




BN ORIGINAL CONTRIBUTION

Contradicted and Initially Stronger Effects
in Highly Cited Clinical Research

John P. A. Ioannidis, MD

LINICAL RESEARCH ON IMPOR-

tant questions about the effi-

cacy of medical interventions

is sometimes followed by
subsequent studies that either reach op-
posite conclusions or suggest that the
original claims were too strong. Such dis-
agreements may upset clinical practice
and acquire publicity in both scientific
circles and in the lay press. Several em-
pirical investigations have tried to ad-
dress whether specific types of studies are
more likely to be contradicted and to ex-
plain observed controversies. For ex-
ample, evidence exists that small stud-
ies may sometimes be refuted by larger
ones.'?

Similarly, there is some evidence on
disagreements between epidemiologi-
cal studies and randomized trials.*>
Prior investigations have focused on a
variety of studies without any particu-
lar attention to their relative impor-
tance and scientific impact. Yet, most
research publications have little im-
pact while a small minority receives
most attention and dominates scien-

Context Controversy and uncertainty ensue when the results of clinical research on
the effectiveness of interventions are subsequently contradicted. Controversies are most
prominent when high-impact research is involved.

Objectives To understand how frequently highly cited studies are contradicted or
find effects that are stronger than in other similar studies and to discern whether spe-
cific characteristics are associated with such refutation over time.

Design All original clinical research studies published in 3 major general clinical jour-
nals or high-impact-factor specialty journals in 1990-2003 and cited more than 1000
times in the literature were examined.

Main Outcome Measure The results of highly cited articles were compared against
subsequent studies of comparable or larger sample size and similar or better con-
trolled designs. The same analysis was also performed comparatively for matched stud-
ies that were not so highly cited.

Results Of 49 highly cited original clinical research studies, 45 claimed that the inter-
vention was effective. Of these, 7 (16 %) were contradicted by subsequent studies, 7 oth-
ers (16%) had found effects that were stronger than those of subsequent studies, 20
(44 %) were replicated, and 11 (24 %) remained largely unchallenged. Five of 6 highly-
cited nonrandomized studies had been contradicted or had found stronger effects vs 9
of 39 randomized controlled trials (P=.008). Among randomized trials, studies with con-
tradicted or stronger effects were smaller (P=.009) than replicated or unchallenged stud-
ies although there was no statistically significant difference in their early or overall cita-
tion impact. Matched control studies did not have a significantly different share of refuted
results than highly cited studies, but they included more studies with “negative” results.

Conclusions Contradiction and initially stronger effects are not unusual in highly
cited research of clinical interventions and their outcomes. The extent to which high
citations may provoke contradictions and vice versa needs more study. Controversies
are most common with highly cited nonrandomized studies, but even the most highly
cited randomized trials may be challenged and refuted over time, especially small ones.

JAMA. 2005,294:218-228 www.jama.com




Highly-cited contradicted findings

 Vitamin E and cardiovascular mortality (two large

prospective cohorts and one trial of 2,002 subjects
claimed large decreases in mortality)

« Hormone replacement therapy and coronary artery

disease (major benefits claimed by the Nurses’
Health Study)

 Nitric oxide found initially to markedly improve
outcomes In adult respiratory distress syndrome



Some other major refuted claims

Flavonoids decrease cardiovascular mortality by
80%

Low-fat diet dramatically decreases colorectal
cancer, heart disease, stroke, and breast cancer

Aspirin is highly protective against heart disease
In both men and women

Beta-carotene Is highly effective in preventing
against cancer and heart disease

Fruit intake diminishes breast cancer risk by up to
90%



Different types of reproducibility

* Reproducibility of methods: the ability to
understand or repeat as exactly as possible the
experimental and computational procedures.

» Reproducibility of results: the ability to produce
corroborating results in a new study, having
followed the same experimental methods.

» Reproducibility of inferences: the making of
knowledge claims of similar strength from a study
replication.

Goodman, Fanelli, loannidis. Science Transl Med 2016



Overall credibility

» Depends on the pre-evidence odds
(multiplicity of comparisons against true
associations)

e De
e De
e De

e All oft

0ENC
0ENC

0€ENC

s on the data (the study at hand)
S on bias
s on the field

nese may depend on each other



Simple model: no bias, one team of
researchers

Table 1. Research Findings and True Relationships

Research True Relationship
Finding Yes No Total

Yes c(1-BR/R+1) co/(R+1) c(R+o—PRV/(R+1)
No cBR/R+1) c(1-0)/(R+1) c(1T—-o+BRY/(R+1)
Total cR/(R+1) c/(R+1) C




