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Abstract
Background 
Despite the e�orts of leading statistical authorities and 
experts worldwide, misuse of statistical signi�cance re-
mains a common, dangerous practice in public health 
research. �ere is an urgent need to quantify this phe-
nomenon.

Methods
200 studies were randomly selected within the PubMed 
database. An evaluation scale for the interpretation and 
presentation of statistical results (SRPS) was adopted. �e 
maximum achievable score was 4 points. Abstracts (A) 
and full texts (FT) were compared to highlight any di�er-
ences in presentation. �e Wilcoxon signed-rank test was 
employed in this scope.

Results
All studies failed to adopt P-values as continuous mea-
sures of compatibility between the data and the target hy-
pothesis as assessed by the chosen test. �e vast majority 
did not provide information on the model speci�cation. 
However, in most cases, all �ndings were reported in full 
within the manuscripts. �e Wilcoxon signed-rank test 
showed a marked incompatibility of the null hypothesis 
of zero di�erence between A and FT scores with the data 
obtained in the survey: null P < .001 (as assessed by the 
model), r = 0.87 (standardized e�ect size). Additionally, 
the score di�erence (207.5 points for A vs. 441.5 points 
for FT) indicates a scenario consistent with a substantial 
disparity in the completeness of the outcomes reporting.

Conclusion
�ese �ndings align with the hypothesis of widespread 
and severe shortcomings in the use and interpretation 
of statistical signi�cance within public health research 
during 2023. �erefore, it is essential for academic jour-
nals to compulsorily demand higher scienti�c quality 
standards. �e suggestions provided in this study could 
be helpful for this purpose.

Introduction
Background
Decades of intense e�orts had little impact on the misuse 
of the concept of statistical signi�cance, which remains 
one of the primary and most pervasive issues within the 
scienti�c community, particularly in the �eld of public 
health.[1] In general, there is a prevailing tendency to in-
terpret the P-value as an objective measure for discern-
ing between scienti�cally signi�cant and non-signi�cant 
results.[2] However, such a practice is entirely unfounded 
and contradicts consolidated evidence on the topic.[1-6]

�ere are two main, mutually exclusive approaches with-
in the frequentist scenario: the neo-Fisherian and the 
Wald-Neyman-Pearson (WNP) ones.[7] And, paradox-
ically, despite the historical diatribe between these au-
thors and the extreme philosophical and epistemological 
di�erences, such approaches are erroneously mixed in 
much of today's research. In the former, at best, the so-
called "divergence P-value" is a continuous measure of 
the statistical compatibility between the numerical, ex-
perimental data and the �xed target hypothesis (e.g., the 
null hypothesis of no e�ect) as evaluated by the chosen 
statistical model.[8] �is measure is conditional on the 
background assumptions (e.g., absence of bias, extraction 
of a random and su�ciently large sample from the target 
population, numerical data normality, etc.), which must 
be well met for the P-value to be su�ciently interpretable 
in that way (the higher the P-value, the greater the statis-
tical compatibility). �e term "divergence" stems from the 
fact that such a P-value can also be adopted to assess the 
discrepancy of a statistical result from the prediction of 
the target hypothesis (the lower the P-value, the greater 
the discrepancy). �is discrepancy, or incompatibility, is 
generally and improperly referred to as "signi�cance." On 
the contrary, the so-called "decision P-value" of WNP is 
a mere numerical index devoid of intrinsic, direct mean-
ing: given a certain threshold α (e.g., .05), one arbitrarily 
chooses to reject the target hypothesis in favor of the al-
ternative hypothesis when P-value < α and not to reject it 
when P-value ≥ α (according to what is computed by the 
chosen test).[8] A little-understood but yet vital aspect of 
this procedure is that, in addition to being conditional 
on various underlying hypotheses, it is mathematically 
structured to work only in a high number of ideal exper-
imental executions (each capable of su�ciently guaran-
teeing the required underlying hypotheses) and is mathe-
matically precluded from providing speci�c information 
on the individual study already conducted. �e modern 
utopian goal is to limit the number of false positives - 
or Type I errors - to a maximum of α% (and, eventually, 
false negatives - or Type II errors - to a maximum of β%) 
in the set of all experiments, without being able to de-
termine in which of the individual experiments a wrong 
decision was made.[9, 10] As noted by Fisher himself and 

