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Beyond P-value: the Rigor and Power of 
Study 
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ABSTRACT 
There have been a series of recent discussions and debates on the p-value and statistical significance. These discussions, 
including publications of more than 40 papers in a special issue of the American Statistician, provide an excellent opportu-
nity to think about some technical measures for practical implementation in grant applications and publications. While 
several factors have been discussed, it may be the rigor of a study that determines the p-value for reporting study results 
and judging a consistent replication of research. Both p-values and power, which integrate Fisherian and Neyman-Pearson 
methods, should be used for hypothesis testing.  We propose new criteria, which can be implemented without fundamental 
changes in existing statistics, to reduce false positives and irreplicability of studies that are either inadequately powered or 
overpowered. 
 
KEYWORDS 
P-value, rigor of study, statistical power, statistical hypothesis testing, statistical significance 

 
Since Ronald A. Fisher introduced the test of significance in 
1925, the p-value has been the "gold standard" measure 
for statistical hypothesis testing. While the Fisher's hypo-
thesis test has had critics such as those from Neyman and 
Pearson since its origin, recent discussions have focused 
on the misuse or misinterpretation of the p-value, leading 
some authors to recommend lowering the p-value thres-
hold(1, 2), or to abandon statistical significance statements 
altogether(3). The main reasons motivating such argum-
ents are that most of the published results that have passed 
the p-value threshold are false positives(4) or non-repli-
cable (5). This accelerating argument has also been raised 
in other fields such as psychology, behavioral sciences, and 
biomedical sciences (5-7).  

The discussions about the p-value are drawing continued 
attention to this issue.  As far back as 2005, John Ioannidis, 
an epidemiologist from Stanford University, pointed out 

some possible reasons for the presence of false positives in 
publications. Multiple additional commentaries have been 
published in various areas remarking on study design, data 
collection, power, uncontrolled heterogeneity, and probl-
ems in statistical analysis (8, 9). In February 2014, Regina 
Nuzzo published a highly viewed article on the statistical 
error (10), which seemingly initiated another round of dis-
cussions and debates on the p-value.  Some proposed a ban 
on the use of p-value, which arguably may not help solve 
the problem of a replicability crisis in research(5). The 
American Statistical Association (ASA) released a state-
ment on March 7, 2016 (Box1), to address some of the con-
cerns about the misuse and misconception of the p-value. 
These discussions were expected to have more influence, 
but it seemed to have had little impact on the practice of 
research following the ASA statement, according to a 
follow-up with journal publications a year later (11).  

Box 1 American Statistical Association Statement on Statistical Significance and P-Values. 

1) P-values can indicate how incompatible the data are with a specified statistical model. 
2) P-values do not measure the probability that the studied hypothesis is correct or the likelihood that the data were 

produced by random chance alone. 
3) Scientific conclusions and business or policy decisions should not be based only on whether a p-value passes a 

specific threshold.  
4) Proper inference requires full reporting and transparency. 
5) A p-value, or statistical significance, does not measure the size of an effect or the importance of a result.  
6) By itself, a p-value does not provide a good measure of evidence regarding a model or hypothesis. 

                                                           

* Correspondence to: F Zhang, Email:zhangfy@gcatresearch.org 



Zhang and Hughes  Global Clinical and Translational Research 2020, 2(1) 1-6 

www.gcatresearch.com  2 

 

There have been further discussions about statistical signi-
ficance and inference. In March 2019, scientists published 
a commentary in Nature “rise up against statistical signi-
ficance," a conclusion that is made based on the p-value. 
The review received more than 800 signatories in about a 
week from scientists across continents(3), although they 
and other investigators(12)  expressed no desire to ban the 
use of p-value or other measures of statistics. Concurrently, 
the journal of the American Statistician de-voted a special 
issue of more than 40 papers to "Statistical Inference"(13). 
These papers propose various statistical measures alter-
native to the p-value, and they create “knock-on” needs for 
a feasible plan to implement such practices in research, 
notably by educating scientists, reviewers, editors, funding 
agencies, regulators and industry on how to adapt and 
interpret such new measures beyond the p-value.  

In addition, the recently emerging fields of biomedical re-
search with a large-scale "Omics"(14) may require sophis-
ticated data processing such as normalization, variant cal-
ling, and analytics where advanced statistical tools are nee-
ded to produce a correct p-value. Here we discuss several 
key concepts associated with the use of p-value and pro-
pose new criteria for statistical inference in research and 
other applications, which are organized as follows: 1) sam-
pling and hypothesis testing, 2) determinant of the p-value, 
3) interpretation of the p-value, and 4) report on rigor and 
power of a study to improve replicability in research. 

SAMPLING AND HYPOTHESIS TESTING 

Sampling is the first crucial concept for the use of applied 
statistics in the 20th century, and notably, Fisher made 
pioneering contributions to all three components: para-
meter estimation (15), statistical hypothesis testing(16), 
and experimental design (17). Because most extant popu-
lations of interest are too large to study in toto, cannot be 
adequately assessed with certainty, or are theoretically 
infinite, it is neither feasible nor necessary to examine an 
entire population. The sampling technique helps to deter-
mine a representative sample, which is then used to make 
statistical inferences on the population parameters of inte-
rest. In his influential book, "Statistical Methods for Rese-
arch Worker," published in 1925(16), Fisher describes the 
statistical test to test the difference between the observed 
and expected using a Chi-Square statistic, which had been 
found by I.J. Bienayme in 1850s and by F.R. Hekmert and E. 
Abbe in 1860s and 1870s, and was rediscovered by K Pear-
son in 1900(18). Based on the Tables that are constructed 
to show the deviation and corresponding different values 
of probability, Fisher considers p=0.05 or 2-fold (1.96) 
standard deviations as a limit in judging if the departure is 
significant or not. 

In practical research, one has to define a study population 
and scientific hypothesis to be tested with a sample from 
the defined study population. Statistical hypothesis testing 
should be the first carried out based on the collected data 
of the sample. Under the "null hypothesis H0", a statistic, 
𝑇𝑜𝑏𝑠 is calculated from an empirical sample that is selected 
to represent the study population based on a known dis-

tribution 𝑓(𝑇|𝐻0); For a two-sided alternative hypothesis, 
the p-value is defined as P(|T|≥|Tobs|,under H0)=2*P(T ≥
 |Tobs|, under H0), where T is a random variable following 
distribution 𝑓(𝑇|𝐻0). While having proposed a combined 
p-value of multiple independent tests for the same hypo-
thesis(16), Fisher had never quantified the statistical po-
wer explicitly (17).   

