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Abstract

The p-value is at the heart of statistical significance tests, a very important issue related to the role of statistical
inference in advancing scientific discovery. Over the past few decades, p-value based statistical significance
tests have been widely used in most statistics-related research papers, textbooks, and all statistical software
around the world. Numerous scientists in various disciplines hold the p-value as the gold standard for
statistical significance. However, in recent years, the p-value based statistical significance tests have been
questioned unprecedentedly, mainly because the paradigm of significance tests is wrong, p-value is too
sensitive, p-value is a dichotomous subjective index, and statistical significance is related to sample size, etc.
Scientific research can only be falsified, not confirmed. p-value based statistical significance tests are one of
the sources of false conclusions and research reproducibility crisis. For this reason, many statisticians advocate
to abandon p-value based statistical significance tests and replace them with effect size, Bayesian methods,
meta-analysis, etc. Scientific inference that combines statistical testing and multiple types of evidence is the
basis for producing reliable conclusions. Reliable scientific inference requires appropriate experimental design,
sampling design, and sample size; it also requires full control of the research process. For complex and
time-varying problems, the network or systematic methods should be used instead of the reductionist methods
to obtain and analyze data. To change the scientific research paradigm, the paradigm of multiple repeated
experiments and multi-sample testing should be adopted, and multiple parties should verify each other to
improve the authenticity and reproducibility of the results. In addition to writing, publishing and adopting new
statistical monographs and textbooks, the most urgent task is to revise and distribute various statistical
software in the new versions based on the new statistics for further use. Before the popularization of new
statistics, what we can do is to improve data quality, strict p-value levels of statistical significance tests, use
more reasonable analysis methods or testing standards, and combine statistical analysis and mechanism

analysis, etc.
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1 Concepts of the p-value and statistical significance tests
Statistical significance hypothesis testing (including student’s z-test, F-test, etc.), usually referred to as
significance testing or hypothesis testing, was proposed in the 1920s, and is one of the most important
statistical inference methods of the frequentist school. Hypothesis testing has always been a standard part of
statistics textbooks. Researchers widely use statistical significance as a certificate of scientific discovery.
Whether a research result is statistically significant is judged by the p-value obtained from hypothesis testing,
and usually using, for example, p=0.05 as the threshold dichotomy. That is, p<0.05 means statistically
significant, and p>0.05 means not statistically significant (Rosner, 2006; Huang, 2021a, b). In other words,
when p<0.05, i.e., the probability due to chance is less than 5%, the results are considered to be statistically
significant (Bergstrom and West, 2021).

p-value is the occurrence probability of a sample observation or more extreme results when the null
hypothesis is true. p-value can be defined as the probability of set of extreme values of a sample statistic (For
example, the the difference between the sample means of two contrasting samples) under a given statistical
model. It can be expressed as: p = Pr(D|H), where D represents the set of extreme values of a certain sample
statistic, and H represents a given statistical model/statistical assumption (Bergstrom and West, 2021).
p-value, also known as the significance level (i.e., type I error), is the probability that the type I error occurs,
i.e., the probability of a false positive. If p-value is very small, indicating that the probability of the
occurrence of the null hypothesis is very small, and if it occurs, according to the principle of small probability,
we have a reason to reject the null hypothesis. The smaller the p-value, the stronger the reason for us to reject
the null hypothesis. In short, the smaller the p-value, the more significant the result. But whether the testing
result is significant, moderately significant, or highly significant, we need to judge it according to the p-value
and the actual problem. When we test a statistical hypothesis Hy, the p-value is the occurrence probability of a
sample result or a more extreme result when Hj is true, or the probability of obtaining a sample that is at least
as extreme as the actually measured sample. The smaller the p-value , the more you should reject the null
hypothesis, that is, the more significant the result. The false negative here should be understood like this, for
example, the null hypothesis (H,) is that the drug has no effect on cancer cells, and as a result we have a
probability of 0.1 to conclude that cancer cells have no death, thus the null hypothesis is supported. This is a
negative result (no rejection of the null hypothesis), and it is also an error result. So it is a false negative error
(Shao, 2018).

p-value is based on the random variable, and the values of the random variable follows a certain
probability distribution. Mathematically, p-value can be described as follows. There is a random variable X,
and its value is denoted as x. The value of the random variable X being less than x, is a function of x and can

be expressed as:
F(x)=P(X<x)

F(x) is called the distribution function. If the distribution function, F(x), is known, then for any x, the
probability P(X<x) that the value of the random variable X is less than x can be obtained. Continuous random
variable distributions, are commonly normal distribution, ¢ distribution, F distribution, x2 distribution,
exponential distribution, power law distribution, etc. For different types of continuous random variables, the
form of the probability density function f{x) is different, satisfying [, °° A¢)dt = 1, and

F(x) = P(X < x) = |.oo* fit)dt
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The probability that a continuous random variable X takes a value greater than x, is:

p=1-Fx)=1-PX<x)=1-[ o At)dt

The probability that a continuous random variable X takes a value within (xy, x,) is:

p=1-Plx;<X<x)=1-[ " fr)dt

At this time, the confidence interval of the values of the random variable X is (x1, x;), The corresponding

confidence level is 1 - p. The probability p, is called p-value, or significance level (Fig. 1).
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Fig. 1 Illustration of * distribution and p-value based statistical significanc.
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Fig. 2 p-value based statistical significance tests are being overwhelmingly used in science. Upper: a t-test summary in SPSS;
Lower: an ANOVA table in Matlab.

The p-value is at the heart of the statistical significance tests, a very important concept about the role of
statistical inference in driving new scientific discoveries. Over the past few decades, p-values based statistical
significance tests have been used in most statistics-related research papers, monographs, textbooks, and all
statistical software worldwide, and countless scientists in various disciplines have touted the p-value as the
gold standard for statistical significance (Sun, 2016; Fig. 2).

2 Misconception, Misuses and Critiques
2.1 History of the statistical significance tests
Statistical significance tests began with a cup of milk tea incident in England in the 1920s (Xie, 2022b;
Grenville, 2019). Several scientists had afternoon tea together, one was Dr. Bristol, and the other was Dr.
Fisher. Fisher handed Bristol a cup of brewed milk tea, but the latter refused, because Fisher poured the tea
into the cup first and then the milk, but Dr. Bristol likes to pour the milk into the cup first and then mix the
tea. Fisher thought that Bristol must not be able to tell the difference between the two but Bristol insisted that
she could tell the difference. Fisher then proposed a testing, a significance testing, to make inferences. Laterly,
Fisher wrote this whole thing (called The Lady Tasting Tea) into his well-known book, The Design of
Experiments (Fisher , 1935) and the testing story became famous throughout the world. For this testing,
Fisher prepared eight teacups: four poured tea first and then milk, and four poured milk first and then tea.
Bristol had to judge which cup of milk tea is brewed by which method (Xie, 2022b; Grenville, 2019).

Fisher proposed a null hypothesis to assume that she could not make a correct judgment. Fisher calculated
that, assuming the above null hypothesis holds, the probability that Bristol can correctly guess the brewing
method of all 8 cups of milk tea is 1/70. Fisher was willing to conditionally acknowledge her ability to judge
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correctly (i.e. reject the null hypothesis) only for this testing. It is said that none of Bristol's judgments were
wrong, and the null hypothesis was rejected. This is the origin of the significance testing (Xie, 2022b;
Grenville, 2019).

2.2 Misuses and critiques of p-value based statistical significance tests

Modern statistics have gone through 120 years since Pearson (1904) put forward the ‘chi-square (%) test’.
Unfortunately, the statistical community has still not been able to give satisfactory answers of the most basic
problems in statistical theory and data analysis, namely '"The definition and interpretation of probability in
real life' and 'statistical hypothesis testing' (Xie, 2022c¢).

For a long time, the statistical significance tests are a widely used but controversial statistical inference
method in scientific research. In the past ten years, the theory of statistical significance tests has been greatly
challenged (Huang, 2021a, b).

The problem is not really with the statistical analysis methodss themselves, but with how these methodss
are used. We often see data tables where each column in the table is analyzed and compared with other
columns. Those results that are significantly different are identified by a letter or number. Each table may
contain multiple testing results. Often researchers try to interpret results based on these significant differences,
and errors can thus arise (Xie, 2022a; Grenville, 2019).

As early as 1951, Yates had evaluated the role of statistical hypothesis testing: the emphasis on
significance testing and the separate consideration of the results of each experiment has had the undesirable
effect, which makes researchers often performing significance testing on data from an experiment as the
ultimate goal to see if the result is statisticall significant or not (Yates, 1951; Xie, 2022d).

The ultimate purpose of statistical testing is to demonstrate scientific significance. However, one of the
main flaws of the statistical significance tests paradigm is that statistical significance is used to represent
scientific significance. Although many scientists know that statistical significance is not the same as scientific
significance, and statistical inference is not the same as scientific inference, statistical significance is still
often misused and misunderstood by researchers. The p-value, at the center of the controversy of statistical
significance tests, is a precise and sensitive indicator. To abandon or ban the p-value indicator, most people
may not agree. The p-value is criticized because it is too precise and too sensitive. In particular, the p-value is
greatly related to the sample size and can be used by researchers to yielded statistically significant results by
expanding the sample size (Sun, 2016).

Research by McShane and Gal (2017) shows that even researchers who are themselves statisticians are
prone to misuse and misunderstanding p-values, leading to similar errors (Huang, 2021a, b). Although
p-values are widely used, but few people really understand what p-value means. In 2002, German researchers
conducted a survey in psychology researchers and students and presented them with six statements about
p-value. All students could not correctly understand the meaning of p-value (Haller and Krauss, 2002). Even
the teachers who taught statisticall methodology, 80% of them could not correctly understand p-value. This
shows that researchers are very easy to misunderstand p-value. This result is basically consistent with an
earlier survey (Oakes, 1986). If the meaning of a statistic is so easily misunderstood that even most
methodology teachers cannot understand it correctly, the value of its existence and application is questionable
(Grenville, 2019).

Nuzzo (2014) pointed out that when most scientists see a result with the p=0.01, they will say that their
result has only a 1% chance of being a false positive result, but this understanding is obviously wrong. The
p-value itself cannot provide this information. The p-value is simply a numerical value of a summary statistic
about the data, assuming a null hypothesis holds. It cannot be used to make reverse inferences and draw
conclusions about whether the hypothesis is true. Making such a reverse inference requires another piece of
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information, the probability that a true effect exists beforehand (Nuzzo, 2014; Xie, 2022a; Grenville, 2019).
According to a widely used formula (Goodman, 2001), the p=0.01 corresponds to a probability of a false
positive result of at least 11%, depending on the probability that the true effect pre-exists; the p=0.05
increases the probability of a false positive result to at least 29% (Nuzzo, 2014). It is known that 1/20 of the
testing results are false positive results, that is, the testing results are positive when the real difference does
not exist. The true situation may be that the error rate of this false positive is actually much higher than 1/20,
which is especially true for multiple comparisons (Xie, 2022a; Grenville, 2019).

p-value is not only easy to be misunderstood, but also often to be abused. In the statistical significance
tests paradigm, p-value is used as a measure of the statistical significance of research results. p<0.05 is
generally considered to be statistically significant for research results. Academic journals usually prefer to
publish results that are statistically significant, and for a long time, p-values such as p< 0.05 have almost
become the passport for publishing papers. Obviously, the importance of p<0.05 is self-evident, which makes
researchers consciously and unconsciously tend to pursue p<0.05, and take some measures to make p<0.05
during data collection and processing. This practice is called 'p-hacking'. For example, for the z-test of two
sample means, as long as the sample size is increased, p<0.05 will always be satisfied, and the difference
between the two sample means (i.e., the effect size) will hardly change with the sample size (Grenville,
2019).