Statistical signi�cance misuse in public health research: an investigation 
of the current situation and possible solutions



59

reiterated by leading global authorities in the �eld (in-
cluding the American Statistical Association), in complex 
scienti�c contexts - due to sources of uncertainty di�cult 
to manage and even identify - the WNP approach is un-
justi�ed (it is not structured to manage non-equivalent 
replications, Type III errors).[5, 11] �e mathematical and 
epistemological impossibility of informing decisions on 
individual studies also makes it potentially misleading 
for public health.[8, 10-12] Moreover, the presumed objectiv-
ity of the model is inseparably linked to an ineliminable 
degree of subjectivity in its selection and the evaluation of 
the required background assumptions (speci�cation).[12]

In this regard, as emphasized by Professor Sander Green-
land in a recent seminar at Harvard, cognitive distor-
tions, moral values, personal beliefs, and other personal 
characteristics also act as sources of uncertainty within 
scienti�c and consequently statistical investigation.[12-14]

�erefore, from now on, we will refer to the P-value as the 
neo-Fisherian divergence P-value, emphasizing the need 
for an (almost) unconditional/descriptive approach in its 
interpretation (i.e., assessing and exposing the compat-
ibility of numerical data with all relevant scienti�c hy-
potheses equally, including the recognized limitations). [15]

Common errors in statistical testing
�ere are further widespread misinterpretations of statis-
tical testing. �e so-called "nullism," namely, the tenden-
cy to consider only the mathematically null hypothesis of 
no e�ect (e.g., hazard ratio HR = 1.00) never allows for a 
complete picture of real clinical signi�cance.[16] Indeed, 
situations may arise where the P-value for the mathemat-
ically null hypothesis HR = 1.00 indicates, according to 
the chosen methods and assuming the above ideal condi-
tions, marginal compatibility with numerical data (e.g., P 
= 0.03), and at the same time, the P-value for the math-
ematically non-null but practically weak (in many clini-
cal settings) hypothesis HR = 1.05 indicates perfect com-
patibility with numerical data (e.g., P = 1, best estimate). 
Cases like this, generally labeled as "signi�cant" (since P 
< .05 for the sole null hypothesis), don't prove nor suggest 
the occurrence of a signi�cant phenomenon but rather, at 
most, show a statistical result consistent with a non ex-
actly null but still small e�ect at the clinical/epidemiolog-
ical level. But not only that: a 90% "con�dence interval” 
(which, from now on, we will call “compatibility interval” 
for the reasons mentioned above) of the form (0.99, 15.0) 
signals, conditionally on the background assumptions, 
only a large statistical uncertainty and not the absence 
of statistical or any other signi�cance.[17] Indeed, the hy-
pothesis of an almost null e�ect size HR = 0.99 and the 
hypothesis of a very large e�ect size HR = 15.0 are equal-
ly compatible with numerical data (P-value = .10, as they 
are the 90% compatibility interval limits). �is is why it 
is particularly important to test the compatibility of nu-
merical data with various hypotheses of scienti�c inter-
est or to show, at least, a compatibility interval alongside 

the sole P-value for the mathematically null hypothesis. 
For instance, suppose we obtain HR = 3.2, 95% CI (1.0, 
10.0). Many would label this outcome as non-signi�cant 
because the mathematically null hypothesis is contained 
within the 95% compatibility interval (P-value = .05). 
However, the hypothesis most compatible with the data is 
certainly not the mathematically null one but rather the 
decidedly non-null best estimate HR = 3.2 (P-value = 1). 
Finally, it is worth reiterating that frequentist statistics is 
neither mathematically nor epistemologically structured 
to support scienti�c hypotheses (e.g., the functioning 
of a drug), and it is always the combination of various, 
concordant pieces of evidence (e.g., biochemical, clinical, 
psychological, physical, etc.) that can provide initial indi-
cations of causal mechanisms.[18-20] Given that the current 
(mis)use of statistical signi�cance can have severe conse-
quences in the healthcare sector, including the approval 
of ine�ective drugs or the rejection of e�ective ones, it is 
essential to evaluate recent trends on this matter.[17-20]