Fisher's hypothesis testing mainly considers p-value, but it 
pays little attention to the size of effect, power, and infor-
mation on the study population. Soon after Fisher publi-
shed work that includes test research data or the test of 
significance in 1925 (16, 19), Jerzy Neyman (1894-1981), 
a Polish mathematician and statistician, and Egon Pearson 
(1895-1980), a British statistician, challenged Fisher's ap-
proach by developing the test of a statistical hypothesis 
(20). This led to the development of the Neyman–Pearson 
lemma of statistical hypothesis testing published in 1933 
(21), which, together with a series of papers, provided a 
consistent logical basis for statistical hypothesis testing. 
Neyman-Pearson hypothesis testing deals with two differ-
ent hypotheses. i.e., the test statistic T has two different 
probability density functions of  𝑓(𝑇|𝐻0)  under the null 
hypothesis and 𝑓(𝑇|𝐻1) under the alternative hypothesis. 
This forms a framework of statistical power, false positives, 
and false negatives. While multiple factors such as sizes of 
sample and effect and sample variation affect the p-value, 
the Neyman-Pearson lemma of hypothesis testing is comp-
lementary to Fisher's hypothesis testing. As Eric L. Lehman 
expressed, "despite basic philosophical differences, in the-
ir main practical aspects, the two theories are complem-
entary rather than contradictory" (22). 

DETERMINANTS OF P-VALUE 

The sampling and sample size affect the estimation of sam-
pling error and therefore influence the p-value for statist-
ical inference. In social sciences such as economics, social, 
or demographic studies, it is relatively feasible to obtain a 
representative sample from a study population. However, 
in biomedical research, especially hospital-based research 
on patients, it is challenging to do a random or represent-
tative sampling due to constraints on the feasibility of defi-
ning a sampling frame or performing subject recruitment 
and biospecimen collection. For example, in a genome-
wide association study of a human complex disorder, pati-
ents may be recruited from clinics and hospitals where 
patients may be from diverse locations due to patterns of 
referral or care networks, whereas healthy controls are 
often from the respective local communities. That diver-
gence may cause problems of sample representativeness, 
which may affect the replicability of research or create 
population stratifications, which is notoriously known for 
producing false-positive findings, particularly in the study 
of genomics and other “Omics” in human populations.  

Even with random sampling, the samples from simple ran-
dom and multistage cluster random sampling require diff-
erent statistical methods for parameter estimation. In clu-
ster sampling, special attention should be paid to the esti-
mation of standard error, because non-independence of 

https://en.wikipedia.org/wiki/Poles
https://en.wikipedia.org/wiki/Neyman%E2%80%93Pearson_lemma
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subjects within the same cluster or community may lead to 
an underestimation of the standard error for a parameter 
estimate when classical methods are used. 

In addition to the sample and effect sizes that determine 
the power to detect an actual effect, the research process 
itself, including data collection, measurement, batch effect, 
data processing, and statistical analysis, all influence the p-
value (4, 14). Errors in any step of the research process 
may lead to a biased estimate of the parameter or the asso-
ciated standard error. Therefore, to assure that a p-value is 
correct, independent replications, for which Fisher had 
initially considered combining multiple independent tests, 
are recommended. A proper independent replication study 
should be performed under the same conditions, notably 
including that a sample should be from the same study 
population. A combined p-value of multiple independent 
tests for the same hypothesis may increase the power to 
detect a real effect. However, results from a purposively 
selected sample, especially out of the study population, are 
often misleading. 

INTERPRETATION OF P-VALUE 

The p-value derived from one sample statistic only states 
that a chance to observe such as result if the "null hypo-
thesis H0" was correct. How the p-value is obtained deter-
mines its interpretation. In the first use by Fisher, the p-
value was used to measure the difference between obser-
ved and expected data (i.e., compatibility with model)(16). 
However, the p-value is not used to measure the probabi-
lity that the hypothesis is correct (ASA Statement No 1-2).  

A small p-value below the significant threshold is only a 
reflection of a statistical outcome based on one sample. 
The decision made may have to be associated with samp-
ling error. For example, with 100 independent samples 
from a study population, one can obtain 100 p-values to 
test a hypothesis. If there are 95 samples with a p-value of 
less than 0.05, one can feel more confident in rejecting the 
"null hypothesis H0" at an error rate of 0.05 (type I error). 
That says testing for a statistical hypothesis requires con-
sistent independent replications using samples from the 
same study population and with the same "recipe" to keep 
a type I error under control. When a type I error is specified, 
and a p-value passes the threshold, the quantitative magni-
tude of the p-value would have little to do with the decision 
on a study.  

The interpretation of the p-value should consider the type 
of design for a study.  In principle, the experimental study 
is less subject to confounding effect than an observational 
study, in which the later merely assesses association but 
not causation. In observational research, whenever a signi-
ficant or small p-value is observed, further investigation 
with an advanced study design will be warranted. When a 
statistical "null hypothesis H0" is rejected with sufficient 
evidence, it warrants further evaluation of the scientific 
hypothesis of interest; even though "scientific conclusion 
and policy decision should not be based on only whether 
the p-value passes the specific threshold" (ASA Statement 
No. 3). When multiple independent tests of significance 
have been performed, and few or none of them are indivi-

dually significant, Fisher recommends a combined p-value 
(16) to provide aggregate evidence. 

More importantly, interpretation of the p-value must be in 
the context of statistical power along with the size of the 
effect, because p-value does not measure the size of effect. 
As in the ASA released statement (No 5-6), "the p-value 
does not measure the size of effect or importance of the 
results, and is not a good measure of evidence regarding a 
hypothesis." The practice of current statistical hypothesis 
testing is mostly a Fisherian test of significance but does 
not consider power or effect size, in which Neyman and 
Pearson initially proposed and argued against Fisher's sta-
tistical testing. In the example that Amrhein et al. discuss-
ed (3), two studies with the same hazard ratio (HR=1.2), 
one was very significant (95% CL:1.09-1.33; p=0.0003); 
whereas the other was just "non-significant" (95% CL: 
1.03-1.48; p=0.097). If one knew the power of each study, 
which could be from the post hoc power analysis, one 
should have been able to explain the difference between 
these two studies. It appeared that the second study was 
with a large confidence interval, which could be due to a 
smaller sample size that led to the "non-significant" 
(p<0.097).  