Bias present

Table 2. Research Findings and True Relationships in the Presence of Bias

Research  True Relationship
Finding Yes No Total

Yes (c[1-BIR+ucPRI/R+1) co.+ uc(1 - a)/(R+1) c(R+ 0 - PBR+u—uoi+upR)/R+1)
No (T-u)cpR/R+1) (T-u)c(1-0)/(R+1) c(1-u)1-o+PRIR+1)
Total cRAR+1) c/(R+1) C




Many teams of researchers

Table 3. Research Findings and True Relationships in the Presence of Multiple Studlies

Research True Relationship
Finding Yes No Total

Yes cR(1-B"/(R+1) c(1-11-a]"/(R+1) CR+1-[1-a]"-RB"/((R+1)
No cRB"/(R+1) c(1-0)(R+1) c([1-o]"+RP"/(R+1)
Total cRI(R+1) c/(R+1) C
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Science at low pre-study odds of true findings

loannidis. Why most published research findings are false? PLoS Medicine 2005

Positive predictive value (PPV) of research findings for various combinations of power (1-p),

ratio of true to no relationships (R) and bias (u)

1-p

0.80
0.95
0.80
0.20
0.20
0.80
0.20
0.20

0.20

R u

1:1 0.10
2:1 0.30
1:3 0.40
1:5 0.20
1:5 0.80
1:10 0.30
1:10 0.30
1:1000 0.80
1:1000 0.20

Practical example PPV

Adequately powered RCT with little bias and 1:1 pre-study odds .85

Confirmatory meta-analysis of good quality RCTs .85
Meta-analysis of small inconclusive studies 41
Underpowered, phase I/11 well-performed RCT 23
Underpowered, phase I/11 poorly performed RCT A7
Adequately powered, exploratory epidemiological study .20
Underpowered, exploratory epidemiological study 12
Discovery-oriented exploratory research with massive testing .0010

As above, but with more limited bias (more standardized) .0015



Effect size = bias

* In several scientific disciplines, the effect sizes
observed in different studies are, on average,
accurate estimates of the extent of net bias
operating In the field

« Thus, disciplines that find larger effect sizes (=are
scientifically considered more successful) are
simply more biased than others that find smaller
effect sizes

* In the same scientific discipline, the most
successful and appreciated studies are simply the
ones that suffer the worst net bias



Effect size = bias
A Chinese language lesson

ACE (Insertion/Deletion) DD vs DI + Il ACE (Insertion/Deletion) DD vs DI + |l
for myocardial infarction for ischemic heart disease

T T T
o.5 o.8 1

1 2 5 3 2
Odds ratio, 95<6 ClI Odds ratio, 95< CI

HRAS/HRAS1 rare alleles vs others ACE (Insertion/Deletion) Il vs DI +~ DD
for cancer for diabetic nephropathy

T T T T T T T T
10 50 100150 250 o.1 o.2 o.5
Odds ratio, 959 CI Odds ratio, 959 CI
MTHFR (C677T) CC vs T1 GSTM1 (gene deletion) null/nul vs other
for coronary heart disease for lung cancer

|
1 = 5 o.8 "l é
Odds ratio, 959 CI Odds ratio, 959 CI

m Chinese, in MEDLINE m Chinese, not in MEDLINE m Other Asian m Other

Pan et al. PLoS Med 2005




Post-study odds of a true finding are small

 \WWhen effect sizes are small
e \When studies are small

* When fields are “hot” (many furtively
competitively teams work on them)

» \When there Is strong Interest in the results
» \When databases are large
» When analyses are more flexible

loannidis JP. PLoS Medicine 2005




Power failure: why small sample
Size undermines the reliability of
neuroscience

Katherine S. Button'2, John P. A. loannidis®, Claire Mokrysz', Brian A. Nosek?,
Jonathan Flint>, Emma S. J. Robinson® and Marcus R. Munafé’

Abstract | A study with low statistical power has a reduced chance of detecting a true effect,
butitis less well appreciated that low power also reduces the likelihood that a statistically
significant result reflects a true effect. Here, we show that the average statistical power of
studies in the neurosciences is very low. The consequences of this include overestimates of
effect size and low reproducibility of results. There are also ethical dimensions to this
problem, as unreliable research is inefficient and wasteful. Improving reproducibility in
neuroscience is a key priority and requires attention to well-established but often ignored

methodological principles.




Analytical flexibility: Vibration of
effects and the Janus phenomenon

ine, urine (1SD(log)) a-Tocopherol (1SD(log))
RHR = 1.07 RHR =1.21
AP =

Patel, Burford, loannidis. JCE 2015



Conflicts of interest

« 185 MEDLINE-listed meta-analyses evaluating
antidepressants for depression published in 1/2007-3/2014.

« Only 58 of the 185 meta-analyses on antidepressants for
depression (31%) had any negative statements in the
concluding statement of the abstract.