Context and objectives
To ensure maximum transparency in data interpretation, 
the author brie�y describes the motivations – and, con-
sequently, the potential biases – that led him to under-
take this research. �e primary motivation is the author's 
personal experience with these errors in the past and his 
desire to contribute to preventing them in future studies. 
�e secondary motivation arises from his roles as a peer 
reviewer and editor, where he has encountered this type 
of misuse in over 80% of the manuscripts analyzed. �e 
research objective is to quantify the phenomenon in the 
current context as of October 2023. Speci�cally, this does 
not involve assessing the overall quality of the manu-
scripts, not even from a purely statistical perspective, but 
solely focuses on the use of neo-Fisherian incompatibility 
(or, improperly, signi�cance) to inform public health de-
cisions (also distinguishing between statistical incompat-
ibility and statistical e�ect size). It is also clari�ed that 
the aim is not to obtain a very precise estimate but rather 
a preliminary indication of prevalence. Furthermore, the 
author declares that he is not interested in the potential 
role of journals in the above mistakes (e.g., editorial re-
quirements about P-values) but only in the overall info-
demic scenario. Based on these considerations and the 
literature he has read on the subject, the author hypoth-
esizes that a considerable number of misuses will be ob-
served (potential bias).

Materials and Methods
Selection criteria and collection procedure
�e PubMed database of the National Center for Biotech-
nology Information (NCBI) at the National Library of 
Medicine (NLM) was consulted for the study as it rep-
resents one of the most important repositories of scientif-
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ic peer-reviewed medical articles in the world. To have a 
representative sample of the most recent trends, the cur-
rent month was selected (from 11 September to 11 Octo-
ber, 2023). �e search keyword was: “ANOVA” OR “regres-
sion” OR “t-test” OR “Chi square” OR “Mann-Whitney U 
test” OR “Kruskal-Wallis test” OR “Fisher’s exact test” OR 
“Logrank test” OR “Kolmogorov–Smirnov test” OR “Wil-
coxon signed-rank test” OR “Dunnett’s test” OR “ANCO-
VA” OR “Levene’s test” OR “Friedman test” OR “Pearson 
correlation” OR “Spearman correlation” OR “Kendall 
correlation”. �is choice was made considering the most 
commonly used statistical methods in the �eld of pub-
lic health.[7-10] In addition, this increased the likelihood 
of �nding studies containing analyses based on statisti-
cal signi�cance. �e search returned about 7,771 results. 
�rough a random generator of integers from 1 to 7,771 
with a uniform probability distribution, 200 studies with 
the following characteristics were selected: i) the study 
concerned public health topics, 2) the study contained 
quantitative results both in the text and the abstract, and 
3) the study was peer-reviewed. �e general process is 
summarized in Figure 1.

Figure 1.Articles selection and collection procedure �ow chart.

Evaluation scale
To evaluate the quality of the presentation of the results, 
various categories were de�ned according to the scheme 
shown below.

1. Incompatibility (signi�cance) continuity for the tar-
get hypothesis. 1 point is awarded if and only if sta-
tistical incompatibility is measured continuously, i.e., 
the P-value is used as a continuous index of the data 
incompatibility with the target hypothesis as condi-
tionally assessed by the chosen statistical test. In all 
other cases, i.e., when a threshold is adopted and/or 

when some results are referred to as “non-signi�cant” 
and others as “signi�cant,” 0 points are awarded.

2. Full P-values for the target hypothesis (called "null 
P" if solely referred to the null hypothesis). 1 point is 
awarded if and only if all P-values are reported in full 
(unless P < .001) for all tests. 0.5 points are awarded 
when P-values are reported in full (unless P < .001) 
only for some measures (e.g., those considered signif-
icant); this includes mixed cases like P = .02 and P > 
.05. 0 points are awarded when no P-values are report-
ed in full. It is speci�ed that notations like P < .05 fall 
into the latter situation. 