The researcher will consider that an important scientific discovery has been made based on the p-value of
being less than a certain threshold (for example, 0.05 or 0.01) in significance testing. It also shows that
scientific research is both long-term and phased. Qualified scientific researchers should be aware that it is
impossible for any one study, or even a series of studies, to reach a definitive conclusion. However, for each
research it is possible to draw staged conclusions. It is especially important that the scientific research process
also needs to be standardized and easy to implement. Therefore, following the procedure of statistical
significance tests to conduct scientific research is recognized still by many researchers. It is a normative and
feasible research route. As for some researchers to manipulate the statistical significance tests, it is purely
academic misconduct (Li, 2022).

There is no necessary relationship between the p-value and the actual value. For example, the research
proves that a drug has the effect of lowering blood sugar, but it does not mean that this effect has the value of
treating diabetes, because it may be that the lowering effect (such as it can only be reduced from 15 to 13, but
it has therapeutic value when it is reduced to below 8) is negligible for patients (Shao, 2018).

Amrhein et al. (2019) pointed out that downgrading the p-value to a dichotomous indicator that
distinguishes between significance/non-significance is the main cause of the problem (Ziliak and McCloskey,
2008). They emphasize that this is not an argument for disabling the p-value, confidence intervals, or any
other statistics, but only advocate that they (continuous statistics) cannot be processed/interpreted in discrete
ways, including the binary interpretation of statistical significance, and the categorical interpretation of other
statistics such as Bayesian factors (Xie, 2022a; Grenville, 2019). One reason to avoid such a dichotomy is
that all statistics, including p-values and confidence intervals, varies hugely. In fact, just random fluctuations
can easily cause huge changes in the corresponding p-values, and the range of which is far beyond the
threshold of 0.05. Even if researchers were able to replicate the same research trial exactly and the study did
have a true effect, further assuming 80% power (probability to achieve p<0.05), they would end up with the
p-values that one is less than 0.01 and the other is greater than 0.30 (Xie, 2022a; Grenville, 2019). The
problem is that human perception of cognition is not consistent with the meaning of statistical analysis results,
which are classified as 'statistically significant' and 'not statistically significant', make people think that the
classified results are qualitatively different. This kind of thinking of qualitatively differentiating results makes
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it easy to ignore the real differences and focus on the false differences. We need a more precise method of
research analysis to determine what is a 'significant' outcome (Xie, 2022a; Grenville, 2019).

In 2016, the American Statistical Association issued a formal statement on the correct and incorrect
application of p-values (Wasserstein and Lazar, 2016). This statement clearly stated that p-values cannot be
used as a basis for judging the validity of hypotheses and the importance of results (Sun, 2016). The
statement states that the application of statistical significance (often in the form of p<0.05) as a license to
confirm a scientific discovery (or the truth it represents) has led to serious misrepresentation of the scientific
process. A research result does not become 'true' just because it falls on one side of a two-division area, and
'false’ on the other side. At the same time, the underlying principles to correctly use and interpretate p-values
were proposed (Xie, 2022a; Grenville, 2019). Thereafter, Benjamini et al. (2019) further stated that: (1)
p-value do not measure the probability that the studied hypothesis is true, or the probability that the data were
produced by random chance alone; (2) A p-value, or statistical significance, does not measure the effect size
or the importance of a result, and (3) by itself, a p-value does not provide a good measure of evidence
regarding a model or hypothesis.

In March 2019, The American Statistician published a special issue of statistical significance with 43
articles. The editor-in-chief of this special issue made it clear that the concept of 'statistical significance'
should be completely discarded, and we should not state 'statistically significant'. They thought that no
p-value can reveal the plausibility, presence, truth, or importance of an association or effect. Therefore, a
label of statistical significance does not mean or imply that an association or effect is highly probable, real,
true, or important. Nor does a label of statistical nonsignificance lead to the association or effect being
improbable, absent, false, or unimportant. Yet the dichotomization into 'statistically significant' and 'not
statistically significant' is taken as an imprimatur of authority on these characteristics.

In March 2019, more than 800 scientists jointly called for abandoning the whole concept of 'statistical
significance' in Nature (Grenville, 2019).

To date, all debates in the p-value based statistical significance tests have essentially fallen into three
main categories:

(1) Reservation: For example, Li (2021a, 2022), etc., believe that the statistical significance tests and the
corresponding p-value are infallible. As for the criticisms and accusations of some researchers, it is just that
many researchers have a problem with the correct use of statistical significance tests. The p-value is just a
tool, and is misunderstood and abused. Really it is the user's problem, not the p-value itself. Li (2022) pointed
out that p-value itself is not 'correct' ' or 'wrong'. Because the physical meaning of p-value itself is not very
clear, it is easy to be misunderstood. As a comparison, the physical meaning of the statistic, sample mean, is
very clear and will not be misunderstood. Because p-value represents the probability value, the probability
value itself is unitless, that is, dimensionless. Thus, this is not a disadvantage of p-value, but an advantage.
Different sample sizes have different statistical power. Or, different sample sizes results in different data
quality, different errors, and different results in statistical significance tests. So the methods of statistical
significance tests cannot be rejected (Li, 2022; Xie, 2022b).

(2) Improvement: They acknowledge the limitations of significance testing and p-values, and propose
further improvements, for example, increasing the popular threshold of statistical significance from 0.05 to
0.005, etc., as an imperfect short-term solution (Grenville, 2019; Xie, 2022c).

(3) Abandonment: It is believed that significance testing and p-value are invalid or even harmful, and
need to be banned and abandoned (Xie, 2022a-¢). For example, Ziliak and McCloskey (2008) completely
rejected significance testing. Another example, Basic and Applied Social Psychology officially banned the
use of significance testing and confidence intervals in 2015 (Trafimow and Marks, 2015).
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I personally hold that the p-value based statistical significance tests should be carried out more strictly,
and the multi-party cross-validation of the research results should be combined with statistical analysis and
mechanism analysis, etc.

2.3 Mistake: Fisher’s Significance Testing + Neyman/Pearson Testing of Hypothesis = Null Hypothesis
Significance Test (NHST)

In the 1930s, two statisticians, Jerzy Neyman and Ergon Pearson, studied hypothesis testing: that is, among
competing hypotheses, decisions are made based on experimental data only (Neyman and Pearson, 1933).
Neyman believes that hypothesis testing is an improvement on the significance test, and Fisher reject
Neyman's viewpoint. Neyman and Fisher fought over which test method was better until Fisher died
(Grenville, 2019).

Fisher's 'Significance Testing' is a concept that is substantially different from the 'Testing of Hypothesis'
laterly proposed by Neyman/Pearson. Fisher's 'Significance Testing' does not require the so-called
'Alternative Hypothesis'. Statistical power (statistical power), confidence interval, type I error/type II error
and other concepts, also only belong to Neyman/Pearson's 'Testing of Hypothesis'. The paradigms of
statistical inferences based by 'Significance Testing' and 'Testing of Hypothesis', are completely different.
Fisher's 'Significance Testing' uses the induction (from special cases to general) to infer the most probable
conclusion, while Neyman/Pearson's 'Testing of Hypothesis' draws the conclusion by using deduction
(mathematical logic deduction). Fisher's 'Significance Testing' emphasizes that staged conclusions are drawn
from a set of sample data, while Neyman/Pearson's 'Testing of Hypothesis' emphasizes the upper bounds
governing the eventual Type I and Type II errors of a sampling process (the same sampling event is repeated
multiple times). Neyman pointed out that the statistical power is lower than the specified significance level,
e.g., a=0.05, p>0.95, the results of Fisher's 'Significance Testing' are mathematically worse than useless. For
example, if allowed to set in the example of The Lady Tasting Tea, Hy: The probability that Bristol can make
a correct judgment = 0.5; H;: The probability that Bristol can make a correct judgment = 0.501, which is
likely to cause the statistical power to be lower than the significance level. On the other hand, Fisher accused
"Testing of Hypothesis' is not a true statistical testing, but a decision rule (Xie, 2022b; Salsburg, 2002).

Fisher and Neyman/Pearson's debate on the theory and method of statistical testing reflects a deeper
problem that logic and probabilistic arguments are incompatible (Xie, 2022b). In other words, from a
mathematical point of view, Fisher's 'Significance Testing' is not logically rigorous, but Fisher treats or uses
the results of the analysis of a certain set of sample data as evidence to judge the validity of the hypothesis
concerned. On the other hand, although Neyman/Pearson's 'Testing of Hypothesis' is logically rigorous, but
loses its original meaning of statistical testing. The analysis results of any set of sample data cannot be used
as evidence to judge the authenticity of the relevant hypothesis. Researchers can only decide to accept the
null hypothesis or reject it according to the results. Therefore, as far as the analysis results of any set of
sample data are concerned, neither Fisher's 'Significance Testing' nor Neyman/Pearson's 'Testing of
Hypothesis' can theoretically enable us to confirm the authenticity of scientific hypothsis. In view of this,
starting in the 1940s, the authors of statistical textbooks (Snedecor and Cochran, 1991) tried their best to
construct a seemingly objective statistical inference method, wishing to combine Fisher's 'Significance
Testing' with Neyman/Pearson's 'Testing of Hypothesis' and finally construct the "Null Hypothesis
Significance Test' (NHST). Almost all standard statistics textbooks use such a mixture method that has never
been theoretically proved to be the correct (Li, 2022). Of course, some textbooks have the NHST paradigm
taken from more of Fisher's 'Significance Testing' and some from more of Neyman/Pearson's 'Testing of
Hypothesis'. These NHST statistical testing paradigms have a common feature. They all emphasize that the

analysis results (such as p-values or 95% confidence intervals) of a certain set of sample data can be obtained
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by only following a few mechanical steps, and then they are regarded as or used as evidence to judge the truth
or falsehood of the relevant hypothesis (Xie, 2022b).