» Meta-analyses including an author who were employees of
the manufacturer of the assessed drug were 22-times less
likely to have negative statements about the drug than
other meta-analyses (1/54 [2%] vs. 57/131 [44%)],
p<0.001).

Shanil Ebrahim, Sheena Bance, Abha Athale, Cindy Malachowski, John PA.

[oannidis



Registration

Level O: no registration

Level 1: registration of dataset
Level 2: registration of protocol
Level 3: registration of analysis plan

Level 4: registration of analysis plan and
raw data

Level 5: open live streaming



Public Availability of Published Research Data in
High-Impact Journals

Alawi A. Alsheikh-Ali'2?®, Waqas Qureshi®*”, Mouaz H. Al-Mallah®>, John P. A. loannidis®®7-%°*

| | Policy of Required Public Beposition for Types of Data | Policy of Prowisi i Full data deposited
| smpact Factor NEroarra Nucleic Acid | Protein Matramolecuar AAAbErials U 5! Prodocols upon m | Percentage of papers
52.580
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Journal of Experimental Medicng
‘Annals of iInternal Medicine
Jeurnal of Clinical Onoolsgy
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Goenes and Development
Matuire Physics
Plas Bislogy
Mewron
Molecular Cell
Cireulatson
Flos Medidne
Developmental Cell
Gastrasntsralagy
Genome Research
American Journal of Human Genetics
Mature Structural and Malecular Biology
curnal of the American College of Cardiclogy
Blood
Hepatolagy
Current Blalogy
Gut
British Medical baurnal
Circulateom Research
Flant Cell
Mame Letters
ournal of Cefl Biolagy
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Malecular and Cellular Proteomies
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A research finding cannot reach
credibility over 50% unless

U<R

l.e. bias must be less than the pre-study
odds



Early discovered true associations are
Inflated

loannidis Epidemiology * Volume 19, Number 5, September 2008

TABLE 1. Selected Evaluations Suggesting That Early Discovered Effects Are Inflated
Theoretical Work or Empirical Evidence and References

Highly cited clinical research A quarter of most-cited clinical trials and 5/6 most-cited epidemiological studies were either fully
contradicted or found to have exaggerated results”

Early stopped clinical trials Early stopping results in inflated effects in theory®* and shown also in practice’

Clinical trials of mental health interventions More likely for effect sizes of pharmacotherapies to diminish than to increase over time®

Clinical trials on heart failure interventions “Regression to the truth™ in phase III trials for interventions with early | sing results’

Clinical trials on diverse interventions Effectiveness shown to fade over time®

Multiple meta-analyses on effectiveness Eleven independent meta-analyses on acetylcysteine show decreasing effects over time”

Epidemiologic associations ected to be inflated in multiple testing with significance threshold; empirical demonstration for
occupational carcinogens'”
Pharmacoepidemiology “Phantom shi ociations that don’t stand upon further evaluation''
Gene-disease associations Several empirical evaluations showing dissipation of effect sizes over time'*"'?
Linkage studies in humans Theory anticipates large upward bias (“winner’s curse”) in effects of discovered loci'®™'*
Genetic traits in experimental crosses As ve (actually literature on the “Beavis effect” precedes literature on humans)'?~*?
Genome-wide associations Large winner’s curse anticipated for discovered effects in underpowered conditior 4
Ecology and evolution Empirical demonstration that relationships fade over time*>-*¢
Psychol Replication studies in psychology failing to confirm true effects because the new studies
underpowered due to reliance on the estimate of effect from the original positive stu
eated data peaking in general Simulations to model inflation of effects with repeated data peaking*
Prognostic models Overestimated prognostic performance with step-wise selection of variables based on significance
2032
thresholds®*
Regression models in general aggerated effects (coefficients) with stepwise selection based on significance thresholds and small
>3 . i : . . 3
datasets®*; rrect substantially if a very lenient alpha = 0.20 is used for selection®® [thus
having enough power|

loannidis, Why most true discovered associations are inflated. Epidemiology 2008



Effect sizes for the top-cited
biomarkers in the biomedical literature

5 15 30
Relative risk in the highly-cited study

loannidis and Panagiotou, JAMA 2011




Decrease in AUC of predictive models
upon external validation

O
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I
0.70 0.80
Derivation AUC

X Overlapping-author(s) A Different authors

Siontis, Castaldi, Tzoulaki, loannidis, JCE 2015



Adjusting effects downwards

Published by Oxford University Press on behalf of the International Epidemiological Associadon Imterntarional Jowrnal of Epidermiology 2011;40:1280-1291
©» The Author 2011; all rights reserved. Advance Access publication 8 September 2011 doi: 10,1093 fije/dyr09 5

METHODOLOGY

Magnitude of effects in clinical trials published
in high-impact general medical journals

Konstantinos CM Siontis,' Evangelos Evangelou' and John PA Ioannidis'-****

INFLATED EFFECTS IN PRESTHAOUS GENERAL MEDICAL JOURMALS




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.