3.  Global e�ect size measures. Compatibility/con�dence 
intervals or distributions, standard errors, and specif-
ic measures like Cohen's D or Hedges' g have been in-
cluded in this category. 1 point is awarded if and only 
if measures of statistical e�ect size have been reported 
for all conducted tests. 0.5 points have been awarded if 
measures of statistical e�ect size are reported for some 
of the tests conducted or for individual measures be-
fore testing (e.g., reporting two means with respective 
standard errors but not a compatibility interval of the 
di�erence a�er the z-test). 0 points are awarded when 
measures of statistical e�ect size are not reported for 
any test.

4. Best estimates. 1 point is awarded if and only if the 
best estimates (e.g., correlation/regression coe�cients, 
percentage di�erences, odd ratios, etc.) are reported 
for all conducted tests. 0.5 points are awarded if the 
best estimates are reported for some of the conducted 
tests (e.g., those considered "signi�cant"). 0 points are 
awarded when measures of statistical e�ect size have 
not been reported for any test.

5. Background assumptions (full text only). 1 point is 
awarded if and only if a complete assessment of the 
background assumptions of the tests adopted is de-
scribed and reported in the paper or supplementary 
materials. 0.5 points are awarded if a complete assess-
ment of the background assumptions is described but 
not reported. 0 points are awarded in all other cases.

�is scale, called SRPS (statistical results presentation 
scale), was designed by considering the basic elements for 
a comprehensive evaluation of a statistical e�ect in a single 
study. �ese include the use of the neo-Fisherian approach 
(category 1), the reader's ability to assess the conditional 
compatibility of the null hypothesis (category 2), and the 
distinction between the size of the statistical e�ect and 
the conditional compatibility of the null hypothesis with 
the data (categories 3 and 4). �e maximum score was 
therefore 4 for abstracts and 5 for full texts. It is essential 
to specify that this paper does not investigate the meth-
odological rigor with which the studies were conducted, 
but rather focuses solely on the fundamental statistical 
aspects (assuming that all other procedures were correct). 
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�e purpose is not to determine the overall methodologi-
cal rigor but rather the completeness and clarity in apply-
ing frequentist-inferential criteria. Indeed, these elements 
serve as the structural bedrock of the entire model, with-
out which the overall research could be undermined in 
terms of validity or interpretability. �e conditional re-
liability of the scale was tested by two independent raters 
on 50 papers. �e obtained scores are reported in Table 1.

Table 1. Inter-scale reliability of the SRPS tested on 50 manuscripts by 
2 independent raters. �e calculations were performed using RStudio, 

version 4.2.0, 'psych' library, 'cohen.kappa' function.
Cat-
ego-

ry

% 
agree-
ment

Cohen’s 
k 95% CI Weight-

ed k 95% CI null 
P-value

1 100 1.00 1.00 – 1.00 1.00 1.00 – 1.00 <.0001

2 96 0.91 0.78 – 1.00 0.94 0.86 – 1.00 <.0001

3 94 0.90 0.79 – 1.00 0.94 0.87 – 1.00 <.0001

4 92 0.83 0.68 – 0.98 0.87 0.77 – 0.98 <.0001

5 90 0.79 0.62 – 0.96 0.89 0.79 – 0.99 <.0001

�e SRPS was applied to both abstracts and entire papers 
to highlight possible di�erences. Indeed, while it is true 
that abstracts force authors to provide a partial represen-
tation of the results, this constraint compels them to give 
more weight to the information they consider most im-
portant. Consequently, this can reveal any interpretative 
errors and biases. For instance, prior literature indicates 
that authors o�en select statistical �ndings they believe 
to be most relevant purely based on the P-value for the 
mathematically null hypothesis, which - as discussed in 
the previous section - is a practice devoid of scienti�c val-
ue. In addition, reading an abstract could in�uence the 
interpretation of the entire manuscript (according to the 
con�rmation bias mechanism) or, in more severe cases, 
even replace the reading of the manuscript.  All data are 
reported in full at this URL: https://osf.io/3qgcs (DOI: 
10.31219/osf.io/3qgcs).

