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ABSTRACT 

Reproducibility crisis in science is a frequent topic in scientific journals in the last ten years. It refers to 
the fact that several or many usually published studies fail to replicate, i.e., when repeated again by the 
same or independent researcher or researchers usually under the same or similar conditions, lead to 
different conclusions than the original study. The conclusions drawn in all these studies are heavily or 
exclusively statistical. This of course tarnishes the image of statistics, theory and practice. I this paper 
we review the problem, provide a historical account, present its various approaches and points of view 
as well as our position on the problem. Again, proper and correct use of statistical methodology 
emerges as part of the problem. 
 

 1.Introduction  
In the sixties/seventies while working on my PhD, I was introduced to the scientific method 
by my advisor Oscar Kemthorne at Iowa State. Kempthorne at that time, besides his interests 
in Statistical Genetics and Design and Analysis of Experiments, was interested in the 
foundations of probability and inference and other philosophical issues. He was a fan and 
devout supporter of Fisher. It was the time of the big conflict between frequentists and 
Bayesians. 

Through Kempthorne and reading various books (Fisher, Lehmann, Scheffe, Cramer, Fitz) I 
learned that statistics and in particular tests of significance, tests of hypothesis, randomized or 
not, and confidence intervals provide the means to empirically verify or not scientific 
hypotheses, to make decisions etc. It was the essence of the scientific method, the main 
method to “prove” empirically hypotheses or theories in science.  Science not like in Physics 
where theories must be experimentally verified, had used and was heavily using the scientific 
method to empirically investigate, prove or disprove hypotheses etc. 

Soon after came the explosion of Biostatistics where numerous medical investigations started 
to take place with use and misuse of statistics. The misuse of statistics was common and 
articles like ‘what doctors know about statistics’ started to appear in the literature. Numerous 
papers where the materials and methods and analysis sections contained tools ranging   from 
simple descriptive statistics to survival and multivariate analyses were being published. A 
few, very few Bayesian papers started apperaing in the litterature. 

Statisticians were concerned about the misuse of statistics and voices were heard asking 
papers containing statistical analyses to be refereed by statistical experts as well. Editors of 
some scientific journals added statisticians to their editorial boards. The statistical quality of 
published papers started to show signs of improvement. 
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 2. 2005 

In 2005 while I was a visiting professor at the University of Cyprus I noticed the article “Why 
most published research is false” by John P. A. Ioannidis published in PloS Medicine, Aug 
2005, Vol 2, #8, e124, 696-701. Ioannidis was making some provocative statements, 
including the title, as for example: 

- “Published research findings are sometimes refuted by subsequent evidence, with ensuing 
confusion and disappointment”. 

 -“False findings may be the majority or even the vast majority of published research claims”. 
-“It can be proven that most claimed research findings are false”. 
-“There is a high rate of non replication (lack of confirmation) of research discoveries”. 
-“The acceptance (believability) of statistically significant results can be undermined by bias, 
small effect sizes, and small sample sizes”. 

Here bias is used in a peculiar way meaning the probability that a study, for which the null 
hypothesis H0 is true, is declared as statistically significant after the experiment. 
 
Ioannidis argument is based on positive predictive values (PPV’s) widely used in diagnostic 
tests. They are the proportion of positive results, that are true positive results, i.e. the 
proportion of true positive results among the positive results : 

                        P( Ha is true│test is significant) , 
 
where Ha is the alternative hypothesis. PPV’s are widely used in Biostatistics (diagnostic 
tests) and have the following expression: 
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In terms of tests of hypotheses this translates into 
 
            PPV = P( Ha is true│test is significant)  
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Thus, PPV depends on α, the prior for Ho and the power. Studies should have high PPVs. 
Note, however, that with ignorance (non-informative prior) and power 80% (the usual 
standard in sample size calculations) 
 
                          PPV = 0.9411 when α = 5%        and 
 
                           PPV = 0.9876 when α = 1%, 
 
i.e., we achieve high PPVs. 
 