In addition, hypothesis testing theory is based on sampling distribution theory, and the basic condition is
random sampling. To achieve random sampling, it is necessary to define the sampling population first. In
reality, it is often difficult to define the sampling population and conduct random sampling. In order to
minimize the influence of confounding factors, an experimental design is required, otherwise, the study is just
an observational experiment, not a controlled experiment. For observational experiments, the basic
requirements of NHST conditions cannot be met. Although all of standard statistics textbooks stress the basic
conditions required by these hypothesis testing paradigms, most studies analyze actual data and check
whether these conditions are met, performing NHST as long as there is a set of sample data. Unfortunately,
the NHST, a mechanical ritual-like hypothesis testing paradigm, is very consistent with people's white or
black thinking mode, and also in line with the wishful thinking of statistics textbook authors to replace
scientific experiments with statistical testing. NHST has being popular since the 1950s and 1960s (Xie,
2022b).

To this end, Gigerenzer (2018) concludes in his article that authors of early statistics textbooks struggled
to develop a seemingly objective method of statistical inference that would mechanically separate true causes
from randomly varying phenomena , without the user's additional thinking and judgment. As a result, Fisher's
method and Neyman/Pearson method are forcibly kneaded together. The core of this hybridization theory is
the Null Ritual of Neyman/Pearson (Gigerenzer, 2018; Grenville, 2019):

(1) Set up a null hypothesis of ‘no mean difference’ or ‘zero correlation.” Do not specify the predictions
of your own research hypothesis.

(2) Use 5% as a convention for rejecting the null hypothesis. If the test is significant, accept your research
hypothesis. Report the test result as p<0.05, p<0.01, or p<0.001, whichever level is met by the obtained
p-value.

(3) Always perform this procedure.

Clearly, Null Ritual is wrong. This is not always understood, and even critics of Null Ritual sometimes
confuse it with Fisher's null hypothesis testing theory and call it NHST (Grenville, 2019).

An example of one-way ANOVA can be used to illustrate the irrationality of NHST (Crawley, 2012;
Wasserstein and Lazar, 2016; Li, 2022; Xie, 2022b). Suppose a crop is given three fertilizers, i.e., three
treatments A, B, C; 10 data for each treatment (sample size is 30); the experiment is a completely randomized
design. The results of data analysis (95% confidence interval) are: treatment A (7.8, 12.0), treatment B (9.4,
13.6), treatment C (12.2, 16.4). According to the NHST standard, because the confidence intervals do not
overlap, the average output of treatment C is higher than that of treatment A; but because the confidence
intervals overlap, it is impossible to judge whether treatment B has a higher average output than treatment A.
If each treatment takes 5 data (sample size is 15), the data analysis results (95% confidence interval) become:
treatment A (6.6, 13.2), treatment B (8.2, 14.8), treatment C (11.0, 17.6). Obviously, according to the NHST
standard, only because the sample size becomes smaller, all comparisons are not statistically significant.
Similarly, if each treatment takes 100 data (sample size is 100), the data analysis results (95% confidence
interval) becomes: treatment A (9.2, 10.6), treatment B (10.8, 12.2), treatment C (13.6, 15.0), then there is a
statistically significant difference between two treatments. The conclusion is that, even under the most ideal
experimental design and correct application conditions, the results of NHST directly depend on the sample
size. Another problem is that even we follow the most appropriate experimental design to collect data, there
are still confounding factors that cannot be excluded. For example, when the same experiment is conducted
by region and year, the results vary and the conclusions about statistical significance also vary (Crawley,
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2012; Wasserstein and Lazar, 2016; Li, 2022; Xie, 2022b).

The more fundamental problem is that the sampling population is uncertain, and the obtained sample data
cannot satisfy the basic conditions of sampling distribution theory. Therefore, the generalization of statistical
anaysis results is not valid based on sampling distribution due to the violation of those fundamental
assumption conditions. Both p-value and confidence interval are continuous variables, dividing them into
'statistically significant' or 'not statistically significant' will produce a contradiction that cannot be justified.
From the classic example of statistical analysis, the irrationality of NHST can be clearly seen (Hahn and
Meeker, 1993; Xie, 2022b, 2022d).

2.4 p-value manipulations and academic misconducts

2.4.1 p-value hacking, base rate fallacy and publication bias

Bergstrom and West (2021) have summarized several common misconducts in science, p-value
manipulations, base rate fallacy and publication bias.

(1) p-value hacking

In current publishing paradigm, whether a paper has a chance to be published is affected by the p-value it
reports. However, those papers that do get published are a biased sample of the full experiment. In the
literature, statistically significant results are often overrepresented, and statistically insignificant results are
underrepresented. Experimental data that do not yield significant results end up being thrown into the filing
cabinet by scientists, the so-called file drawer effect (Bergstrom and West, 2021).

Goodhart's law points out that if an indicator becomes a target, it is no longer a good indicator. In a sense,
p-value has this characteristic. Because the p-value lower than 0.05 is a good indicator for paper publication,
so it is no longer a good measure of statistical support. If p-value is irrelevant to whether or not a scientific
paper is published, then p-value will still be a valid measure of statistical support for rebutting the null
hypothesis. p-values have fallen out of use as journals clearly prefer papers with p-values below 0.05
(Bergstrom and West, 2021).

(2) Base rate fallacy

Disease A is known to be rare. Someone who has a blood test for fear of contracting disease A and the test
result is positive, but there is a 5% chance of a false positive. The probability of that person having disease A
is intuitively 95%, but the actual situation proves to be wrong. For someone without disease A, the
probability of testing negative is of course 95%. But the probability of testing positive for disease A is low
because disease A is rare. Bergstrom and West (2021) point out that in an area where disease A is endemic,
only 1 in 1000 people is infected. Assuming that 10000 people are tested, then one can expect about 10 true
positives and about 0.05 x 10000 = 500 false positives. In testing positive cases fewer than 1 in 50 of those
are actually infected. Therefore, even if they test positive, the probability of getting infected will not exceed 2%
(Bergstrom and West, 2021). Treating less than 2% probability of being infected as having a 95% chance of
being infected is a common error. We sometimes call this the base rate fallacy because the base rate of the
disease in a population is ignored when interpreting testing results (Bergstrom and West, 2021).

However, if disease B is known to be common, e.g., with an incidence of 20%, then the base rate fallacy
is not a big problem. For example, 5% of people who test without disease B will be positive. Assuming that
10000 people are tested, there will be about 2000 true positive results, and of the remaining 8000 people, this
probability is about 5%, or about 400 people will get false positive results. Therefore, of the people who test
positive , about 5/6 of the people are actually infected with disease B (Bergstrom and West, 2021).

(3) Publication bias
Ioannidis (2005) has drawn an analogy between scientific research and the interpretation of medical test
results. He argues that due to publication bias, most negative findings are not published, so we see mostly
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positive results in the literature (Fanelli, 2012; Fig. 3). If the impossible hypothesis is tested, then most
positive results should be false positives, as in the disease A example abobe. If there are no other risk factors,
positive testing results are mostly false positives (Bergstrom and West, 2021). Many experiments published
in excellent journals cannot be replicated. If many of the positive results of these experiments are false
positives, it is exactly what we would expect (Bergstrom and West, 2021).

About how to test for publication bias, the FDA's Eric Turner has found a way to solve this problem. US
law states that any research team conducting clinical trials (trials that use people as experimental subjects to
test the results of a treatment) must register with the FDA, submit documents and explain what the trial is
going to test, how the trial will be conducted, and how the results will be measured. Once the trial is complete,
the team also needs to report the trial results to the FDA. However, they are not required to be published in a
scientific journal (Bergstrom and West, 2021). This system facilitated Turner and his colleagues to count
published and unpublished trials in a particular field of study. Turner listed 74 evaluations of 12 different
antidepressants clinical trials of efficacy, of which 51 trials have published results, including 48 positive
results (the drug is effective) and 3 negative results. Looking at these published literature, any researcher
would think that these antidepressants are usually is valid. But after investigating all the trials initially
registered, the FDA found that the situation was not what had been expected. Of the 74 trials, 38 yielded
positive results, 12 yielded equivocal results, and 24 yielded negative results. As a result, it is possible for us
to draw a more pessimistic conclusion: it seems that only a subset of antidepressants can work in some cases
(Bergstrom and West, 2021). Thus clinical trials of a success rate of 51% only were ultimately published in
94% of papers claiming success. One reason is that almost all positive results are published, while less than
1/2 of equivocal or negative results are published. Another and more important reason is that of the 14
published equivocal or negative results, 11 were redefined as positive results (Bergstrom and West, 2021).

Professional journals generally hold a negative attitude to publishing insignificant research results, and
scientists must rely on publishing articles to gain promotion or even keep their positions, and the

consequences are disastrous for the scientific career (Timmer, 2009; Xie, 2022a; Grenville, 2019).
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Fig. 3 The proportion of papers reporting a positive result in the sample has been fluctuatingly rising since 1990. On average,
the rates of reporting positive results have increased by around 6% every year, showing a statistically highly significant trend
(Source: Fanelli, 2012).
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2.4.2 Academic misconduct

The Dutch National Survey on Research Integrity (NSRI) has conducted the largest survey of academic
misconducts to date, with more than 64000 researchers invited to participate in an anonymous survey (Vrieze,
2021). The results of this survey showed that, 53% of PhD students admitted to having regularly engaged in
one of 11 questionable research practices in the past three years, compared to 49% of associate and full
professors. 8.3% admitted to more serious research misconducts committed in the past 3 years: 1 in 12 people
admited to falsifying research results at least one time. Life sciences and medicine are still the hardest hit areas
for academic misconducts (EVEE, 2022).

As mentioned earlier, the excessive pursuit of positive results has distorted the yardstick that science itself
respects objective facts. A 2012 study showed that from 1990 to 2007, the proportion of positive results in
published papers increased by more than 22%. In 2007, more than 85% of papers claimed to have found
positive results, but Fanelli, the author of the study, believes that the scientific objectivity of published papers
is declining (Fanelli, 2012; Fig. 3).

In 2020, Nature published an article titled "Fraud, bias, negligence and hype in the lab — a rogues' gallery"
featuring the case of ever renowned nutritional psychologist Brian Wansink. The most famous expert on
dietary behavior in the world, was appointed executive director of the USDA Center for Nutrition Policy and
Promotion, and directed the National Dietary Guidelines. However, many of Wansink's papers have been
exposed to the existence of fraud (falsified data), bias (academic bias), negligence (ignoring mistakes), hype
(malicious hype), etc. (Wansink, 2014; O'Grady, 2017; The Skeptical Scientist, 2021). The key point that
draws attention to his research results is his unprincipled abuse of statistical tests, or 'p-hacking' (XKCD, 2021).
Whenever a study was carried out with a negative result, Wansink passed some perverse solution, such as
dismantling data to obtain an ideal p-value for an otherwise insignificant result. He openly encouraged
graduate students and his collaborators to confirm ' statistical significance' by deliberately searching through
the data (Xie, 2022a; Grenville, 2019). The problems identified above were present in 52 publications that
Wansink participated in, including articles in 25 different journals and 8 books, which were cited more than
4000 times. During the two years, a total of 18 papers were retracted, with a maximum of 6 papers being
retracted in one day. When the evidence of these unscientific research results of Wansink was exposed, Cornell
University removed him from research and teaching activities. Consequences of excessive pursuit of positivity
have been fulfilled in Wansink. However, under the existing evaluation system, there are still many people
who are doing so (Fidler, 2020; Ritchie, 2020).