Also, using power and effect size in statistical hypothesis 
testing would prevent false positives that might be caused 
by an overpowered study. Some recent genome-wide asso-
ciation studies of complex human disorders often end up 
with a large sample size. A large number of variants are 
detected at a stringent level of threshold (p<5x10-08) but 
often with small effect sizes (23, 24). Further examination 
of these variants finds they are primarily located in regions 
with a rare copy number of variations(23), which might 
not be those the genome-wide association study is desi-
gned to discover. The actual genetic variants associated 
with the diseases may have been hidden. It may be that the 
large sample size alone drives the finding of significant 
outcomes.   

REPORT ON RIGOR AND POWER OF STUDY  

Recent commentaries about the use of statistical signific-
ance and p-value may or may not enhance the replicability 
of scientific research. In the special issue by the journal of 
the American Statistician "Statistical Inference in the 21st 
Century: a World Beyond p<0.05", more than 40 papers pr-
oposed a range of solutions, including some new measures 
as alternatives to the use of p-value(13). Investigators or 
editors will need to consider how to unify these proposals 
into research practices or publications. As an initial step, 
we suggest the following measures to reduce false positi-
ves and to improve replicability in research. 

Strengthen rigor of study design and conduct through-
out the research process 

The rigor of a study is the key to the appropriate use of p-
value and replicability of research. A rigorous study design 
needs to be implemented throughout the entire research 
process from sampling, measurement of outcome and cov-
ariates, data quality control to statistical analysis. A stati-
stician should be first involved in study design, even star-
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ting with defining a study population as well as sampling 
and recruitment plans. The initial design is critical for the 
replicability of research. An investigator can determine a 
smaller and more homogenous population to study when 
the study outcome is anticipated to be heterogeneous or to 
cope with budget constraints. It is crucial to make sure tho-
se samples for discovery and replication should be from 
the same defined population.  

Research and quality assurance protocols should be deve-
loped to guide the implementation of research as designed.  
Some of these processes have been suggested in the publi-
cations that recently appeared in the special issue of the 
American Statistician — for example, getting statisticians 
more involved throughout the entire research process as 
well as preparation of publications (25). Rigorous statisti-
cal analysis should always be assured. Sampling and the 
measurement of study outcomes determine the selection 
of appropriate methods for statistical analysis. A study 
with multi-stage cluster sampling survey should employ 
hierarchical modeling (26, 27).   

Furthermore, strengthening the rigor of study design and 
conduct requires systematic training of investigators in 
biomedical research. While recent developments in biote-
chnology and bioinformatics tools have provided an excel-
ent opportunity to facilitate the discovery that can affect 
clinical practice and development of novel therapeutics, 
the same biotechnology advances create challenges for 
designing and conducting studies with rigor. These oppor-
tunities are also challenges that require funding agencies 
and institutions to provide increased funding for training 
their investigators. Other related research training should 
be provided for both mentors and trainees (28). 

 Increase transparency in report 

Transparent reports on research help improve research 
replicability by providing details essential to the “recipe” 
needed for performing replication of the study being repo-
rted. If a subsequent investigator cannot ascertain the spe-
cific methods used in a study published in the literature, 
and then it is less likely that a consistent replication will be 
obtained. One group of scientists has issued a call for trans-
parent reporting of preclinical studies, and they proposed 
a set of standards for reporting a rigorous design (29), wh-
ich will improve proper statistical inference (ASA State-
ment No. 4). Some journals such as Nature Research Jour-
nals have started implementing the report standards as a 
checklist when a research manuscript is submitted.  

Transparent reports, especially in terms of study design 
and statistical analysis, are essential in clinical and precli-
nical research (29, 30). Even though most biomedical grant 
proposals list a statistician, the need is to demonstrate that 
the statistician will be more involved throughout the rese-
arch process from design, to conduct, to the publication of 
study outcomes. In terms of papers, editors should obtain 
advice from a statistical reviewer earlier rather than wait-
ing until the review process is complete. Publishing results 
from a biomedical study with a detectable flaw in the desi-
gn or statistical analysis, especially in high profile journals, 

is detrimental to scientific research per se and poses an un-
necessary risk to human health. 

Require power, effect size, and 95 percent of confide-
ence limits in reports 

Strengthening the rigor of a study and increasing trans-
parency in reports may take time to implement. We prop-
ose to report the power and size of effect concurrently with 
the p-value, which may help reduce false positives. This 
proposal, in theory, makes hypothesis testing more com-
plete, an integration of the Fisherian and Neyman-Pearson 
methods. While not explicitly describing the power for 
statistical testing, Fisher did state when one study is not 
significant, an additional sample should be added, which 
leads to the development of the Fisher combined method 
(16). By reporting the power of a study, one can avoid pub-
lishing a false positive that could result from an under-
powered or overpowered study, both of which may lead to 
incorrect conclusions or be detrimental. With an under-
powered study, the probability of detecting a real effect is 
low, and some of the non-replications are due to low stati-
stical power (31, 32), which is more sensitive to error.  
When a significant p-value is obtained in an underpowered 
study, the false-positive risk will still be considerable (33); 
and the positive findings may be most likely due to misuse 
of statistics or non-statistical cause.  

In contrast, an overpowered study may show a significant 
p-value for what is not a real effect, or the result is not mea-
ningful, usually with smaller effect size and smaller p-value, 
in which a large sample size drives the statistical signifi-
cance. In clinical trials, it means that "a trial has the power 
to detect smaller difference and still be statistically signif-
icant.” (34) The over-powered study is often seen in recent 
genome-wide association studies of complex human diso-
rders or randomized clinical trials that pull various hetero-
geneous samples for meta-analysis (35, 36). Therefore, an 
overpowered study also causes false positives and should 
be avoided because it wastes resources, in particular for 
clinical trials (37). 

We propose the criteria for making a statistical decision on 
the "null hypothesis H0" based on both p-value and power, 
with a specified or meaningful effect size (Table 1).  When 
a p-value meets the threshold (e.g., 0.05, or 0.01), and a 
study power is between 80% and 99 %, one can decide on 
rejecting the "null hypothesis H0" (Decision 1). When a p-
value meets a threshold, but from a study with low statist-
ical power (<80%), one should make no decision on the 
"null hypothesis H0," and independent replication is need-
ed (Decision 2). When a p-value meets the threshold, but 
from a study with power >99% or higher, a sensitivity or 
subgroup analysis should be carried out to examine the 
heterogeneity of the study sample (Decision 3). For exam-
ple, in a genome-wide association study of complex human 
disorders, an analytical sample could include samples from 
multiple populations, in which the frequency of genetic 
variants of interest, such as single nucleotide polymorphi-
sms (SNPs), could vary. Therefore, subgroup analysis can 
help reveal sample genetic heterogeneity, which has demo-
nstrated in a previous study(38). Besides, 95% confidence 
limits should be required to report in practice.  