Ioannidis gave the following expression for PPV 
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where R is the ratio of the number of “true relationships” to “no relationships” among those 
tested in the field.  R is the odds of the prior for Ha and R / ( R + 1 ) is the prior. 
Ioannidis gave no mathematical proof of his major thesis “most claimed research findings are 
false”. He arrived at expression (2.2) not by Bayes formula, but through  a 2x2 table with 
rows : research findings ( yes, no) and columns : true relationships ( yes, no). 
From (2.2) comparing PPV with 1 – PPV, he arrived at the statement  
    “a research finding is more likely to be true than false if (1 – β) R > α “ 
Also from (2.2) PPV is an increasing function of the power 1 – β ,  and thus Ioannidis 
concluded  
       “the smaller the studies the less likely the research findings to be true”. 
Ioannidis gave some additional corollaries: 

1. “The smaller the effect sizes in a scientific field, the less likely the research findings 
to be true” (power is related to the effect size) 

2.   “The greater the number and the lesser the selection of tested relationships in a 
scientific field, the less likely the research findings are to be true.” 

3. “The greater the flexibility in designs, definitions, outcomes, and analytical modes in 
a scientific field, the less likely the research findings are to be true” 

4. “The greater the financial and other interests and prejudices in a scientific field, the 
less likely the research findings are to be true.” 

5. “The hotter a scientific field (with more scientific teams involved), the less likely the 
research findings are to  true.” 

These corollaries have stirred many discussions and comments and lack mathematical or 
statistical verification. Τhe title of Ioannidis’s paper was provocative, but on the other hand 
the title was one of the reason for the essay to be noticed  and read. Apparently, the statement 
that most (the majority) of published research findings are false. Apparently, this covers all 
scientific fields where empirical research is conducted (the essay does not restrict itself to the 
medical sciences). Also the arguments, the justification of “why most published research 
findings are false”, are not convincing and contain  misunderstandings and misinterpretations. 
The essay addresses itself to published research findings and presents several lines of 
reasoning as to why most of them are false. Naturally the same lines of reasoning apply to 
most unpublished research findings and therefore most research findings are false. 
C.R. Rao, a famous and well renowned statistician, in a seminar in Athens, Greece said that 
one of the greatest contributions of Statistics to humanity was the establishment that smoking 
is hazardous to people´s health or, in other words, smoking “causes” cancer. This finding was 
established with published research, among others, using standard, common statistical 
practice. 
 Initially one wonders what it means “a published research finding is false”, besides the 
apparent meaning of the words. Soon he discovers that what it actually means is “a 
(published) research finding given the results of a statistical analysis (usually statistical tests 
or inference)”. There are many research findings which do not fall in this category (see, for 
example the field of Physics. The former consideration of a finding given a statistical analysis 
immediately leads to the Bayesian paradigm or approach in statistics and to positive 
predictive values (PPV) widely used in medicine (diagnostic and screening tests, 
epidemiology, etc). 
Let H0 be a widely known null statistical hypothesis, e.g. there is no relationship or 
association between a prognostic factor and a disease and Ha the alternative statistical 
hypothesis, also widely known, that there is a relationship between the factor and the disease. 
Usually in most research efforts we are interested to see if empirical data, well designed and 
planned and obtained data, support or not H0. This is done by tests of significance and p-
values or confidence intervals or by tests of hypothesis of Neyman - Pearson type (where the 
concept of power comes in ) or by Bayesian methodology which requires the specification of 
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The seed of doubt and of questioning the integrity and validity of statistical methodology had 

been thrown.   

 

3. Impact and Reproducibility 

 
Ioannidis’s article had a tremendous impact. Many comments, reactions, letters, rebuttals and 

even papers have been written analysing and criticizing the paper. Here is a sample: 

Goodman and Greenland (April 2007) leading Bayesian methodologists from the John 

Hopkins Bloomberg School of Medicine wrote to PLoS Medicine:  Unfortunately, while we 

agree that there are more false claims that many would suspect – based both on poor study 

design, misinterpretation of p-values, and perhaps analytic manipulation – the mathematical 

argument in the PLoS Medicine article underlying the “proof” of the title’s claim has a degree 

of circularity ( indirectness, roundaboutness) 

Three months later Ioannidis (2007) responded: If a researcher doubts or is skeptical about the 

validity of his research findings or the findings of other researchers, it is natural or may be 

tempted to think ‘let’s repeat the experiment, the clinical trial, etc to see if we get the same or 

similar results’.  