The fundamental reason behind this phenomenon is that it is difficult for the scientific community to
accept negative results. Fortunately, the scientific community's view on negative results is also gradually
changing, and at least some databases and peer-reviewed journals are now willing to accept negative results for
publishing.

In fact, the significance of a negative result is far greater than we imagined: on the one hand, a negative
result has a strong warning effect, which can indicate to peers that the road is not available, and on the other
hand, a negative result may also inspire future generations to create an opportunity to overturn existing
theories (Mehta, 2019).

2.5 The reproducibility crisis in science

Hypothesis testing and p-value have been strongly questioned and severely challenged in recent years. The
background is that many new scientific research results and discoveries are considered to be false positives and
cannot be confirmed by repeated experiments, leading to the so-called reproducibility crisis. Many scientists
believe that the application or misuse of significance tests and p-values is one of the main causes of false
positives and reproducibility crisis (Baker, 2016b; Huang, 2021a, b). Of course, it is obviously inappropriate to

IAEES www.iaees.org



92 Computational Ecology and Software, 2022, 12(3): 80-122

blame the reproducibility crisis entirely on the significance tests and p-value, but the reproducibility crisis
reflects the methodological limitations and defects of the significance tests, that is, the statistical significance
tests paradigm itself has its own problem. In other words, the reproducibility crisis as an abnormal or
counterexample under the statistical significance tests paradigm is the source of the crisis in the statistical
significance tests paradigm (Grenville, 2019; Bergstrom and West, 2021).

A large amount of evidence shows that many published articles cannot be replicated due to the wrong
application of statistical tests. Nature and Science are two of the most authoritative professional journals, and
scientists strive to make their articles recognized by these two journals. However, a research article published
in Nature (Camerer et al., 2018) stated that they were only able to replicate the results of 60% of the published
articles, and the results obtained by repeating the validation study showed that the effect size was on average
about 50% of the effect size reported in the original article (Camerer et al., 2018; Grenville, 2019; Xie, 2022a).

Similarly, ugly replicability and reproducibility of analysis data results have also been exposed in other
research fields, including psychology (Open Science Collaboration. 2015; Fig. 4), economics (Camerer et al.,
2016), and medicine (Prinz et al., 2011). A case of unprincipled reliance on significant findings is Brian
Wansink (Wansink, 2010).

Although many cancer studies claim to have achieved a significance of 0.05, many results are not
replicable. Both Nature and Science have devoted discussions on how to understand p-value and how to define
the significance of a study (Servick, 2017; Nuzzo, 2014; Shao, 2018). This is because more and more scientists
and statisticians believe that the misuse or abuse of significance tests is one of the main reasons for the
reproducibility crisis, and that reproducibility crisis reflects a methodological flaw in significance tests, that is,
the significance tests paradigm itself is problematic. Therefore, some scientists and statisticians have called for
a complete abandonment of the concept of statistical significance and significance tests. For example, a 2019
editorial in The American Statistician declared that it is time to stop using the term 'statistical significance'
altogether (Wasserstein et al., 2019). As noted, the American Statistical Society issued a statement in 2016
stating that the misuse of p-value has become an important reason why many studies cannot be replicated.
Some guiding principles for the use of p-value are proposed, and it is clearly stated that misuse of p-value
cannot be used as a basis for judging the authenticity of hypotheses and the importance of research results (Sun,
2016).

In 2005, a paper published in PLOS Medicine, "Why most published research findings are false", first
sparked widespread discussions about the reproducibility of scientific findings (Ioannidis, 2005; Wu, 2022;
Zhang, 2022), which once again caused a shock in the scientific community. In 2021, a project started in 2013
and costing a total of 2 million US dollars to verify the top research in the field of cancer biology-
Reproducibility Project: Cancer Biology, RPCB, published the complete replicated results in eLife (Errington
etal., 2021; Wu, 2022; Zhang, 2022).

The RPCB project aims to replicate 193 experiments in more than 50 high-impact top journals such as
Nature, Science, Cell and other papers under the same conditions and in as similar ways as possible. Over a
period of 8 years, it took an average of 197 weeks to replicate all experiments in each study and cost $53000
each. Ultimately, the project replicated only 50 experiments out of 23 papers. Based on conclusions (yes or no)
and given 5 criteria of statistical significance, only 47% of the 23 papers could get a conclusion that was
completely consistent with the original experiment. If the effect size was considered, then only 25% of the
repeated experiments had the effect size in the 95% confidence interval of original result (Errington et al.,
2021; Wu, 2022; Zhang, 2022).

In addition, according to a survey of 1576 people sponsored by Nature, more than 70% of the researchers
said they had been unable to replicate the experiments of other groups; more than 50% of the researchers said
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they could not replicate their own experiments; 52 % of the respondents believe that there is a major crisis of
experimental reproducibility. Among the respondents, most scientists indicated that they have experienced the
failure of repeated experiments, and the biological field ranked second (Baker, 2016a; Fig. 5).

In 2021, Nature dedicated an editorial, emphasizing that researchers, research funders and publishers must
take reproducible research efforts more seriously (Nature Editorial, 2021). Errington even proposes to elevate
reproducibility to the same level as research novelty: reproducibility is an important feature of scientific
research. However, contemporary research culture tends to emphasize features such as novelty, while placing

repproducibility on a secondary level (Zhang, 2022; Errington et al., 2021).
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Fig. 4 Correlation coefficients of original study effect size vs replication effect size. Diagonal line represents that replication
effect size equals to original effect size. Dotted line represents replication effect size of 0. Points below the dotted line were
effects in the opposite direction of the original. Density plots are separated by significant (blue) and nonsignificant (red) effects
(Source: Open Science Collaboration, 2015).
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Fig. 5 Most researchers indicated that they had the experience of repeated experiment failure (Source: Baker, 2016a).
3 Actions

The unprincipled use of a hybrid p-value based statistical significance tests has led to the massive misuse and
abuse of the concept of statistical significance, and a crisis of large-scale irreproducibility of research findings.
In light of this, in 2016 American Statistical Association (ASA) issued a formal statement for the correct and
incorrect application of p-values (Wasserstein and Lazar, 2016). It warns against the misuse of statistical
significance and p-values, and explicitly states that p-values cannot be misused as a judgment of hypothesis
truth or result importance. Based on this, some guiding principles for the use of p-values are proposed (Sun,
2016). This statement suggests that researchers must recognize that, without relevant scientific
connotation-based or other evidence, the information provided by a p-value only is limited. The statement
advises researchers that many factors related to scientific content need to be taken into account in order to
draw scientific inferences. These factors include the design of the study protocol, the quality of the
observational data, the external evidence (obtained outside the study) of the observed phenomenon, and the
reasonableness of the assumptions underlying the data analysis. This statement asserts that good statistical
analysis emphasizes understanding of the observed phenomenon, and analysis results should have scientific
connotation explanations, complete reports and reasonable logic, as well as quantitative explanations
represented by data analysis results. No single statistical indicator can replace scientific reasoning analysis.
The content of the research question is the real connotation (Xie , 2022a; Grenville, 2019). According to Ron
Wasserstein, executive director of the society, this is the first time in 177 years that the ASA has issued a
cautionary statement on this most fundamental statistical principle, mainly because the ASA is very
concerned about harmful outcomes from misuse of p-values. ASA recommends that scientists avoid drawing
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scientific conclusions and formulating policies based on p-value alone. Scientific reports should not only
describe the final statistical data resulting from the data analysis, but should also provide all statistical test
calculations, otherwise the reliability of statistical analysis results is difficult to judge (Sun, 2016).

Further, the ASA organized a two-day symposium on statistical inference in October 2017, the results of
which constituted the 43 articles published in the special issue of The American Statistician (TAS) Volume
73 in March 2019 on statistical significance (Hubbard et al., 2019; Tong, 2019). The album of TAS volume
73 begins with an "Editorial: Moving to a World Beyond "p<0.05"" (Wasserstein et al., 2019), in which a
summary of the views and proposals of the 43 articles published in this special issue is made. The editorial
clearly proposes to completely abandon the concept of 'statistical significance' - the concept of the
cornerstone of the NHST, and not to mention 'statistically significant', (Hubbard et al., 2019; Tong, 2019; Xie,
2022b, c).

In March 2019, more than 800 scientists jointly called for abandoning the whole concept of statistical
significance in Nature (Grenville, 2019; Amrhein et al., 2019; Huang, 2021a, b). Amrhein et al. (2019)
suggested that hypothesis testing should 'retire'. Clearly, the era of p-value dominance is over (Halsey, 2019),
and academia will enter the post p<0.05 era (Wasserstein et al., 2019).

Researchers must be aware of the fact that in many research fields, it is rare that an experiment is the real
key to the experiment, and it is more common to need to conduct multiple experiments on the same scientific
research question. These experimental results are aggregated to obtain a comprehensive result that conforms
to the scientific truth. For example, in agricultural field experiments, the effects of experimental treatments
will generally vary with soil and meteorological conditions. The general applicability of the research results
makes it absolutely necessary to replicate the same experiment in different regions and years. In this case, a
series of moderately accurate experiments is more valuable than a single but very high accurate experiment.
(Yates, 1951; Xie, 20224d).

Xie (2022c) pointed out that statistical analysis cannot remove the inherent uncertainty of the data itself.
The application of the statistical analysis paradigm of the NHST makes statistics often regarded as an
alchemy that can remove the inherent uncertainty of the data itself: Input data with uncertainty, and output
results of measured successufully by statistical significance tests on the experimental data (whether the
experimental treatment variable is really effective). Accepting the uncertainty principle, first requires we seek
better measurement variables, better experimental designs, and larger sample sizes. Accepting uncertainty
also drives us to be more realistic. Accepting the uncertainty principle and accepting dichotomies measured
by statistical significance are incompatible with each other. To accept the uncertainty principle, naturally
prompts us to pay attention to the reproducibility of research results, and to seek the verification of the
evidence formed by the synthesis of the results of other similar independent research experiments. Consider
using statistics including p-values and various other statistics as tools/indicators for statistical analysis to
obtain answers to questions, seek and report probability distributions of estimated effect sizes, and provide
sufficient detail to warrant the reported results to be reproducible (Xie, 2022c). We need to understand and
clearly tell everyone the limitations of our research results, and recognize the gap between the complexity of
the real-life phenomena we study and the statistical models that we have established. The so-called only
correct statistical model does not exist. We should recognize that scientific inference/reasoning is a broader
concept than statistical inference. In conclusion, we should acknowledge that scientific inference/reasoning
and statistical inference are both difficult and complex, recognizing that knowledge discovery cannot depend
on implementation of simplified and mechanical rules and procedures (Xie, 2022c¢).