Zhang and Hughes  Global Clinical and Translational Research 2020, 2(1) 1-6 

www.gcatresearch.com  5 

Table 1. Criteria recommendation for making a decision on "Null hypothesis H0" based on p-value and power 
 Effect a αb Power Decision 
1) Beta or OR 0.05, 0.01 80-99% A judgment against the "null hypothesis"; 
2) Beta or OR 0.05, 0.01 <80% No decision. Need an independent sample for replication 
3) Beta or OR 0.05, 0.01 >99% No decision. Need a sensitivity analysis or subgroup analysis 

a. OR, odds ratio; RR, relative risk; and HR, hazard ratio; Beta is the regression coefficient; 
b. The threshold for p-value, the specification should take into account multiple testing.  

 

Advocate and conduct independent replications and 
interventional studies 

Whenever it is possible, in particular for claiming a disco-
very, an observational study or non-clinical trial should 
have independent replication. This practice has been imp-
lemented in performing genome-wide association studies 
of complex human disorders over the past decade (39). 
Ideally, a replication sample should be at least from the 
same study population. Results from previously published 
research, which might be from a sample in a different study 
population, are helpful but may not be able to serve as an 
independent replication for a specific study. For example, 
one performs genetic research of a human disorder in the 
US population but uses the data from another country for 
replication. It could be appropriate if previously published 
results from a different study population provided a con-
sistent replication, but this may not falsify the finding from 
one's study. Sometimes people are trying to validate res-
ults from a well-designed study by a study with a relative-
ly small sample or a large sample from a combined or 
meta-analysis, which could hide the actual findings (35). 
Replication should be conducted under similar conditions 
and within the same study population; otherwise, anyone 
can claim to falsify other's conclusions.  

Evidence from a longitudinal or interventional study is str-
onger in making a causal inference, which is very impor-
tant for moving the statistical hypothesis testing to a scien-
tific hypothesis.  In the field of biologic or genetic studies, 
the true finding can be validated eventually at a level of bi-
ological function, but one needs to obtain a reliable tar-get 
to pursue further investigation of the underlying bio-logy. 
In clinical trials, independent replication is costly and time 
-consuming, but the analysis of additional outcomes from 
the same study sample should always be encouraged.  A cli-
nical study with follow-up at multiple time points provi-
des a degree of self-replication.   

Perform rigorous statistical analysis 

Statistical analysis is the key to step to produce the final p-
value.  Some have pointed out that the false-positives are 
due to problems in statistical analysis (14), which is often 
performed by those without adequate training or related 
expertise. When reporting a study, one should specify stat-
istical software used for data analysis. If using a non-rout-
ine method or tool, the authors should provide results 
from an independent tool, in particular for genetic variant 
calling in exome- or whole-genome sequencing. In general, 
it is strongly recommended to use reliable software, which 

has undergone related quality assurance and for which the 
computational methods are described somewhere.  

In summary, we further discussed the p-value and rigor of 
a study and proposed new criteria for reducing false-posi-
tive findings in research. The requirements can be imple-
mented within existing research practices in statistics. We 
also encourage the inclusion of professional statisticians 
more comprehensively throughout design, conduct, and 
publication of research. These are critical for clinical and 
biomedical research, in which some studies are costly, and 
a misleading result may be detrimental to human health. 
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Commentary 

A Comment on 
“Beyond P-value: 
the Rigor and 
Power of Study" 

Helena Chmura Kraemer 

“As ye sow. So shall ye reap”: For almost 100 years, res-
earchers have been taught that the be-all and end-all in 
data-based research is the p-value. The resulting probl-
ems have now generated concern, often from us who have 
long so taught researchers. We must bear a major respo-
nsibility for the present situation and must alter our tea-
chings.  

Despite the fact that the Zhang and Hughes paper is titled 
“Beyond p-value”, the total focus remains on statistical hy-
pothesis testing studies (HTS) and p-values(1). Instead, I 
would propose that there are three distinct, necessary, and 
important phases of research:  
1) Hypothesis Generation Studies (HGS) or Exploratory 

Research (2-4); 
2) Hypothesis Testing Studies (HTS); 
3) Replication and Application of Results. 

Of these, HTS is undoubtedly the most important, but wi-
thout HGS, HTS is often weak and wasteful, and without 
Replication and Application, the results of HTS are often 
misleading.  

HYPOTHESIS GENERATING STUDIES 

HGS is done largely on existing data sets: public or clinical 
records, data from completed HTS, etc., and occasionally 
on datasets collected specifically for exploration. The goal 
of HGS is to generate specific strong and important hypo-
theses for future testing and to gain an understanding of 
the population and measures necessary for designing val-
id and powerful tests of those hypotheses. There are no 
conclusions from such studies, no tests, no p-values, only 
descriptive statistics, effect sizes, and mathematical mod-
eling results.  

If HGS results are mistakenly reported as conclusions, the 
false positive rate is unacceptably high. Currently, such 
HGS often report conclusions using invalid p-values, for 
authors fear that otherwise, reviewers might label such 
studies derisively as "fishing expeditions" and refuse pub-
lication. This is the source of many, perhaps most, of the 
false-positive results in the research literature(5, 6). Well-

done and correctly reported HGS deserve respect and 
publication.  

One crucial task in HGS is the definition of an appropriate 
effect size (ES) that takes on the value 0 or less if the hyp-
othesis generated is not true (H0), and increases in size the 
stronger the true hypothesis (H1) (e.g., Cohen’s d, (HR-
1)/(HR+1), where HR is the hazards ratio, risk difference, 
correlation coefficients).  

What must also be determined from HGS information (es-
pecially from the impact of previously done HTS on rela-
ted issues) is the critical value (CV) of that effect size, the 
value of the selected ES>0, below which the hypothesis 
may be true but for clinical purposes, trivial, meriting no 
further attention. For example, it might be decided in a 
randomized clinical trial comparing two treatments, that 
any Cohen’s d under .1 (CV=.1), or in a prediction study, 
that a correlation less than .2 (CV=.2) is of no great inter-
est or importance, even though each is greater than its null 
value of zero.  

