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Some pre-emptive comments
ÅScience is the best thing that can happen to humans.

ÅMost scientific research done to-date has used non-

reproducible, suboptimal research practices.

ÅScience is becoming more massive and more complex. 

Scientific publications (200 million already and increasing at a 

rate of >7 million per year) are mostly advertisements (ñtrust 

me, this research was doneò). Raw data and experimental 

materials and algorithms usually are not shared.

ÅReward systems in academia and science in general are aligned 

with non-reproducible, suboptimal research practices

ÅAt the same time, the last decade has seen a flurry of interest 

and multiple efforts to address problems of reproducibility, and 

improve research practices

ÅAre we doing better? Can we do better?



Maps of science suggest there are many thousands 

of scientific disciplines. 

Their research practices vary substantially



The published literature is only part of this universe. Much 

(most?) of this universe is unpublished ñdarkò matter



Even if single fields improve over time, the total universe may 

get worse if dark matter increases and/or if the least 

reproducible fields grow at a faster pace



Some common features apply to most fields:

Statistical significance: A boring nuisance (96% of the 

biomedical literature claims significant results)

Chavalarias, Wallach, Li, Ioannidis, JAMA 2016









Statistical significance becoming less common in some fields?



Some examples of inverse publication reporting 

bias: 

ÅStudies of toxicity and harms of interventions

ÅNon-inferiority studies

ÅReproducibility checks?



Modeling the scientific ecosystem: are fraud 

and sloppy science increasing? 





Grimes, Bauch, 

Ioannidis. Royal 

Society Open 

Science, 2018



Megajournals
Å>2000 articles per year

ÅAcceptance rate 25-60%

ÅClaims for more rapid review

ÅModest to large APCs















Scientists are attracted by what is 

hot and gets incentivized



~2 million scientists 

published a million 

scientific papers on 

COVID-19

(Ioannidis J. et al, Royal Society 

Open Science 2021)



Yet, quality of science suffered



Do we need revolution 

or simply evolution?



Identify problems or push for solutions?



Goodman, Fanelli, Ioannidis. Science Translational Medicine 2016



Different types of reproducibility

ÅReproducibility of methods: the ability to 

understand or repeat as exactly as possible the 

experimental and computational procedures. 

ÅReproducibility of results: the ability to produce 

corroborating results in a new study, having 

followed the same experimental methods.

ÅReproducibility of inferences: the making of 

knowledge claims of similar strength from some 

study results. 



Improvements in reproducibility

ÅReproducibility of methods: yes, in some 

fields, but not necessarily in those that 

produce many papers

ÅReproducibility of results: remains 

unknown in many/most fields and most 

papers where replication is not attempted

ÅReproducibility of inferences: is it even 

possible (worthwhile?) to improve



Inferential reproducibility may be 

doomed to be modest (or low) by 

its very nature



Typical recipe of research practices: 

small data

ÅSmall sample size studies

ÅSolo, siloed investigator, small team

ÅCherry-picking of one/best hypothesis

ÅPost-hoc

ÅP<0.05 is enough

ÅNo registration

ÅNo data sharing

ÅNo replication





Power in 130 economics topics (>10,000 studies with 

>70,000 effect estimates) 

Ioannidis, Stanley, Doucouliagos, Economic Journal 2017



Typical recipe of research practices: 

big data

ÅExtremely large sample size (overpowered) 

studies

ÅCherry-picking of one/best hypothesis

ÅPost-hoc

ÅIdiosyncratic statistical inference tools without 

consensus

ÅNo registration

ÅData sharing without understanding what is shared



Big Data, Big Noise, Big Error

Khoury, Ioannidis, Science 2014



Small data, big data, no data

Ioannidis, JAMA, 2015





AI and the increasing dark matter 

of research production

ÅStanford has the highest computational 

capacity than any other university 

worldwide

ÅStill, this is only 1% of the computational 

capacity of Alphabet, Meta, Microsoft, 

Apple. 

ÅMost AI research may grow outside the 

(published) scientific literature

ÅIt may or may not be open source











Resistance to refutation



Ioannidis, PLoS Medicine 2014











Naudet et al, BMJ 2018

46% retrieval rate for raw data of 

randomized trials under full data 

sharing policy









Stodden et al. Science, 2016



Transparency versus complexity

Dzok and Ioannidis, Trends in Neuroscience 2019