In order to realize the reform of statistical analysis that completely abandons the concept of statistical
significance in any aspect or level, the existing organizational system related to this must first be reformed.
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There must be a mechanism to support and affirm the original scientific research results to carry out
replicated experimental research. Professional journals should first and more pay attention to the quality of
research design, data and methods, and complete transparency of reporting before considering the validity
and significance of its findings when evaluating whether submitted articles can be published. Finally, a major
reform change is needed in statistics education to accommodate the post p<0.05 era (Xie, 2022c).

Applying statistical analysis from a scientific point of view (e.g. reproducibility, universality, the
mechanism/mechanism behind the phenomenon of things) is better than simply following a stylized
mechanical black-and-white analytical paradigm. Analyzing conclusions is much more difficult. Therefore,
this reform must be carried out in different fields and different groups of people, which have different
difficulties, and the time required will be different also (Xie, 2022c¢).

Dealing with reproducibility and uncertainty is at the heart of statistical science. Research findings are
reproducible if they can be validated in further research with new data. Leaving aside the possibility of fraud,
the important sources of poor reproducibility include poor study design and implementation, insufficient data,
lack of understanding of model selection, inadequate description of analytical and computational procedures,
and selective choice of reported results. Selective reporting can lead to distorted perceptions of the evidence
even some of the persuasive results are highlighted in the reporting. In some cases, this problem can be
mitigated by adjusting for multiplicity. Controlling and explaining uncertainty should begin with the design
of the research and observation process, and continue through each stage of the analysis until the results are
reported. Even in well-designed and well-implemented studies, inherent uncertainty remains and statistical
analysis should appropriately account for this uncertainty (Benjamini et al., 2021).

p-value based statistical significance theory as the mainstream paradigm of statistics has a history of
nearly 100 years, but now it has encountered unprecedented severe challenges. The debate on whether to
reserve, improve, or abandon these mainstream paradigms is still ongoing. However, the challenges are also
opportunity: they prompt us to re-examine these mainstream paradigms and seek to create new paradigms
(such as developing more reasonable statistical inference methods). Especially when compiling new
statistical textbooks, we need to consider whether to reserve these concepts or theories. If they are reserved,
the author should point out their limitations and flaws, rather than some erroneous or misleading knowledge
being taught to students as 'truth’ as in today's textbooks (Huang, 2021a, b).

The scientific question: "Are these differences meaningful?" is clearly more appropriate than "Is that
result statistically significant?" (Xie, 2022a; Grenville, 2019). Asking this question prompts us to interpret an
analysis results while avoids the dichotomy of thinking in the results, and can guide us to interpret the
analysis results from the perspective of disciplinary content. Interpreting data analysis results from the
perspective of disciplinary content is much more informative (Xie, 2022a; Grenville, 2019). We need to think
about how to apply the analysis method of significance tests (Xie, 2022a; Grenville, 2019). Xie (2022a)
further proposes that: (1) A so-called significant finding needs to be cautiously treated with skeptical attitudes,
the rate of false positives is actually higher than the commonly believed; (2) we need to move away from
fishing for data analysis and trawling for significant differences; (3) we need to recognize that some statistical
test results of insignificance can also be scientifically meaningful, and (4) we need to take into account the
scientific implications of the study (Xie, 2022a; Grenville, 2019).

Halsey (2019) argues that a "power" vacuum has emerged at the end of the era of p-value dominance, and
discusses several statistics that may replace p-value to fill the "power" vacuum, including confidence
intervals, Bayes factors, Akaike information Criterion (AIC). For example, Huang (2019) recently proposed a
statistic with a potential alternative to p-value based on the law of conservation of energy: Signal content
index (SCI). Statistics reform is also known as statistical reform, mainly reform of statistical inference. The
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main point of scientists who advocate statistical reform is to abandon the significance tests and implement
estimation of effect size (Huang, 2021a, b).

In fact, the calls for statistical reform have been around for a long time. Fidler and Cumming (2007) write
that convincing arguments for reforming statistical practice have been presented in many disciplines, some
for decades, but achieving reform has proven difficult. In 2014, Cumming, the main advocate of statistical
reform, proposed the concept of new statistics, which includes estimation of effect size, confidence interval,
meta-analysis, etc. (Cumming, 2013). Cumming showed that these new methods are not actually new, but
widespread use of these methods is new to many researchers (Huang, 2021a b).

In recent years, the search for better statistics to replace p-value is becoming a very hot research topic in
statistics (Huang, 2021a, b).

4 Solutions

4.1 Strict p-value’s criterion

The p-value is a valid statistic that reflects the uncertainty inherent in quantitative results. In fact, p-values
and significance tests are among the most studied and well-understood statistical methods in the statistical
literature. They are an important tool to apply and advance science achieved through appropriate uses.

As early as July 2018, Benjamin et al. (2018) hoped to improve the standard of significance in scientific
research, thereby improving the reproducibility of results. They recommended to replace the currently
commonly used p-value criterion with a stricter p-value of 0.005 of 0.05. They believe that similar changes
have been successful in other areas, such as sequencing data analysis, where more stringent p-values have
been adopted. They believe that this approach can significantly reduce false positives in study results. The
views of Benjamin et al. (2018) are divided (Servick, 2017). Even some proponents disagree on whether and
how much significance level should be set in absolute terms. Among them, there is a view that such an
initiative may exacerbate p-value hacking, which is to publish only positive results and hide others. Others
worry that increasing p-value requires more samples whic requires more research funding. For example, in
the general case (normal distribution), increasing the p-value from 0.05 to 0.005 may require 70% more
samples (Shao, 2018).

Many biological and medical studies may not aim to prove that a conclusion is true, but to improve the
posterior probability of a conclusion being true by summarizing and inferring quantitative data. A
deterministic study can make us believe that a certain conclusion is true. The probability that the conclusion
is true is close to 1. For problems with multiple explanations, whether these explanations are true or not are
probabilistic events. Then the progress of research is to reduce the information entropy corresponding to these
probabilistic events until we have a definite theory. From this point of view, a low p-value is beneficial. It can
also be estimated from a realistic point of view, for example, someone calculates that 53% of preclinical
studies are not reproducible (and about 28 billion US dollars of wasted funding)(Kaiser, 2015). In addition,
when conducting experimental design and interpretation of results, the scientific judgment of the researcher
(also the estimation of the prior risk) is also very important. When the prior probability of H; is weak, that is,
when the results are very surprising, the stricter p-value tests are often required (Shao, 2018).

Benjamini et al. (2021) pointed out that many of the controversies surrounding statistical significance can
be eliminated by better understanding the uncertainty, variability, multiplicity and reproducibility of the study
subjects. When properly applied and interpreted, the use of p-values and significance is an important tool that
should not be discarded. Thresholds are helpful when decisions need to be made. Although p-values
themselves provide valuable information, matching p-values to significance levels may useful. p-values and
statistical significance should be understood as assessments of measurements or effects related to sampling
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change, not necessarily as measures of actual significance. If it is deemed necessary to consider thresholds as
part of decision-making, then thresholds should be clearly defined according to research objectives, and the
consequences of wrong decisions should be considered. As a matter of convention, threshold (significance
level) criteria should vary by subject and analytical objectives (Shao, 2018; Benjamini et al., 2021).

Li (2022) argues that the reason for abandoning p-value and significance cannot be a strong basis, and
does not agree with simply abandoning the statistical significance tests.

Xie (2022d) believes that p-value can measure the degree of inconsistency between sample data and a
given statistical model. It is a continuous statistic, so as long as we do not use it as a discrete statistic, that's
no problem. For example, if a t-test gets p=0.06, it can be concluded that the null hypothesis does not match
the observed sample data to a large extent, but it is impossible to determine the reason for the inconsistency.
It may be that the null hypothesis does not hold, or the null hypothesis is true but the sample is not
representative, or it may be that a certain hypothesis does not meet the requirements (for example, the sample
data are not independent of each other), and the reason needs to be further found through other analysis. Two
different statistical models are fitted to the same set of data, and it can be confirmed that the model with the
better p fits the data better.

In conclusion, p-values and significance tests, when properly applied and interpreted, add to the rigor of
conclusions drawn from data. Analyzing data and summarizing results is often more complex than is
commonly recognized. Although all scientific methods have limitations, however, the correct application of
statistical methods is crucial for interpreting the results of data analysis and improving the reproducibility of
scientific results (Benjamini et al., 2021).

4.2 Perform meta-analysis

Meta-analysis, i.e., looking at multiple studies on the same trial, is one of the most effective methods. With
meta-analysis, it is possible to know whether the published literature is likely to be representative of all trials
and whether they reflect some problematic behavior, such as p-value hacking, publication bias. Meta-analysis
has become a hot area of statistical research (Bergstrom and West, 2021).

4.3 Using Bayesian methods

In 2013, the 250th anniversary of Bayes' Theorem, Efron published a commemorative article titled "A
250-year argument: belief, behavior, and bootstrap" (Efron, 2013). Efron mentioned that for the past two and
a half centuries, Bayesian and frequentist schools have been competing with each other. The 20th century was
dominated by frequentist schools, especially in applications, but the 21st century has seen a strong revival of
Bayesian schools (Efron, 2013; Grenville, 2019; Huang, 2022).

Although both the Bayesian school and the frequentist school use the concept of probability, the two
schools have different interpretations of probability. The frequentist school believes that probability is the
frequency with which an event occurs in a large number of repeated trials. It is objective. For the frequentist
school, it is meaningless to discuss the probability of not being able to repeat the experiment. The Bayesian
school believes that probability is the degree of belief that an event occurs, which is subjective. Therefore,
For an event that occurs one time only, probability (belief degree) can also be used (Efron, 2013; Grenville,
2019; Huang, 2022).

Frequentist school’ statistical inference methods include p-value based statistical significance tests (such
as t-test, F-test), parameters’ point estimates, confidence intervals, etc. Because of the emphasis on the
objectivity of inference, these methods usually only rely on data and subjective prior knowledge are not
allowed to be used (except for necessary assumptions). Bayesian methods involve Bayesian factors, posterior
probability distributions, and credible intervals, etc. (Benjamini et al., 2021). Bayesian school’s statistical
inference allows the use of subjective prior knowledge. New information (data) is combined with prior
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knowledge to generate updated knowledge, namely (Efron, 2013; Grenville, 2019; Huang, 2022): updated
knowledge = prior knowledge + new information (data).

Bayesian school’s statistical inference is in line with people's cognitive processes. People always revise or
update previous knowledge or beliefs based on newly acquired information. If you have a strong belief in a
proposition (e.g., with 100% prior belief degree to represent), then regardless of the new information (current
probability) about the proposition, Bayes Theorem states that your posterior belief degree is 100% of the
same as your prior belief degree, that is, your belief is not affected by the new information. On the other hand,
if you have no prejudice against a proposition (e.g., indicated by a prior belief of 50%), then if new
information about the proposition gives a current probability of P%, Bayes Theorem says that your posterior
belief degree of is also P%, that is, you completely accept new information. In real life, people will always be
more or less influenced by new information to revise their previous thoughts (beliefs) (Shao, 2018).