Statistical analysis
�e Wilcoxon signed-rank test was employed to compare 
the scores of the abstracts and those of the full texts. �is 
method was chosen because the data are ordinal and the 
compared groups are dependent. Random sampling was 
carried out as described in the subsection "Selection cri-
teria and collection procedure." It was assumed that the 
sample size was su�cient to adequately represent the ref-
erence population (to be con�rmed with further studies). 
At the same time, the validity of the comparison is con-
tingent upon the evaluative ability of the author. For these 
reasons, the results are described with an unconditional 
approach. �e standardized e�ect size was measured with 
the formula r = z/√n, where n represents the number of 
non-zero pairs. �e Statistics Kingdom's calculator was 
adopted in this scope.[21]

Results
Abstracts analysis. 
None of the 200 studies adopted the neo-Fisherian ap-
proach to describe statistical incompatibility. �e vast 
majority of studies did not report P-values in their entire-
ty (96) or reported them only for results considered statis-
tically signi�cant (85). �e vast majority of studies did not 
report measures of e�ect size (115) or best estimates (36), 
or reported them only for results considered statistically 
signi�cant (71 and 135, respectively). A complete summa-
ry is presented in Table 2.

Table 2. �is table reports the scores achieved by the 200 abstracts 
included in the study. Legend: N.A. = not available.

Compatibility 
ranges

Full null 
P-values

E�ect 
size

Best 
estimates

0 points 200 96 115 36

0.5 points N.A. 85 71 135

1 point 0 19 14 29

Full-text analysis.
None of the 200 studies adopted the neo-Fisherian approach 
to describe statistical incompatibility. �e vast majority of 
studies reported P-values in their entirety (141). Regarding ef-
fect size and best estimates, the range with the highest score 
had the most studies (76 and 138, respectively), although a 
substantial number of these did not report such measures (49 
and 1, respectively) or only reported them for values consid-
ered statistically signi�cant (75 and 61, respectively). Finally, 
the vast majority of studies did not mention the basic statis-
tical assumptions of the tests used (163) or merely explained 
how these were treated without reporting quantitative results 
or motivated arguments (29). A complete summary is pre-
sented in Table 3.

Table 3. �is table reports the scores achieved by the 200 full texts 
included in the study. Legend: N.A. = not available.

Compatibility 
ranges

Full null 
P-values

E�ect 
size

Best 
estimates

Assump-
tions

0 points 200 22 49 1 163

0.5 points N.A. 37 75 61 29

1 point 0 141 76 138 8

Comparison between abstracts and full-texts. �e result 
of the Wilcoxon signed-rank test showed a marked in-
compatibility of the null hypothesis (of zero di�erence 
between the scores of the abstracts and full texts) with 
the data obtained in the survey (null P < .001 as assessed 
by the test). �is outcome warrants further investigation 
through studies on larger samples and over longer peri-
ods. �e statistical e�ect size was considerable (r = 0.87). 
Additionally, the score di�erence (207.5 points for ab-
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stracts versus 441.5 points for full-texts) indicates a sce-
nario consistent with a substantial disparity in the quality 
and completeness of the outcomes presentation.

Discussion
Principal �ndings
In light of the associated costs and risks, this paper shows 
how the misuse of statistical signi�cance is still highly 
problematic within the �eld of public health. None of the 
200 analyzed studies used the neo-Fisherian approach to 
properly inform scienti�c conclusions. At the same time, 
the dichotomous Wald-Neyman-Pearson approach, ide-
ally employed to limit the total number of incorrect de-
cisions in numerous equivalent experiments (an impossi-
bility to guarantee in complex scienti�c contexts such as 
epidemiology or pharmacology), was mistakenly adopted 
to draw conclusions on individual studies. However, in 
the vast majority of cases - albeit in the full texts only - all 
P-values and best estimates were reported in their entire-
ty, allowing the reader to make an independent evalua-
tion. In this regard, the di�erence in result presentation 
between the full manuscripts and their abstracts is not 
solely explainable due to constraints imposed by the latter. 
On many occasions, even when dealing with a small num-
ber of tests, only results with P < .05 for the mere null hy-
pothesis were presented. Besides, phrases indicating the 
statistical non-signi�cance of other �ndings were report-
ed without showing any P-value or e�ect size measure. 
�is behavior aligns with the concerning cognitive bias 
highlighted by the statistical community.[1-6, 15-20, 22] In ad-
dition, almost all the studies provided no framework for 
assessing the validity of the assumptions underlying the 
tests employed, making the reported outcomes extreme-
ly susceptible to compromising margins of interpretative 
errors. �is scenario aligns with the little importance gen-
erally given to the background hypotheses of the model 
employed, which are as essential as the target hypothesis 
and deserve the same degree of analytical attention.