The ES from HGS for any hypothesis considered strong and 
important enough to go on to HTS should be much greater 
than its CV, for ES is often overestimated in HTS (capita-li-
zation on chance). Why would one spend time and reso-
urces on a hypothesis that under the best of circumstances 
is likely of trivial clinical significance, 0< ES <CV?  

HYPOTHESIS-TESTING STUDIES 

 HTS starts with a strong 'a priori' hypothesis (from HGS). 
Then the guidance provided by Zhang and Hughes applies. 
Sampling, design, measurement, and analysis plans are 
based on knowledge gained in HGS. The proposed analy-
sis (validity predicated on the HGS) will likely result in a 
valid p-value. The power computations should use the CV 
(from HGS) to set the sample size large enough so that the 
probability of rejecting H0 for any ES>CV is greater than, 
say, 80% (power). If the ‘a priori’ significance level is .05, 
then the probability of a false positive is less than 5%, and 
the probability of missing a clinically significant true posi-
tive (ES>CV) is much less than 20%. All this occurs before 
the data to be used in the HTS is accessed ('a priori').The 
study is then executed as designed (with “fidelity”), and the 
p-value computed as proposed. The statistical results of an 
HTS are then expressed by that p-value, along with a sam-
ple estimate of the ES, with its 95% confidence interval.  

REPLICATION OR APPLICATION 

 No matter how well designed and executed a single study, 
no matter how small the p-value or large the ES, indepen-
dent confirmation and replication is necessary. But what is 
replicated? Certainly not the p-value or the event that the 
p-value<.05, for those largely depends on sample size, not 
the strength of the hypothesis (7). The ES should replicate 
over studies. 

If multiple studies testing a hypothesis (same population, 
research question, outcome measure), all valid for that 
purpose, each report an estimate of the effect size, there 
should be no significant heterogeneity among those effect 
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sizes. Using meta-analytic methods, one can then compute 
the pooled effect size and its 95% confidence interval.  

If effect sizes are heterogeneous (indicating non-replica-
tion), the question is whether all studies included addre-
ssed the same research question, and, if so, whether they 
were all valid for that research question (see, e.g.,(8)). The 
so-called "apples and oranges" and "garbage in, garb-age 
out" problems continue to plague meta-analysis (9, 10).  

If there is replication (relatively homogeneous effect size), 
there are 4 possibilities for the pooled results:  
1) The 95% confidence interval contains only ESs great-

er than CV. This result is both statistically significant 
(p-value<.05) and clinically significant. No further 
studies are needed.  

2) The confidence interval contains only ES less than CV. 
This result may or may not be statistically significant, 
depending on whether the null value of zero lies wi-
thin the confidence interval. However, the ES is not cli-
nically significant. Time and resources should not be 
wasted on further such studies of this issue.  

3) The confidence interval does not contain ES=0, but 
contains both ES both greater than and less than CV. 
This result is statistically significant, but not necess-
arily clinically significant. More studies are needed to 
settle that issue.  

4) The confidence interval contains ES=0 as well as ES> 
CV.  

Situation 4 may well happen with an individual study, 
particularly an inadequately powered one. However, with 
three or more valid and adequately powered studies, Situ-
ation 4 should rarely, if ever, happen in meta-analysis. If 
valid, but inadequately powered, studies are included in 
the meta-analysis, it may take far more studies to arrive at 
Situations 1 or 2. If invalid studies are included, there may 
never be a correct resolution to the question. However, 
studies included in meta-analysis often address different 
research questions (heterogeneous effect sizes), and many 
are not valid or adequately powered (8). 

Zhang and Hughes focus only on HTS, and within that con-
text, we largely agree. A few points of disagreement, how-
ever, with regard to the Table 1:  

First, Odds Ratio (OR) is not a viable choice for ES.  There 
is no sample size large enough to have more than 80% pr-
obability of detecting any OR>CV, whatever CV>1 is chosen 
(11, 12). Moreover, any non-null OR is un-interpretable in 
terms of clinical impact and is often grossly misleading 
(13-16).  

Second, both significance level (α) and power are primar-
ily determined by sample size, not by ES. I would argue that 
no decision could be based on these alone.  

Finally, genome-wide association studies should not be re-
garded as HTS, but as HGS. When a specific gene or gene 
combination is found in such exploration that predicts dis-
order status, then a HTS should be proposed, designed and 
executed to test the hypothesis that that specific gene or 
gene combination actually predicts disorder status in the 
population of interest.  

Historically, these p-value problems took on greater sali-
ence when statistical computation packages became more 
readily accessible and very powerful. Then multiple test-
ing, appropriate in HGS, but questionable in HTS, and 'post 
hoc' hypothesis testing became more common. These iss-
ues now take on even greater salience with the advent of 
“big data” into medical research. With sample sizes in the 
thousands and, sometimes, millions, even the most trivial 
finding has p-value<.5. 

The choice is either to fix the problems we have created or 
to give up on statistical hypothesis testing and p-values 
altogether. Personally, I am willing to do so, but not eager 
to give up what has long been (properly used) a valuable 
tool. 

Helena Chmura Kraemer, Ph.D. 
Professor of Biostatistics in Psychiatry (Emerita) 
Department of Psychiatry and Behavioral Sciences 
Stanford University 
Stanford, CA 
Email: hckhome@pacbell.net 

CONFLICT OF INTERESTS  

The author declares no conflict of interest regarding the 
publication of this paper.  

REFERENCES  

1. Zhang F, Hughes C. Beyond p-value: the rigor and power of 
study. Glob Clin Transl Res. 2020;2(1):1-6.  

2. Behrens JT. Principles and procedures of exploratory data 
analysis. Psychological Methods. 1997;2(2):131-60.  

3. Greenhouse JB, B.W. J. Exploratory statistical methods, with 
applications to psychiatric research. Psychoneuroendocrin-
ology. 1992;17(5):423-41.  

4. Tukey J. Exploratory Data Analysis. Reading MA: Addison-
Wesley; 1977. 

5. Ioannidis JPA. Contradicted and initially stronger effects in 
highly cited clinical research. Journal of the American Med-
ical Association. 2005;294(2):218-28.  

6. Ioannidis JPA. Why Most Published Research Findings are 
False. PLoS Medicine.2005;2(8):696-791.  

7. Hedges LV, Olkin I. Vote-counting methods in research syn-
thesis. Psychological Bulletin. 1980;88:359-69.  

8. Mirosevic S, Jo B, Kraemer HC, Ershadi M, Neri E, Spiegel D. 
"Not just another meta analysis": Sources of heterogeneity in 
psychosocial treatment effect on cancer survival. Cancer 
Medicine. 2019;8(1):363-73.  