Bayesian statistics has become mainstream in recent decades. For example, most of the papers on
measurement of uncertainty published in Metrologia in the past ten years are based on Bayesian statistics.

The basis of the Bayesian school is Bayes Theorem (Bayes rule). Bayes Theorem is a methamatical rule,
which expresses the interrelationships between the conditional, marginal, and joint propbability distributions
of random variables, as defined in the following formula (Upton and Cook, 2008; Zhang, 2016, 2018; Pandey
etal., 2022)

Pr(B|4) = Pr(4, B) / Pr(4) = Pr(4|B) x Pr(B) / Pr(4)

where 4 and B are two random variables, Pr(4) and Pr(B) are the marginal probability distributions of 4 and
B, respectively, Pr(B|4) is the conditional probability distribution of B given A4, Pr(4|B) is the conditional
probability distribution of 4 given B, and Pr(4, B) is the joint probability distribution of 4 and B.

Obviously, Bayes Theorem is expressed in terms of conditional probability (Huang, 2022), and it can also
be expressed as: posterior probability oc prior probability x current probability.

Another form of Bayes rule states that the probability that a postulate 4 will be true is positively
proportional to the multiplication of the postulate’s prior probability and the conditional probability of

information, /, being observed given H is true. Known a discrete sample space S, and suppose 4; € S, i=1, 2, ...,
where U4;= S, and 4;N 4;= ¢, i #,j. Bayes rule is expressed as (Zhang, 2016, 2018):

Pr(4;/ 1) =Pr(I/ A;) Pr(4;) / 2Pr(I/ 4;) Pr(4))
For the continuous sample space, Bayes rule is:
Pr(4 / I)=Pr(I/ A) Pr(4) / | Pr(I/ A) Pr(4) dA

Bayes rule can be used in the selection of models (Mackey, 1992; Zhang, 2018). Suppose there are several
models, and known the data or information 7, the posterior probability of model 4;, is given by Bayes rule:

Pr(4;/ 1) = Pr(l | A}) Pr(4;) | Pr(])

where Pr(4;): the prior probability of the model A;; Pr(// A;): the evidence of the model 4;, which is expressed
as:

Pr(I/ A})=[Pr(I/ w, A;) Pr(w / 4;) dw

where w = (wy, wy,..., w;) is a weight vector.
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Based on Bayes factor and prior odds, let’s examine the relationship between false positive rate and
power given p-value and prior odds (Fig. 6). The Bayes factor is the probability of getting the measured x,ps
data under the H; hypothesis divided by the probability of getting the measured data under the null hypothesis.
The smaller the o (significance level), the larger the Bayes factor. Bayes factor and prior risk are linked
together by the Bayesian formula. By measuring the data, the ratio of the H, hypothesis and the Hy hypothesis
is considered to be satisfied (Benjamin et al., 2018; Shao, 2018):

Pr(H|Xobs) / Pr(Ho|Xobs) = [f(Xobs|H1) / fxobsHo)] * [Pr(H;) / Pr(Hy)] = BF X (prior odds)

The Bayes factor can be regarded as the information about the A, hypothesis and the H, hypothesis obtained
from the data. The prior risk is related to the specific problem of the researcher and the scientific consensus.
The prior odds can be expressed as (1-¢) / ¢, where ¢ is Pr(Hp), the prior probability that the null hypothesis
holds (Shao, 2018). Essentially, p-value is just a measure of whether the result may be randomly generated
under the existing experimental conditions, and its corresponding causal chain is that the smaller the p-value,
the less likely the result will be randomly generated, and the larger the Bayes factor. But this does not mean
that Pr(H|x.bs) / Pr(Holxobs) is larger. Because according to the above formula , it also depends on the ratio of
the probability of H; and Hy, which is the prior risk. Take an example, suppose the probability of Hy is 1 and
the probability of H, is 0, that is, a proposition cannot be true. But there are 50 labs do the same experiment,
and there is a high probability that one lab will get a result with a significance of 0.05 to show that the
proposition is true (the Bayes factor is still large) (Prinz et al., 2011). Obviously, such a result does not make
any sense (Shao, 2018).
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Fig. 6 The relationship between false positive rate and power given p-value and prior odds (Source: Benjamin et al., 2018).
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Fig. 6 is based on the following formula:

false positive rate = ad / (ad + (1 - B) (1 - $))

The larger the ¢, the greater the probability of false positive results. The stronger the significance, the smaller
the o, the lower the false positive. The greater the statistical power (power), the smaller the B, the lower the
false positive. You can find in this figure a is also the effect of the significance level. It is found that when o
= 0.05, if the prior risk is 1:10, then the probability of false positive results is at least greater than 33%. When
we take a p value of 0.005, the probability of false positive results is at least 33%. The probability is less than
10% in many cases (Shao, 2018).

The false positive problem can be illustrated with a graph from Sellke et al. (2001) (Fig. 7). In this figure,
the black is the probability that the H;, hypothesis is true, and the yellow is the probability that the H,
hypothesis is true. The first row is the prior risk, where on the left is prior odds = 1:19, in the middle is prior
odds = 1:1, and on the right is prior odds = 9:1 (H; is more likely). The second row is the posterior
probability of Hy and H, at a significance level of 0.01 or 0.05. It can be found that on the right, when the
probability of H; is relatively large, the two p-value results are not much different; on the left, when the
probability of H; is about 5%, The posterior probability of H; at p=0.01 is about 2 times larger than that in the
case of p=0.05. That is to say, in this case, the probability improvement brought by a smaller p-value is larger
(2 times vs 6 times). For the probabilities of H; and H, are not much different, it can be found that the
difference of changes from p=0.01 and p=0.05 is not very significant (1.4 times vs 1.8 times) (Sellke et al.,
2001; Nuzzo, 2014; Shao, 2018).

The statistical power here is the probability of discovering a fact through experiments and other means.
Statistical power is generally expressed as 1 - B, where B is the probability of type II error. For example, a
drug can kill cancer cell, if the statistical power is 0.9, it means that there is a 0.9 of probability that it can be
found by experimentation to kill cancer cells. Then in this case, there is a 0.1 of probability that even though
the drug is effective, the cancer cells are not killed. The 0.1 here is the probability of type II error, which is
the probability of false negative error (Camerer et al., 2018). Statistical power is related to experimental
reliability and should ideally be close to 1, but in reality, for more complex experiments, it is often not so
high (Shao, 2018).

There are many excellent examples of using Bayesian methods to solve statistical inference problems. For
example, Pandey et al. (2022) successfully applied Bayesian Network for statistical inference in their research
(Pandey et al., 2022; Xie, 2022¢; Fig. 8). The Bayesian Network (BN) method is based on Bayes Theorem. It
can be used for determining the complex interrelationships between the variables. A BN model is a graphical
representation (i.e., a directed acyclic graph) of a joint probability distribution of a set of random variables in
which each variable is represented by a node and the dependency relationship is represented by a link for two
associated variables (Pearl, 1988; Kjerulff and Madsen, 2008; Pandey et al., 2022; Xie, 2022¢).

Shao (2018) believes that although the Bayesian method is effective for some problems in some fields, it
is of little significance for practical applications, and the Bayesian method complicates the originally simple

problem.
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Fig. 8 A Bayesian Network (Sources: Pandey et al., 2022; Xie, 2022¢).

Today, the distance between Bayesian and frequentist schools is getting smaller and smaller. Especially

with the rise of objective Bayesian, Bayesian and frequentist schools may even move towards union (Efron,

2013), for example, Zhang (2021a, b, c) jointly used Bayesian method and frequency method to make

casuality inference for nominal variables, Boolean variables and linearly correlated variables.
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4.4 Using effect size (ES)

In order to solve the problem that the p-value is too sensitive and the dichotomy is used to determine the
statistical significance, the effect size estimation paradigm can be used. Contrary to the significance tests
paradigm, the effect size estimation paradigm guides scientists to pay attention to scientific significance, and
directly conduct scientific research based on effect size inference (Huang, 2021a, b).

Effect size (ES) is an indicator used to measure the size of the effect. It can quantify the degree of
association between variables, compare the changes before and after itself, compare the differences between
groups, etc. Effect size is not just a certain indicator, different statistics tests, corresponding to different effect
size indicators. At present, more than 100 kinds of effect size indicators have been applied in the field of
statistics, mainly including several categories:

(1) Effect size used to measure correlation: Pearson correlation 7, coefficient of determination 72, @?, etc.;

(2) Effect size used to measure the difference: Cohen's d, Hedges' g, etc.;

(3) Effect sizes used to measure categories: Cohen's w, Odds ratio (OR), Relative risk (RR), etc.

Effect size has basic properties such as measurement unit independence, sample size independence, and
monotonicity. In particular, unlike statistical significance p-value, effect size is not affected by sample size.
Effect size can solve the problem that p-value cannot describe the degree of correlation and difference. The use
of effect size can also avoid the problem of p-value hacking.

Differences in means, proportions explained by ANOVA, proportions explained by regression analysis,
etc., can all be described by effect size. Effect size is very important for estimating treatment effects. If the
effect size is too small, it means that the treatment has no practical value even if it reaches a significant level .

Several common effect sizes used for statistical tests are as follows:

(1) Comparison of difference between the two groups
Cohen's d = |m- my| / s

where m; and m; are the mean of the two groups, respectively, and s is the combined standard deviation of the

two groups:
5= ((m= 15"+ (n2= D)) (m + np = 2))"”

where n; and n, are the sample sizes of the two groups, respectively, and s, and s, are the respective standard
deviations of the two groups. Cohen's d = 0.20 is a small effect, Cohen's d = 0.5 is a medium effect, and
Cohen's d = 0.80 is a high effect. The standard is just Cohen's personal experience, which should vary across
disciplines, is flawed as the sole criterion for judgment.

When the sample size is small, such as when the overall sample is less than 20 or each group of samples is
less than 10, Cohen's d will have a large deviation. In view of this, Hedges and Olkin (1985) proposed a

method to calculate Cohen's d based on small samples, i.e.
Hedges' g =[|m-my|/s] X [1-3/(@(n+ny—2)-1)]

If the variables do not conform to the normal distribution, the data needs to be transformed to calculate the
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effect size. The Box-Cox method can be used for data transformation. If the data transformation still cannot
meet the requirements, rank transformation can be tried.

(2) Analysis of variance

1. One-way between-group effect size (cohen' f): ES = (F / n) '

where, F' and n are the F' value and the number of groups (levels) in one-way ANOVA. ES = 0.10 is a small
effect, ES = 0.25 is a medium effect, and ES = 0.40 is a high effect.

I1. Partial n*: n," =SS,/ (SS,+ SSk)

In one-way ANOVA, S§ is the between-group variation and SSg is the within-group variation.

(3) Chi-Square Test for 2x2 Contingency Tables

o=0c/m)'"

¢ =0.10 is a small effect, ¢ = 0.30 is a medium effect, and ¢ = 0.50 is a high effect.
(4) Chi-Square Test for RxC Contingency Tables

o=/ min(C-1, R-1))"?