This of course is against the principle of the scientific method or the foundations of statistical 

inference. The scientific method has characterized natural sciences since the 17th century, 

consisting in systematic observation, measurement, and experiment, and the formulation, 

testing, and modification of hypotheses. It has been extremely successful in bringing the 

world out of medieval times, especially once it was combined with industrial processes. 

However, when the scientific method employs statistics as part of its arsenal, there are a 

number of both mathematical and practical issues that can have a deleterious effect on the 

reliability of the output of the scientific methods.  

 Skepticism about the research findings may be due poor experimentation, poor or incorrect 

application of statistical methods, biases, and many other reasons. In other words, poor data 

analysis. 

Nevertheless, in practice, in science, (some) experiments or clinical trials have been repeated 

and in some cases the results were surprising. They led to what we now call the 

reproducibility crisis in science. 

In 2015 a two-day workshop on Reproducibility was held in Washington D.C. organized by 

the National Academies of Science, Engineering and Medicine.  Its theme was to discuss and 

examine the statistical challenges in assessing and fostering the reproducibility of scientific 

results. Here is how they defined reproducibility . 

Reproducibility: It is the ability of a researcher to duplicate the results of a prior study using 

the same materials as were used by the original investigator. A second researcher might use 

the same raw data to build the same analysis files and implement the same statistical analysis 

in an attempt to yield the same results.   If the same results are not obtained, the discrepancy 

could be due to differences in processing of the data, differences in the application of 

statistical tools, differences in the operations performed by the statistical tools, accidental 

errors by an investigator, and other factors…. Reproducibility is a minimum necessary 

condition for a finding to be believable and informative (cf. S. Goodman, NSF, 2015 and 

National Academies of Sciences, Engineering, and Medicine, 2016, p.4) 

Besides reproducibility we also have replicability which is the ability of a researcher to 

duplicate the results of a prior study with the same procedures but with new data. A failure to 

replicate a scientific finding is commonly thought to occur when one study documents 

statistically significant relations between two or more variables and a subsequent attempt to 

implement the same operations fails to yield the same statistically significant relations (cf. 

S.Goodman, NSF, 2015 and National Academies of Sciences, Engineering, and Medicine, 

2016, p.4) 
So,reproducibility has several forms: use the same raw data, use new data ,use same methods or similar 

methods , use same or different sample size etc.We list some factors affecting reproducibility. 
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(i) Insufficient training in experimental design and generally in organizing and conducting 
experiments, surveys, collecting data etc. 
(ii) Poor data management and analysis. 
(iii) Inappropriate understanding and interpretation of statistical concepts 
(iv) Biases 
 
  4. SOME WEEL-KNOWN EXAMPLES OF REPRODUCIBILITY FAILURES  
 
 1) Potti and his co-workers at Duke University, using genomic microarray data  published a 
paper in Nature Medicine (2006) which give  an algorithm that predicted which cancer 
patients would respond to chemotherapy. Two statisticians at MD Anderson Cancer Center , 
using the publicly available data, attempted to reproduce the Duke University analysis and 
results and found many errors not only in the handling the data but also that  the analysis was 
wrong.  The original study was finally retracted from Nature Medicine in 2011.  
2) Reinhart and Rogoff published a paper in the American Economic Review, 2010, claiming 
that countries with high debt to GOP ratio , like Greece, suffer from low growth. They even 
suggested that with a 90% or above ratio a country would have a drop in economic growth. 
This had a major impact in economic policy as it favours economic austerity.  Herndon (a 
graduate student) and Pollin obtained the data from the authors and reproduced their analysis 
(Herndon et al, 2013). They found many data editing errors and that an unusual form of data 
weighting led to the 90% figure. Had they used a more standard weighting form, they would 
have obtained a smoother relationship between the ratio and growth. 
 3) A recent study, 2011, found that 65% of medical studies were “inconsistent’ when tested, 
and only 6% were completely reproducible (cf. Prinz et al, 2011) 
 4) In 2012 a survey published in Nature found that 47 out of 53 medical research papers on 
the subject of cancer were irreproducible (Begley and Ellis, 2012) 
 5) Gelman’s wrong sign in one of the variables: Gelman and Cai (2008) published a paper in 
the Annals of Applied Statistics showing that Democratic candidates in the United States 
could get more votes by moving slightly to the right on economic policy. An error in the data 
analysis was discovered in 2013.  In trying to replicate the work, an undergraduate student 
had discovered that Gelman had used the wrong sign in one of the variables. Gelman 
published right away a three-sentence statement declaring that everything in the paper’s 
crucial section should be considered wrong until proven otherwise. 
 6) Ioannidis and his team in 2009 managed to fully replicate only 2 data out of 18 
microarray-based-gene expression studies. Here the replication failure was more due to 
unavailability of data and incomplete data annotation rather to statistical reasons. 
 7) In pharmaceutical research there exist several examples of non- reproducibility. For 
example, the therapeutic power of highly successful second-generation antipsychotic drugs, 
such as Zyprexa, Seroquel and Abilify, developed in the nineties, fifteen years later was 
shown to be steadily waning having an effect less than half of the original (Lehrer, 
2010)).Also, Bayer Healthcare reported in 2011 that its scientists could not reproduce about 
75% of published findings in cardiovascular disease, cancer and women’s health. 