9. Wortman PM. Judging Research Quality. In: Cooper H, Hed-
ges LV, editors. The Handbook of Research Synthesis. New 
York: Russell Sage Foundation; 1994. p. 97-109. 

10. Ioannidis JPA. The Mass Production of Redundant, Mislead-
ing, and Conflicted Systematic Reviews and Meta-analyses. 
The Milbank Quarterly. 2016;94(3):485-514.  

11. Kraemer HC, Blasey C. How Many Subjects? Statistical Po-
wer Analysis in Research (Second Edition). Los Angeles, CA: 
Sage Publications; 2015. 

12. Cohen J. Statistical Power Analysis for the Behavioral Scie-
nces. Hillsdale, NJ: Lawrence Erlbaum Associates; 1988. 

13. Newcombe RG. A deficiency of the odds ratio as a measure of 
effect size. Statistics in Medicine. 2006;25:4235-40.  

14. Kraemer HC. Reconsidering the Odds Ratio as a Measure of 
2X2 Association in a Population. Statistics in Medicine. 2004 
;23(2):257-70.  

https://www.gcatresearch.com:2096/cpsess8951095763/horde/imp/dynamic.php?page=message&buid=459&mailbox=SU5CT1g&token=QVhcpaFaJAfZ-xagI7XQKT1&uniq=1576388218944


Kraemer, HC  Global Clinical and Translational Research 2020; 2(1):7-9 

www.gcatresearch.com  9 

 

15. Kraemer HC, Kazdin AE, Offord DR, Kessler RC, Jensen PS, 
Kupfer DJ. Measuring the potency of a risk factor for clinical 
or policy significance. Psychological Methods. 1999;4(3): 
257-16. 

16. Sackett DL. Down with odds ratios! Evidence-Based Med-
icine. 1996;1:164-6.  

Copyright © 2019 by Global Clinical and Translational Research 

 

 

How to cite: 

Kraemer, HC. A Comment on “Beyond P-value: the Rigor and Power of Study." Glob Clin Transl Res. 2020;2(1):7-9. 
 DOI: 10.36316/gcatr.02.0022. 

 



Wu  Global Clinical and Translational Research 2020; 2(1):10-11 

www.gcatresearch.com  10 

Commentary 

Improve 
Reproducibility by 
Using Statistical 
Methods 
Appropriately 

Shiying Wu 

The author (1) made some good suggestions, such as inv-
olving a statistician throughout the entire study process, 
from the study design to statistical reporting, and a more 
detailed report on statistical methods used, including the 
study design, power calculation, effect, and sample size. 

There are several common and important aspects of the 
issue of false positives and reproducibility that can be fur-
ther clarified. Among them are:  

First. The false positives in biomedical studies are often 
due to a lack of knowledge of appropriate statistical me-
thods. In particular, the false positives in "-omics and geno-
me-wide association studies are often due to failure to 
account for multiple comparisons properly. In these types 
of studies, a large number of features are under examina-
tion, and the number of true positives could be very small 
if any. Instead of using p-values, Beniamini, and Hochberg 
(1995) developed a method to control the false discovery 
rate explicitly, and the method itself is called “false 
discovery rate” (FDR). Their method is widely used. Split 
sample validations and other cross-validation methods are 
also widely used to reduce the number of false positives 
and increase the reproducibility of the studies. In this case, 
the validation step is critical in reducing false positives and 
improving reproducibility. 

Second. The “overpower” of a statistical test discussed in 
the paper (1). It is due to a lack of a proper specification of 
effect size in the null hypothesis. Let us say you want to see 
if a new drug on hypertension is effective. Your hypothesis 
may be the blood pressure difference in means between 
treatment and control being 0 mmHg. Given enough 
sample size, a real difference of 1 mmHg will be detected 
with a substantially small p-value. However, 1 mmHg is not 
medically significant and thus does not justify a new drug. 
Thus, a small p-value from your test does not lead to a 
meaningful conclusion in this case. Let us say that a diff-
erence of 10 mmHg or more is sufficient to justify the new 

drug medically. Then the right "null hypothesis" should be 
the difference being less than 10 mmHg. When the hypo-
thesis is properly specified, the large sample size will not 
lead to incorrect inference. "Overpower" exists only in the 
sense of wasting resources. 

Third. Should a smaller p-value be chosen as a significance 
level, or should the p-value be abandoned? This can be 
considered at two levels: First, under the current statis-
tical framework, the p-values as control of false-positive 
errors are valid when used properly. However, the values 
of 0.05 or 0.01 were chosen somewhat arbitrarily by Fisher 
to simplify the distribution tables. A different p-value can 
undoubtedly be used when proper justification is provi-
ded. For example, in multiple comparisons problems like 
those in -omics and genome-wide association studies, the 
FDR method and cross-validation are often used to control 
false positives. In this case, the threshold for p-values is 
dictated by the desired false discovery rate and is no longer 
0.05 or 0.01. However, blindly reducing p-value threshold 
increases the number of false negatives, which could be 
more expensive in the end. Be aware of the risk. Second, a 
decision to take a certain action or not should be ideally 
based on minimizing the risk given a well-thought loss 
function, instead of an arbitrary statistical significance 
level. The FDA's Accelerated Approval regulations can be 
thought of as an effort towards this direction. When there 
is no alternative treatment (thus no opportunity cost), a 
chance of saving lives out-weighs wasting money and 
suffering some side effects. This can be formalized by using 
an asymmetric loss function as opposed to the square loss 
function implicitly used in a typical statistical analysis from 
where the p-value is obtained(Given the form of the loss of 
function is subject to different choices, a sensitivity analy-
sis of the choices may be needed). Only in this sense, p-
values can be abandoned and replaced by minimizing the 
risk function. That said, people in the research community 
are not used to think decisions in terms of loss functions, 
let alone to achieve some level of consensus. Hence, there 
is a long way to go in this direction. Mean-while, we need 
to keep using p-values appropriately and justify the chosen 
threshold.  

In addition, I do not entirely follow the decisions in Table 
1. On Decision 2): The lack of power only suggests an incr-
eased probability of false negatives. Since we are observ-
ing a positive, I do not know why "null hypothesis H0" is 
not rejected.  