Practical implications
While governmental and health agencies such as the 
World Health Organization, Centers for Disease Control 
and Prevention, Food and Drug Administration, and Eu-
ropean Medicines Agency have their own internal evalua-
tion committees dedicated to ensuring the clinical e�ca-
cy of treatments and drugs, these widespread errors and 
uncertainties in the �eld of clinical research can not only 
propagate a marked infodemic – as o�en witnessed during 
the COVID-19 pandemic – but also result in a wastage 
of resources, such as prolonged funding for studies with 
exaggerated outcomes.[1, 2, 14, 18, 23, 24] Sensationalistic ex-
pressions to increase the perception of the study's impor-
tance beyond its actual �ndings, i.e., to boost the number 
of citations and success, are crucial in securing research 

funding and even institutional roles.[25] For instance, the 
scienti�c community has been decrying the widespread 
practice of P-hacking for decades, although the conse-
quences of this misconduct are a subject of debate.[26, 27]

As highlighted by the undersigned and various experts in 
the �eld, as well as corroborated by these �ndings, there 
is furious resistance to changing these scienti�cally un-
sound practices.[28] �erefore, the author of this manu-
script calls for academic journals to begin mandating 
scienti�c standards that align with the latest statistical ev-
idence advocated by the American Statistical Association.
[5] Furthermore, journal editorial policies should assign 
equal weight to both positive and negative �ndings. �is 
must be done in the name of scienti�c and medical ethics 
since it is an essential step toward conducting unbiased 
investigations. At the same time, albeit with a more lim-
ited impact, it is important to stress that misunderstand-
ings regarding statistical testing also a�ict major scien-
ti�c bodies. For instance, in a recent study on COVID-19 
vaccines' adverse events, following the recommendations 
of some experts from the Centers for Disease Control and 
Prevention and the Global Vaccine Data Network regard-
ing observed versus expected ratios (OE), the authors 
deemed various results as less relevant only because the 
lower bound of the 95% compatibility interval was below 
1.5.[29] However, cases like Guillain-Barré syndrome led 
to wide 95% compatibility intervals (0.48, 14.41), with a 
point estimate consonant with a large e�ect (OE = 3.99). 
Conditionally on the model's assumptions, such a scenar-
io is much more compatible with hypotheses of high mag-
nitude than with the mathematically null hypothesis OE = 
1 or the small hypothesis OE = 1.5. �e width of the above 
interval conditionally indicates a marked statistical un-
certainty and not the absence of signi�cance or relevance. 
Based on this, the following basic recommendations are 
proposed. First, if and only if all test assumptions are suf-
�ciently met (a methodological aspect to be extensively 
discussed in the manuscript, especially when dealing with 
clinical results), academic journals should explicitly and 
compulsorily require that P-values be treated as a contin-
uous measure of conditional (in)compatibility between 
the experimental data and the target hypothesis (e.g., 
null hypothesis) as assessed by the chosen test. Speci�-
cally, P-values close to 1 indicate high compatibility (low 
incompatibility), while P-values close to 0 indicate low 
compatibility (high incompatibility). Second, academic 
journals should explicitly and compulsorily require that 
the e�ect size be treated as a completely separate aspect 
from statistical signi�cance. �ird, academic journals 
should explicitly and compulsorily require that authors 
refrain from using sensationalistic expressions when pre-
senting results, especially if the latter stem from mere 
statistical analyses. If taken alone, frequentist-inferential 
statistics is mathematically unable to provide evidence in 
favor of a real phenomenon since it operates in a utopi-
an world that assumes chance as the sole factor at play.
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At most, through the unconditional-descriptive approach, 
the P-value helps inform conclusions whose foundations 
must also rely on evidence of other natures (e.g., biochem-
ical, clinical, physical, etc.). Finally, academic journals 
should explicitly and compulsorily require that public 
health recommendations be provided only a�er an anal-
ysis of previous literature, data sensitivity, biases, con-
founding factors, risks, costs, and bene�ts, and not on 
the P-value or any other statistical indicator.[16-20, 22, 23, 30, 31]