REPRODUCIBILITY

Enhancing Reproducibility for

Computational Methods

I‘ ita. co 1— and 1 Il H e ay ailable and cited

1, Yolanda Gil, Brooks Hanson, Michael A. Heroux, J[ohn P.A. Ioannidis

."-I'.-.".'ue'..=. T.=. |.|:'—::'

Science, December 2, 2016



Box 1. Some Research Practices that May Help Increase the
Proportion of True Research Findings

Large-scale collaborative research
Adoption of replication culture

Registration (of studies, protocols, analysis codes, datasets, raw data, and
results)

Sharing (of data, protocols, materials, software, and other tools)
Reproducibility practices

Containment of conflicted sponsors and authors

More appropriate statistical methods

Standardization of definitions and analyses

More stringent thresholds for claiming discoveries or “successes”
Improvement of study design standards

Improvements in peer review, reporting, and dissemination of research
Better training of scientific workforce in methods and statistical literacy

loannidis, PLoS Medicine 2014




Guidelines as a marketing tool and
as a potential threat to patients

CLIMICAL GUIDELINES

Ensuring the integrity of clinical practice guidelines:
a tool for protecting patients

Jeanne Lenzer, Jerome Hoffman, Curt Furberg, and John loannidis pull together a large expert
working group to offer a manifesto for clinical guidelines

Box 1: Red fiags that should ralse substantial skepticizm among guideline readers (and medical journals)

Sponsor(s) is a professional society that recesves substangal industry funding

Sponsor is a proprietary company, of is undeclared or hidden

Commifiee chair(s) have any finangal canflior*

Multpie pansl members have any financial conflict*

Ary suggeston of commifiee stacking that would pre-crdain a recommendation regarding a controversial topic
ko or limited irrabvernent of an expert in mathodology in the evaluation of evidencoa

Fio patermal revice

ko inclusion of non-physician expertsipatientd representativadoommunity stakehoédars

“Includes a panalist with edtheror both a finencial relabhonship with 8 propretary healthcane company and/or whiss clinice
pracicespecialty aspands on 1Ests or iInlerventions coverad oy thie guideline




Why Most Clinical Research Is Not Useful

John P. A. loannidis'-?*

1 Stanford Prevention Research Center, Department of Medicine and Department of Health Research and
Policy, Stanford University School of Medicine, Palo Alto, California, United States of America, 2 Meta-
Research Innovation Center at Stanford (METRICS), Stanford University, Palo Alto, California, United States
of America

¥ jioannid @ stanford.edu

Summary Points

o Blue-sky research cannot be easily judged on the basis of practical impact, but clinical
research is different and should be useful. It should make a difference for health and
disease outcomes or should be undertaken with that as a realistic prospect.

Many of the features that make clinical research useful can be identified, including
those relating to problem base, context placement, information gain, pragmatism,
patient centeredness, value for money, feasibility, and transparency.

Many studies, even in the major general medical journals, do not satisfy these features,
and very few studies satisty most or all of them. Most clinical research therefore fails to
be useful not because of its findings but because of its design.

(2016) Why Most Clinical The forces driving the production and dissemination of nonuseful clinical research are

| PLoS Med 13(6): 1002049, largely identifiable and modifiable.

Reform is needed. Altering our approach could easily produce more clinical research

that is useful, at the same or even at a massively reduced cost.
bhn P. A. loannidis. This is an
Btributed under the terms of the
ribution License, which permits
bution, and reproduction in any
original author and source are




Table 1. Features to consider in appraising whether clinical research is useful.

Feature Questions to Ask

Problem base Is there a health problem that is big/important enough to fix?

Context placement Has prior evidence been systematically assessed to inform (the need for) new
studies?

Information gain Is the proposed study large and long enough to be sufficiently informative?
Pragmatism Does the research reflect real life? If it deviates, does this matter?

Patient Does the research reflect top patient priorities?
centeredness

Value for money Is the research worth the money?
Feasibility Can this research be done?

Transparency Are methods, data, and analyses verifiable and unbiased?

doi:10.1371/journal.pmed.1002049.t001




Concluding comments

Type of design, sample size (power), presence of
conflicts of interest (financial or other), analytical
flexibility, and potential for (hidden) multiplicity
may Iinfluence the credibility of different types of
research

Each paper/study may have a multitude of other
features that may help understand how credible it is

Significant does not mean credible
Credible does not mean useful
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