There is a long history of ‘statistical doubts’ in Psychology. By doubts we mean conclusions, 
usually cause/effect relations, based on statistical investigations which are not accepted by 
many psychologists. 

The Open Science Collaboration project (cf. Nosek, 2015) with 350 researchers operating 
collectively, replicated 100 experiments, reported in papers published in 2008 in three high-
ranking psychology journals.The aim was to compare  replication results of these 100 
experiments with the original findings according to several criteria as for example p-values, 
effect sizes, etc. Ninety seven percent of the original studies had a p-value less than 5%. But 
only 36% of the replicated did so. Also, the effect sizes were found to be smaller than in the 
original papers. In general, the results in more than 50% of the papers were not replicated. 
They also reported some factors causing low reproducibility rate such as designs with low 

333



statistical power, publication bias etc. In addition, reproducibility was negatively correlated 
with the original p-values and effect sizes . 
 
5. OTHER POINTS AND ISSUES 
 
The high profile journals Science and Nature are calling on statisticians to help with the 
reproducibility problem. Articles with emphatic titles have appeared in the literature: Odds 

Are, It’s Wrong  (Siegfried, 2010) which claims that science has failed to face the 
shortcomings of statistics, with feedback comments and response by the President of the 
American Statistical Association (ASA), the President of the International Statistical Institute 
and the Editor of the Journal of ASA (JASA)  Pantula, Teugels and Stefanski (2010) and 
others; Love affair with statistics gives science a significant problem (Siegfried, 2011); 
Publish and be Wrong (Economist 2008); Can you repeat that? (Significance News, 2014); I 
don’t believe that, do it again (Significance, 2012); Fooling Ourselves Nuzzo(2015) which 
claims that humans are good at self-deception, but growing concern about reproducibility is 
driving many researchers to seek ways to fight their own instincts; Do clinical trials work? 
(Leaf 2013), etc. 
The common denominator in all these criticisms is the failure to see that the causes of non 
reproducibility are poor experimental and observational study design, poor statistical analysis, 
biases and misunderstanding of statistical concepts.  
 A statistical counterattack has been recently published by (Peng, 2015) where it is clearly 
stated that a comparative lack of analytical skills has resulted in scientific findings that are 
neither replicable nor reproducible. It is time to invest in statistics education he says. 
 