On Decision 3): Having a high power is not a problem per 
se, statistically, and should not lead to a wrong inference. 
If heterogeneity is a concern, subgroup analysis should be 
performed in both Decisions 1) and 3), because you may be 
able to detect it if it is substantial. Thus, I expect Deci-sions 
1) and 3) be the same unless a different justification is 
provided. 

Shiying Wu, PhD 
SAS Institute 
Cary, NC 
 USA 
E-mail: shiying.wu@sas.com 
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Commentary 

A Comment on 
"Beyond P-value: 
the Rigor and 
Power of Study”  

Angelean Hendrix  

Interdisciplinary work has unique challenges regardless 
of the fields involved. A free flow of ideas and advances 
can be almost impossible due to the vast amount of infor-
mation available and the use of different scientific langu-
ages. Pharmaceutical development faces this challenge on 
a daily basis. Though the statistical community has been 
debating and improving their methods for decades, impl-
ementation outside of the field and academia has been 
slow to follow. One of the first statistical measures that I 
personally used was the p-value, a principle that all exp-
erimentalists must follow if their work is to be taken ser-
iously, but statisticians know it is not enough and results 
are routinely published that are not replicable. “Beyond 
P-value: the Rigor and Power of Study” by Zhang and 
Hughes (1) boils down the American Statistical Associa-
tions position from 2016 into terms that are easily under-
standable to a wide audience of scientists. The proposed 
criteria have the potential to easily fix many problems 

associated with poorly designed studies and goes further 
to strongly suggest engagement with statisticians at every 
step from bench to bedside. The proposal is well pre-
sented, easily understood and long overdue.  

Changes to statistical design, as proposed, address a criti-
cal scientific need, but a larger communication issue exi-
sts in interdisciplinary work. Fundamentally, it is imposs-
ible to stay current on all the advances in one’s own dis-
cipline much less those adjacent. Proficiency should not 
replace expertise, and, when the implementation of sign-
ificant changes in theories is delayed for years, we must 
consider the consequences to the end beneficiaries of our 
work: the patients. Increased engagement with statistical 
and mathematical experts during the earliest stages of 
animal study design can streamline an entire develop-
ment program and avoid future problems of reproduci-
bility by helping make sure every study is rigorously 
designed and powered. 

Angelean Hendrix PhD 
Metabolism – Pharmacokinetics/Pharmacodynamics 
The Covance Laboratories 
Madison, WI. 
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Authors' reply 

Reply to Comments 
on "Beyond P-value: 
the Rigor and 
Power of Study" 

Fengyu Zhang*, Claude Hughes 

We received commentaries that included comments on our 
paper. Here we provide replies to the comments in the 
order received. To avoid confusion, we made a revision in 
the Table 1 to assure that level of significance and power 
at specified effect size are used appropriately.  

Reply to Kraemer 

We agree with Helena Kraemer's comments (1) on our 
paper "Beyond p-value: the rigor and power of study"(2), 
and that she also discussed some additional cases such as 
hypothesis-generating studies (HGS) or exploratory rese-
arch.  

There are studies when p-value(s) are calculated or rep-
orted, but they may not be applicable for formal statistical 
hypothesis testing. In such a case, misuse and misinter-
pretation of p-value may occur. Our paper mainly focu-sed 
the discussion on how p-values should be appropriately 
used and interpreted for statistical hypothesis testing stu-
dies (HTS), and then we proposed new criteria to reduce 
the possible misuse of p-values and reduce irreplicability 
in research. As we mentioned, "the interpretation of the p-
value should consider the type of study"(2). We are also 
more than willing to agree with that one should not be 
eager to give up something until there has been a systema-
tic effort to fix the problems. Our paper attempted to pre-
sent actionable steps toward reducing the misuse or mis-
interpretation of the p-value that has been taught or used 
nearly for a century after Fisher's initial use in 1925, or the 
notion to abandon "significance" that Fisher introduced 
and associated the term "significance" with a small p-value 
(3). 

The hypotheses generating studies (HGS) highlighted by 
Kraemer (1) are worthy of further comment. HGS are usu-
ally based on use of an existing database that often times 
was not formally designed for research or use of datasets 
that were conveniently collected and are explored for 
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novel hypotheses. Nowadays, more and more inquires are 
made into sets of "big" data, such as those from electronic 
health records (EHR) or from "real world" clinical treat-
ments in biomedical studies. When dataset from such re-
sources lack an approach to an objective sampling from a 
defined study population, they should be used with care. 
As we pointed out in our paper on "Sampling and Hypo-
thesis Testing" (2), p-value and hypothesis testing are 
established based on sampling, a technique used to obtain 
a sample to represent a study population objectively. The-
refore, the parameter estimation, calculation of statistic, 
and hypothesis testing are all based on an objective sam-
ple, which helps to correctly estimate the sampling error 
associated with an outcome of study. If a study has not 
used an objective sampling, then the investigators should 
be cautious about using the p-value to decide against "null 
hypothesis H0". We agree with Dr. Kraemer that for HGS, 
no conclusion should be made based on p-value if one 
wants to calculate or abandon it.  

In terms of replication and application of results, Kraemer 
discussed both homogenous and heterogeneous cases of 
effect size for combining results (1). Her guidance is con-
structive in informing how to make the decision based on 
multiple replication studies. We strongly propose that 
when there is heterogeneity in effect size, no combined 
analysis should be performed, unless one has an adequate 
number of studies or replications of the same kind to est-
imate the random-effect appropriately. Dr. Kraemer’s com-
ments on the Table 1 are helpful and worthy of some expl-
anations. We agree with the first point that "the odds ratio 
(OR) is not a viable effect size." and that ORs have often 
been misused and interpreted inappropriately. We listed 
(2) "coefficient or OR" under the column "effect" in the 
Table 1 to indicate two types of parameter estimates for 
continuous and non-continuous outcomes, not for a real 
effect size. Strictly speaking, these should have been label-
ed as parameter or estimate. We had made a note under-
neath the Table 1, including relative risk and hazard ratio 
(should have included other estimates such as correlation 
coefficient as well). Investigators should consider their 
individual study design in order to specify an effect size for 
power calculation and to use these new criteria for hypo-
thesis testing.  