In this regard, guidelines and checklists previously dis-
cussed in the literature (e.g., SAMBR) can be helpful.[32-35]

Moreover, it’s also worth noting that there are internation-
al initiatives aimed at improving the quality and transpar-
ency of health research, such as EQUATOR.[36]

Proposal
Based on the above, the following guidelines are proposed 
for reporting basic statistical analyses comprehensively:

1. In the manuscript, provide a brief explanation of how 
the tests were performed and how the related back-
ground assumptions were examined, specifying – if 
necessary – that methodological details are docu-
mented in a supplementary �le. Authors' opinions 
and expectations should be clearly stated in order to 
openly acknowledge potential biases.

2. Present all calculations and procedures used to val-
idate the adopted tests (including their background 
assumptions). Quantitative and qualitative results, in-
cluding graphs, should be fully reported so that read-
ers can independently and easily assess their validity. 
Indeed, a statistical test is reliable if and only if all the 
underlying assumptions are true (or su�ciently met). 
�is point can be addressed directly in the manuscript 
or, if necessary, in a supplementary �le.

3. Present, at least in the full text, all P-values and e�ect 
size measures, regardless of the supposed "signi�-
cance" or other properties.

4. Avoid the dichotomous use of the terms “signi�cant” 
and “non-signi�cant” since they are unscienti�c. In-
stead, use the P-value as a continuous measure of (in)
compatibility between the experimental data and the 
target hypotheses as evaluated by the chosen statisti-
cal model (a�er validating its assumptions).

5. Additionally, though not addressed in this study, 
it is crucial to consider the implementation of more 
advanced techniques (e.g., adjustment for multiple 
comparisons and sensitivity analysis) depending on 
the research purpose and scenario.[31] �is includes 
the adoption of multiple hypotheses (e.g., di�erence 
= 0, di�erence = 0.5, etc.) or multiple compatibility/
con�dence intervals (e.g., see the notation 99/95/90%-
CI recently proposed).[18, 19] �e references mentioned 
above can be useful for this purpose.

Limitations and their potential impact
�is study has some limitations that should be taken into 
account. Firstly, the sample was collected over a very re-
cent but limited period. �ere may be trends or period-
ic oscillations to consider, even though the author is not 
aware of them and does not �nd valid reasons to suspect 
their existence. Secondly, the study focused on the most 
commonly used statistical approaches in public health but 
did not consider other methods that might be adopted in 
this �eld. However, since i) the goal is to provide a simple 
overview and ii) the primary statistical models have been 
included, the author believes that this potential limita-
tion does not have a practical impact. �irdly, part of the 
study relied on a newly developed evaluation scale (SRPS), 
which, while tested for reliability, has not been extensive-
ly validated. Nevertheless, the interpretation of this scale 
is very straightforward and, in any case, allows for easy 
independent reading. Fourthly, it is possible that some re-
searchers may not have used acronyms (e.g., ANOVA) but 
instead provided an extended description (e.g., analysis of 
variance). However, the author is not aware of any behav-
ioral distinctions between those who use acronyms and 
those who do not. For this reason, he considers the sample 
to be su�ciently representative in this sense.

Conclusion
�ese �ndings align with the hypothesis of widespread 
and severe shortcomings in the use of statistical signi�-
cance within public health research during 2023. �is 
scenario is strongly consistent with decades of criticism 
from known epidemiologists and statisticians, including 
respected international organizations like the American 
Statistical Association. Such errors can lead to highly 
misleading interpretations, thus posing a direct threat to 
public safety. �erefore, it is essential for academic jour-
nals to demand higher scienti�c quality standards. �e 
suggestions provided in this study could be useful for this 
purpose.
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