An issue related with reproducibility is the use of p-values. Lately strong criticism on the use 
of p-values in scientific research has appeared in the literature. P-values are widely used, 
misused and misinterpreted. Two highlights are the ban on the use of p-values by a 
psychology journal (Journal of Basic Applied Social Psychology) and the statement of the 
American Statistical Association on the use of p-values ( Wasserstein and Lazar, 2016). 
 When a study is replicated one should not expect p-values to remain constant. As a matter of 
fact, p-values are variable and their standard error should be evaluated. This would give a 
feeling of the chances of reproducibility. Boos and Stefanski (2011) state that for published 
studies with p-values in the range of 0.005 to 0.05 the probability of non replication is 
roughly 33%. The variability of p-values could account for an important fraction, but not all, 
of the observed lack of replication in studies reported in the literature, they say. Of course, p-
value should not be the only measure of evidence against a null hypothesis. 
Lowering the threshold of significance to 0.005 from 0.05 has been proposed by a large 
coalition of 72 methodologists as a way to cope with the problem of reproducibility and/or the 
use of p-values (Benjamin et al, 2018). Some additional suggestions are: Use other metrics 
besides p-values since they are the wrong metric to use. Use effect sizes as well. Calculate a 
95% prediction interval for the replication effect size given the original effect size 
 

6. CONCLUSION AND MY OWN POSITION 

The concept of statistical significance still remains unclear to the layman. Some believe that a 
significant result is one in which data points were produced by chance less than 5% of the 
time (Lehrer, 2010). Others consider the p-value as the probability of the null hypothesis 
being true.  

 Data nowadays are collected at an amazing rate. In the sixties we conducted surveys by 
mailing letters. Nowadays our studies can be based on billions of instant messages collected 
over a short time. The cost of collecting data has dropped dramatically. There is a delude of 
data. One result of this is an epidemic of poor data analysis. Our conclusion is summarized 
with the following points. 
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1. The principles of statistics and the statistical methodologies are crystal clear. The 
problem arises when one applies and interpret them in science. 

2. Regarding tests of significance or tests of hypothesis or p-values, statistical theory 
does give a rule how to choose the p-value. It does not indicate that the p value 
should be 5% or 1% or some other value. The researcher should pre select 
significance (α) and power (1-β) to make a decision or to declare a research finding. 
Several other rules should apply such as appropriateness and assumptions of the 
model, goodness of fit, sample selection etc. p-values arose from the application of 
statistical theory and the proliferation of statistical programs  

3. All these examples are troubling and cast doubt on the importance and value of 
statistical methodology. Many of them are due to errors and poor analysis 

      4.   Unconscious biases can explain part of reproducibility problems. 
 
      5.   It appears that there is a problem. The problem lies with science not with statistics. It             
           is the duty of Statistics and Statisticians to collaborate with science to resolve the issue 

 

Many researchers ignore the effect of multiple testing which raises the size of Type I error 
and reduces the confidence level. 

Some scientists advise to make research reproducible.  Some people claim the reproducibility 
is the foundation of modern research. However, there is no clear way on how to achieve 
reproducibility 

Two years have passed since the ASA statement on p-values and nothing has changed, 
business is as usual. We would only say that there is increased awareness of the problem. 

 

ΠΕΡΙΛΗΨΗ 

 Η κρίση αναπαραγωγησιμότητας  στην επιστήμη είναι ένα θέμα που συχνά εμφανίζεται στα 
επιστημονικά περιοδικά τα τελευταία δέκα-δεκαπέντε χρόνια. Αναφέρεται στο γεγονός ότι 
αρκετές ή πολλές συνήθως δημοσιευμένες μελέτες  αποτυγχάνουν να αναπαραχθούν, δηλαδή 
εάν οι μελέτες επαναληφθούν από τον ίδιο ή άλλους ανεξάρτητους ερευνητές,  συνήθως κάτω 
από τις ίδιες ή παρόμοιες συνθήκες, καταλήγουν σε διαφορετικά συμπεράσματα  από οτι η 
αρχική μελέτη. Τα συμπεράσματα που εξάγονται από τις μελέτες αυτές κατά κύριο λόγο ή 
σχεδόν αποκλειστικά είναι στατιστικά. Αυτό αμαυρώνει την εικόνα της Στατιστικής, θεωρία 
και εφαρμογές. 

Στο παρόν άρθρο κάνουμε μια επισκόπηση του προβλήματος, παρέχουμε μια ιστορική 
αναδρομή, παρουσιάζουμε τις διάφορες προσεγγίσεις και απόψεις καθώς επίσης και τη δική 
μας θέση. Και πάλι η κατάλληλη και ορθή χρήση της στατιστικής μεθοδολογίας 
αναδεικνύεται ως μέρος του προβλήματος. 
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