We also agree with Dr. Kraemer on the second point that 
(1)"both significance level (α) and power are primarily 
determined by sample size, not by ES." These are the cri-
tical factors as we proposed to use level of significance (α) 
and power under pre-specified effect size to avoid studies 
that are too large or too small. In the paper (2), we stated, 
"We propose the criteria for making a statistical decision 
on the 'null hypothesis H0' based on both p-value and 
power, with a specified or meaningful effect size (Table 1)". 
Therefore, level of significance (α), statistical power, and a 
pre-specified or meaningful effect size are all required 
components to implement the new criteria to decide on the 
"null hypothesis H0." Effect size is critical for computing 
power, which should not be based on a post-hoc power 
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analysis. We did not list an effect size in the table because 
the choice of an effect size is a variable with study. Only 
after a meaningful effect size is specified, can appropriate 
power be calculated and divided into three categories to 

implement the new criteria. A large sample at some speci-
fied effect size could lead to an overpowered study. To 
avoid further confusion, we would propose a revised Table 
1 (Table 1R) as follows. 

 

Table 1R. Criteria for "Null hypothesis H0" Based on P-value and Power at Specified Effect Sizea 

 α b Power Decision 
1) 0.05, 0.01 80-99% A judgment against the "null hypothesis" 
2) 0.05, 0.01 <80% No decision. Need an independent sample for replication 
3) 0.05, 0.01 >99% No decision. Need a sensitivity analysis or subgroup analysis 

a. Could include regression coefficient, odds ratio (OR), relative risk (RR), HR (hazard ratio), or correlation coefficient. 
b. The threshold for p-value, the specification should take into account multiple testing.  

 

Reply to Wu 

In response to our recent paper (2) "Beyond p-value: the 
rigor and power of a study”), Shiying Wu discussed (4) 
"false positives and reproducibility that can be further 
clarified." We certainly agree with his first point that "fa-
lse positives in biomedical studies are often due to a lack 
of knowledge of appropriate statistical methods." Misuse 
of statistics is commonly seen and is a significant problem 
to solve. His second point is that "an overpowered study is 
due to a lack of a proper specification of effect size in the 
null hypothesis." We also agree with this remark and 
believe that the proposed new criteria in our paper may 
help to reduce the conduct and reporting of some over-
powered and underpowered studies. In our article (2), we 
stated, "We propose the criteria for making a statistical 
decision on the null hypothesis H0 based on both p-value 
and power, with a specified or meaningful effect size 
(Table 1)". The effect size is one criterion required for the 
power calculation and hypothesis testing. By specifying an 
effect size, one can judge whether a study is overpowered, 
regardless of whether the p-value is significant or not. 
Therefore, considering power can avoid p-value cha-sing 
in the conduct of research. 

In terms of proposals for lowering the level of or aband-
oning the p-value, Dr. Wu noted that one should reduce the 
level of the p-value to accommodate multiple testing. We 
again agree and add that in a well-designed GWAS, a very 
low p-value should be used to control for this issue of 
multiple testing. In contrast, in some clinical studies, parti-
cularly randomized clinical trials, investigators may need 
to limit multiple testing because lowering the threshold for 
a p-value would be costly and potentially require more 
resources than are available.  

In analysis of a clinical trial, a core recommendation is to 
apply a statistical test first to the primary outcome. Accor-
ding to a follow-up examination of 203 clinical trials (5) 
published in three major medical journals in 2017, 272 
primary outcomes (1.34 per trial), 174 were significant at 
p<0.05, but only 71% (123/174) remain significant at p< 
0.005. The proportion of significance at the new threshold 
(p<0.005) was 68.6% (59/86) in the industry-funded 

studies, which was significantly higher than 33% (38/115) 
in others. The funding source was the only significant cha-
racteristic associated with the rate of new significance aft-
er adjustment for other covariates. Wu also cited the case 
of "the FDA's Accelerated Approval regulations" when 
there is no alternative treatment for patients, which can be 
considered as an effort towards abandoning the p-value. In 
the case of no available approved medication, there may be 
no data available for ma-king a comparative evaluation of 
the new treatment. If data is accumulated and analyzed, it 
should belong to hypothesis-generating studies, as 
Kraemer discussed in her comment.  

We would like to further reply to the questions about the 
new criteria we proposed for statistical hypothesis testing. 
First, we agreed with the "lack of power suggests an incr-
eased probability of false-negative study." When one posi-
tive result is observed with an underpowered study, it is 
likely that the observed positive is not real or it reflects an 
error because a study with a small sample is more sensiti-
ve to mistakes, which could be just measurement or sam-
pling errors. In this case, more samples can assure that the 
statistical power reaches a minimal level such as 80%. 
Other authors have also discussed underpowered studies 
(6, 7) in which they noted that the error rate at a signi-
ficance level of 0.05 may still be considerable. Regarding 
this issue, decision 2 in our Table 1 will help avoid pub-
lishing an underpowered study. In some situations, it may 
be impossible to add additional samples in which case the 
investigators should note in the study report or publica-
tion the fact that the study was underpowered and the 
underlying reason(s). To illustrate, in the conduct of some 
clinical trials, under powering may sometimes be caused 
by participants/subjects being lost to follow-up. 

Finally, we would like to take this chance to elaborate more 
about the issue of overpowered studies, regarding the 
remark that "having a high power is not a problem per se, 
statistically, and should not lead to a wrong inference." 
First, an overpowered study is defined as a study with a 
large sample size at a specified effect size, regardless of 
how small the p-value is or if a study achieves a significa-
nt result or not. Generally, we all understand that people 
are less motivated to report a non-significant result. Rese-
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arch resources have limits, so overpowered research 
should be avoided because it may be costly and wasteful of 
resources, in particular for clinical and "Omics" research. 
Second, a large sample is likely to be accompanied by high 
heterogeneity. Therefore, findings detected in such an 
overpowered study with a large sample size tend to have a 
small effect size. More importantly, sometimes an over-
powerred study may hide some valid findings with mean-
ingful effect size(8) that could or may have been discover-
ed with an adequate but homogenous sample. For our deci-
sion 3 proposed in the new criteria for hypothesis testing 
(2), when the criteria are met, one should perform a sub-
group analysis to assess heterogeneity. The sample should 
be divided into different groups where each group plausi-
bly represents possible diverse study subpopulations. We 
should usually insist that without subgroup analyses or 
sensitively analysis, no decision should be made in the case 
for the Decision 3 of the proposed Table 1. In commenting 
our paper, Dr. Kraemer has provided insightful comments 
on the heterogeneous and homogenous effect size for repl-
ication and application (1). Excellent examples have been 
reported demonstrating that subgroup analyses might give 
beneficial information for detecting sample heterogeneity 
(9). Also, ancillary analysis has been required as a relevant 
item in the checklist for preparing a report of a randomized 
clinical trial (10). 
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