¢ =0.10 is a small effect, ¢ = 0.30 is a medium effect, and ¢ = 0.50 is a high effect.

(5) Correlation coefficient

Pearson correlation (Pearson, 1895; Zhang and Li, 2015), point correlation (Zhang, 2017b, 2018), Spearman
rank correlation (Spearman, 1904; Schoenly and Zhang, 1999; Zhang, 2015b, 2018).

(6) Interaction between two variables
I. Cohen’s d: d =2t/ df'*”*

where, ¢ is the z-value, df is the degree of freedom.
11. Cohen’s n*: W* = Fdf;, / (Fdf;, + df,,)

where, F is the F-value, df, and df,, are the between-group and within-group degrees of freedom, respectively
(Cohen, 1988; Li, 2021a). n* = 0.1 is a small effect, > = 0.3 is a medium effect, and n* = 0.5 is a high effect.
In the general statistical significance tests, the sample size, mean M and standard deviation SD, ¢-value or
F-value, df and p-value of each group are given. Based on this, the effect size statistics d and 1’ can be
calculated. (Li, 2021a). Therefore, from the results of the statistical significance tests, the effect size can be

calculated (Li, 2021a). Reporting both the p-value and the effect size can complement each other (Li, 2021a).
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n’ is one of the most commonly used effect size indicators. Li (2021a) used a literature example to
illustrate the correspondence and difference between p-value and effect size (n°) (Zarkadi and Schnall, 2013;
Li, 2021a ). The researcher will examine the influence of black and white background or gray background
(priming condition) on moral judgment, and the experimental material is 6 social issues (pornography,
adultery, drug use, littering, smoking, use of profanity), and asked to rate their morality on a scale of -5
(=very immoral) to +5 (=very moral). The researchers predicted that priming with black and white visual
contrast would lead to more extreme morality than no priming judgment (Zarkadi and Schnall, 2013; Li,
2021a).

The researchers gave a deviation score index, that is, the distance between the results of the subjective
judgment and the midpoint of the scale to evaluate the extreme situation of moral judgment. The results
showed that the mean deviation score under the black and white condition (M = 2.50, SD = 0.96) was greater
than the mean of the deviation scores in the grey condition (M = 2.05, SD = 0.91) (#(1,128) =7.35, p = 0.008,
n® = 0.05). When the researchers analyzed the 6 items separately, they showed the same general pattern of
smoking (F(1,128) = 5.69, p = 0.02, 1> = 0.04), and drug use (F(1,128) = 4.31, p = 0.04, n* = 0.03), adultery
(F(1,128) = 8.34 , p = 0.005, n° = 0.06), the priming condition effect was significant. In addition, the
difference in mean severity of the two priming conditions (black and white condition: M = -1.79, SD = 1.57,
grey condition: M = -1.05, SD =1.32 ) (F(1,128) = 1.05, p = 0.31, * = 0.008) is not significant (Li, 2021a).
Comparing the above p-value and effect size 1%, it can be seen that p-value is much more sensitive than effect
size n” (Li, 2021a).

Combining the experimental materials, it can be seen that the two indicators of p-value and effect size n°
have complementary effects. For example, the contrasting background of black and white will polarize moral
judgments, and this polarization is related to specific social issues. At the same time, the impact on adultery
judgments (p = 0.005, 1 = 0.06) versus smoking judgment (p = 0.02, 5> = 0.04) is more obvious. It is
especially important that the effect size of the black and white contrast background on the severity of moral
judgments is very small (n” = 0.008), thus, suggesting that the impact of black and white contrast on moral
judgments should not be examined with severity. Because even if the sample size is enlarged and the power is
improved, and it does not make much sense (Li, 2021a). This study shows that the effect of black and white
contrast on the polarization of moral judgment does not reach the standard of small effect size. This shows
that the impact of black and white contrast on moral judgment is quite subtle, and although the effect is small,
it does exist. Therefore, for other studies, if you want to repeat the study, you need to pay attention to
improving the power (such as increasing the sample size), otherwise you may not get significant results. This
suggests that reporting of both p-value and effect size can complement each other (L1, 2021a).

4.5 Pay attention to statistical validity

Capturing the uncertainty associated with statistical conclusions is critical. Different measures of uncertainty
can complement each other and no single measure serves all purposes. Sources of variation in statistical
conclusions should be included and reported in scientific articles. Where possible, those sources of variation
that have not been described should also be identified (Benjamini et al., 2021).

Statistical validity refers to the degree of statistical results as the truth, which involves the appropriateness
and accuracy of statistical analysis (Cook and Campell, 1979; Li, 2021b). Data analysis often has specific
statistical assumptions. If these premises are violated, the statistical analysis may be inappropriate. Therefore
statistical validity has more to do with the appropriateness of statistical analysis. At the same time, statistical
validity also includes the accuracy of statistical analysis.

Factors affecting statistical validity include (Cook and Campbell, 1979; Li, 2021b):

(1) The reliability and validity of the measurement indicators
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We need to perform statistical analysis on the data, and the data comes from specific measurement indicators.
The fundamental condition for the effectiveness of statistical analysis is that these measurement indicators
must have the required reliability and validity. If the analysis data is unreliable, the statistical validity of the
corresponding research cannot be guaranteed.
(2) Type I error and statistical significance
Type I errors (false positives) occur when an effect is thought to exist but does not actually exist. If the null
hypothesis is rejected at a certain level of significance (e.g. p<0.001), it is concluded that there is an effect, and
the following issues need to be considered:

(1) Data sources. Is the data from an enumeration or a sample? If it is from an enumeration, it is not suitable
for significance detection.

(i1) The nature of the sample. Is the data from a random sample or a non-random sample? If it comes from
a non-random sample, the error of the result cannot be determined.

(ii1) Nature of research. If the data are from a random sample, determine the appropriate significance level
(p=0.01, p=0.001, etc).

(iv) Randomness nature. There are often two types of randomization in scientific research, one is random
sampling and the other is random allocation. The principle of random sampling should be strictly followed.
Random allocation is a type of random experiment. Random experiments can approximately control additional
variables, but cannot control for sampling bias. For example, if the subjects are all male, then it may not be
valid for females, even if the statistical analysis is significant.

(v) Properties of tests. To examine a large number of relationships, determine whether a significance test is
based on ex-assumptions or data fishing? If it is a data fishing, with a significance level of p=0.05, one of the
20 relationships will be significant in probability. Post-hoc multiple comparisons need to adjust the
significance level, usually a Bonferroni correction, i.e., the original significance level is divided by the number
of comparisons. For example, the significance level is p=0.01, and 5 pairwise comparisons are made, then the
significance is adjusted to 0.01/5 = 0.002.

(3) Type II error and statistical power

Type II error (false negative) occurs when a relationship is thought to be non-existent when it actually exists. If
the researcher concludes that there is no relationship at a certain level of significance (e.g., p<0.001), then
consider the following question:

Are the statistical procedures used by the researcher sufficiently powerful? If the power is greater than or
equal to 0.80, then the conclusion that there is no such relationship is valid.

Is it just because the sample size is insufficient that the null hypothesis cannot be rejected or accepted?

(4) Interaction and nonlinearity

Whether interaction and nonlinear effects are considered. In theory, for a model: y=f(x), If the function satisfies
the principle of multiplication and additivity, that is: floo;+Bx2)=af(x;)+pf(x,), where, o, B E R, Then the model
is a linear model, otherwise it is a nonlinear model (Zhang, 2007).

(5) The correlation and causality are not clear

For correlation, it is necessary to clarify the type of correlation (Pearson correlation, Boolean correlation,
nominal variable correlation, Spearman rank correlation, etc) (Pearson, 1895, 1904; Zhang, 2015a, b, 2016,
2017b, 2018). It is a direct correlation or indirect correlation (Zhang and Li, 2015; Zhang, 2016, 2018). For
the causality relationship, the direction of causality must be confirmed, for example, causal direction
inference based on Pearson correlation, Boolean correlation, and nominal variable correlation (Zhang, 2021a,
b, c; Fig. 9).

(6) Ecological fallacy
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It is assumed that the correlation at the individual level is the same as the correlation at the group level, or
vice versa. Robinson (1950) have shown that the correlation at the individual level will appear higher, lower,

or even in the opposite direction than the correlation at the group level.
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Fig. 9 A Matlab algorithm for making causal inference (Zhang, 2021b).

4.6 Using non-parametric statistics: Bootstrap methods, randomization tests
Bootstrap methods are a kind of non-parametric Monte Carlo methods, proposed by Efron of Stanford
University on the basis of summarizing the previous research results (Manly, 2007; Zhang and Schoenly,
1999a,b; Figs. 10, 11). The method makes full use of the given measurement information, does not require
other assumptions in the model and add new measurements, and is robust and efficient. First, Bootstrap can
avoid the problem of sample reduction caused by cross-validation through resampling. Second, Bootstrap can
also be used to create randomness in data (Figs. 10, 11). For example, in the well-known random forest
algorithm, the first step is to use the Bootstrap method to randomly select k£ new bootstraped sample sets from
the original training data set with replacement, and then construct k£ classification and regression trees.
Through Bootstrap resampling and statistical calculation, it is helpful to discoverthe hidden internal
mechanism, and makes the statistical inference more credible and more realistic.

Here I present several Bootstrap methods as follows:
(1) Bootstrap method for bootstrapping two paired samples in between-sample difference test
Suppose there are two paired samples of size s. The sample data are (x;, y;), i =1, 2,..., s. If min (x;, y;)<0, then
let x;= x; - min (x;, y;), yi= yi - min (x;, ;), i=1,2,...,s. Suppose m is the maximum decimal places among all
values in (x;, 3,), let (x;, i) = (x;, y;) 10", i=1,2,....s. Through these transformations all of the values in sample
data become integers which are equivalent to numbers of individuals. If no difference exists, then the

distribution of individuals in the two paried samples will be a result of allocating the mixed sample values at
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random into two paired samples of size equal to those of the original sample (Solow, 1993; Manly, 1997;
Zhang, 2007, 2011b, 2018). Assume that the two paired samples to be tested are x and y, which contain >
xr and Y yx individuals respectively. The > xp+Y = y& individuals of the combined sample are
randomly reallocated into two randomized paired samples with Y ;—; x; and > yxlabeled individuals. The

two randomized paired samples are thus two bootstrapped paired samples.
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Fig. 10 Collector’s curve for rice invertebrates gathered from 100 suction samples from the IRRI farm, 29 days after
transplanting, dry season 1996. Each point is the mean of 100 randomizations of sample pooling order; vertical bars are means +2
standard deviations (Zhang and Schoenly, 1999a). The Bootstrap method and randomization test were used in yielding collector’s
curve. Different from the single point (the last pont in the figure) from one sampling (100 samples), mechanism and trend of
homogeneity and completeness of samples can be easily found from the collector’s curve which was derived from Bootstrap
re-samplings (Matlab algorithm: bootSamples.m).
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Fig. 11 Rarefaction curves for rice invertebrates suction-sampled at four times of the day (0730, 1030, 1330, 1630 h) during the
vegetative stage, IRRI farm, dry season 1998 (Schoenly and Zhang, 1999) (Matlab algorithm: bootOneSamp.m).
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Matlab function, bootTwoSamp.m, of the method is as the following:

function [xnew,ynew]=bootTwoSamp(x,y)
%x and y: two samples; xnew and ynew: two bootstraped samples.
m=max(size(x));

if (max(size(y))~=m)
error('Sample sizes do not match.");
end

dums=0;
dum=min(min(x),min(y));

if (dum<0)

x=x-dum;

y=y-dum;

dums=dum;

end

ma=-1¢l0;

for j=1:2

for i=1:m

ins=1;

if j==1) dum=x(i);

else dum=y(i);

end

while (m~=0)

if ((abs(dum-floor(dum))<1) & (~(abs(dum-floor(dum))<=1e-10)))
ins=ins*10;

dum=dum*10;

if ((floor(dum+1e-10))~=(floor(dum))) break; end
else break; end

end

if (ins>ma)

ma=ins;

end

end

end

x=x.*ma.*1.0;

y=y.*ma.*1.0;

nrx=sum(Xx);
nrxy=sum(sum(x+y));
ar=floor(x+y);

col=sum(ar);

br(1)=ar(1);

for i=2:m

br(i)=br(i-1)+ar(i);

end

cols=randperm(nrxy);
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xnew(1:m)=0;

for j=1:m

if (ar(j)==0) continue; end
if j==1) temp=0;

else temp=br(j-1);

end

for i=1:nrx

if ((cols(i)>temp) & (cols(i)<=br(j)))
xnew(j)=xnew(j)+1;

end

end

end

ynew=ar-xnew;
Xnew=xnew/ma;
ynew=ynew/ma;

if (dums<0)
xnew=xnew-+dums;
ynew=ynew-+dums;

end

The Matlab algorithm will generate two bootstrapped paired samples (X,ew iy Viewi)s i =1, 2,..., 5, from two
original paired samples (x;, y;), i =1, 2,..., s.

(2) Bootstrap method for bootstrapping a sample containing m categories of totally s individuals
Matlab function, bootOneSamp.m, of the method is as the following:

function [xnew,w]=bootOneSamp(x,n)

%x: a sample with m categories (sample size=m) of totally s individuals.
%xnew: the bootstraped sample given n individuals (n<=s).
%w: the number of categories in the bootstraped sample xnew.
m=max(size(x));

s=sum(x);

if (n>s)

error('Too many Bootstrapped individuals!');

end

ys=randperm(s);

y()=x(1);

for i=2:m

y()=y(-D+x();

end

for j=1:m

xnew(j)=0;

end

for i=1:n

for j=1:m
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if j==1) tem=0;

else tem=y(j-1);

end

if ((ys(i)>tem) & (ys()<=y(j)))
xnew(j)=xnew(j)+1;

end

end

end

w=sum(xnew~=0);

The Matlab algorithm will generate a bootstrapped sample (X, 1), i =1, 2,..., m, totally w categories and
n individuals, from the original sample (x;), i =1, 2,..., m, totally s individuals (n<s) (Schoenly and Zhang,
1999).

(3) Bootstrap method for bootstrapping s samples containing m categories given n required samples
Matlab function, bootSamples.m, of the method is as the following:

function xnew=bootSamples(x,n)

%x: a matrix (s columns, m rows) with s samples of m categories (sample size=m).
%xnew: the bootstraped sample given n samples (n<=s).
s=size(x,2);

m=size(x,1);

if (n>s)

error('Too many Bootstrapped samples!');

end

ys=randperm(s);

for i=1:n

xnew(:,1)=x(:,ys(1));

end

end

The Matlab algorithm will generate n bootstrapped samples, x;,.,, from the original s samples, x, where n<s
(Zhang and Schoenly, 1999a; Zhang, 2011a).

Randomization test is a kind of nonparametric test method (Solow, 1993; Schoenly and Zhang, 1999;
Gentle, 2002; Manly, 2007; Zhang, 2011a, b c). The method is based on the given measurement data, through
randomization simulation Measure the data any number of times to compare and calculate the relative
difference between the measurement index and the simulation index. Randomization tests are mostly based
on Bootstrap re-sampling data. Again, this method makes full use of the given measurement information,
without model assumptions and adding new measurements , strong robustness and high efficiency (Zhang,
2011a, b c; Zhang et al., 2014). Although Bootstrap significance tests can be used, it should be noted that this
interpretation of significance is different from random sampling from the population, in this case repeated
sampling , that is, to extract samples from the existing data (Li, 2021b).

4.7 Using better experimental protocol and sampling protocol, and determining suitable sample size
(1) Experimental design
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The so-called experiment is a practical activity used to test a hypothesis about the nature (Krebs, 1989). The
design of an experiment refers to the logical structure of an experiment. Experiments can be divided into two
categories:

(1) Observational experiments. This type of experiment does not require treatments, directly measures the
experimental units, and should measure multiple samples.

(i1) Controlled experiments. In this type of experiment, the treatments should be set, and the treatment
should be set up with multiple replicates.

In a strict sense, almost all experiments have varying degrees of uncertainty or randomness. Moreover,
many experiments are controlled experiments. Controlled experiments should be repeated with replicates, and
statistical analysis of the results is necessary. Number of replicates refers to how many experimental units are
in each treatment. The purpose of setting up replicates is to avoid the effect of accidental events, to allow for
estimated experimental error, so that statistical significance can be tested and confidence intervals can be
calculated. Unfortunately, many controlled experiments, including most biological experiments have not
replicates, or even have just one experimental unit only, and naturally there is no statistical analysis of the
results. In these studies, only one experiment is carried out, neither under the same conditions, nor under
different space-time conditions. The experimental results give general conclusions that may be wrong in nature,
and cannot be replicated naturally (Ioannidis, 2005; Open Science Collaboration, 2015; Errington et al., 2021;
Natural Editorial, 2021; Zhang, 2022). Such experiments can be called "gamblers' experiments", in other
words, the results are true or false or right or wrong, all depends on luck.

The purpose of experimental design is to reduce errors and improve the accuracy of the results. There are
four ways to improve the accuracy: (1) the experimental unit should be homogeneous; (2) the replicates should
be enough; (3) try to use information provided by correlated variables, e.g., analysis of covariance; (4) use of a
more efficient experimental design, e.g., a balanced design with the same number of replicates per treatment.
The effect of an experiment depends on a good experimental design. Therefore, how to design an experiment
that meets the statistical requirements so that the obtained results are statistically reasonable, analyzable and
interpretable, is the primary problem to be solved in most experimental studies (Krebs, 1989; Zhang, 2007).

Most statistical tests assume that the measurements are independent of each other, which can be achieved
through randomization, i.e., random sampling, or by randomly assigning treatments to experimental units.
Through the randomization process, bias can be reduced and the accuracy of treatment estimates can be
improved (Krebs et al., 1989; Zhang, 2007).

How to scatter treatments in space and time is an important issue. Different experimental design types
have different methods of scattering (Krebs, 1989). Randomization and scattering are often contradictory, and
by increasing the number of replicates, it is helpful to solve this problem. In experiments that are not well
scattered, the replicates are not independent and thus do not meet the primary assumption of statistical
inference. In this case, the repicates are called quasi-replicates. Underwood (1981) and Hurlbert (1984) point
ourt that abour 48% and 78% of ecological papers, respectively, are such cases, which violates the principles
of experimental design.

Common types of experimental designs, including completely randomized designs, randomized block
designs, nested designs, split-plot designs, etc.

(2) Sampling design

How to determine the appropriate sampling method so that the sample is representative of the population
studied is one of the important issues in observational experiments. For a detailed discussion of sampling
design, see Ardilly (2005), Cochran (1977), Krebs (1989), Tille (2006), et al. Before conducting random
sampling, three points need to be clarified:
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(i) Defining the sampling population to be studied. The statistical population and the sampling population
can be the same or different. In some cases, it is sometimes difficult to define because of the scale and
boundaries of the space involved, or because the sampling population changes over time.

One way to define a sampling population is to strictly define the sampling population on a local scale and
derive its statistical inferences (Krebs, 1989). The statistical population is often much larger than the sampling
population, so the statistical inference must be extrapolated, A general conclusion is reached. Of course, the
most reliable method is still to sample at the statistical population scale.

(i1) Determining the sampling unit. A sampling unit refers to the unseparable unit of sampling, which can
be simple, such as an individual; or complex, such as a quadrat, etc. All sampling units must cover the entire
sampling population and must not overlap.

(ii1) Using a sampling protocol to draw samples. The purpose of making a sampling protocol is to provide
the best statistical estimate with the smallest cost and the smallest confidence interval. To draw a sample,
follow the principle of probability sampling, that is (Krebs, 1989; Zhang, 2007): (i) Define a group of
significant samples S;, i = 1, 2, ..., and each sample contains some sampling units; (i) assign a selection
probability to each sample, and (iii) with the help of a random number table, select a sample from the sample
set S;, i =1, 2, ..., with given probability. According to the probability sampling principle above, a suitable
sampling theory can be found to explain the data taken for analysis.

Common sampling protocols, including simple random sampling, stratified random sampling, multi-stage
sampling, etc.

In addition, we should also test the homogeneity of samples obtained (Coleman et al., 1982; Zhang and
Schoenly, 1999a; Zhang, 2011a).

In particular, it should be pointed out that it is easy to find examples with similar values but actually from
different sampling populations, and only relying on statistical data analysis itself cannot distinguish the real
sampling populations. For observational experiments, when there is only a single sample data, statistical
inference is completely unreliable (Crawly, 2012; Xie, 2022d).

In scientific discovery research, the most important thing is to make multiple experiments or draw multiple
samples under different conditions in terms of the same question/hypothesis. Only by synthesizing the results
of multiple samples can the scientific truth be revealed, which is also the essence of statistical inference
analysis based on sampling distribution. In the case of single sample data, statistical analysis should only do
descriptive statistical analysis. The conclusion that a scientific discovery can be made at the level of statistical
significance with one sample or no-replicate experiment has been the biggest mistake made by statistics
education in the past few decades (Xie, 2022d). Unfortunately, in many studies, including biological research,
only single sample or only one sampling unit is always used; using results from single sample or one sampling
unit alone to draw generalized conclusions may be substantially wrong, and the results naturally cannot be
reproduced (Ioannidis, 2005; Open Science Collaboration, 2015; Errington et al., 2021; Natural Editorial ,
2021; Zhang, 2022).

(3) Determination of sample size

In sampling, after the sampling protocol used is determined, for a sample, it is necessary to determine the
sample size to be used (Zhang, 2011a). A suitable sample size is that has minimum sampling cost and
maximum data information. For sample size issues, see Ardilly (2005), Cochran (1977), Krebs (1989), Mace
(1964), Tille (2006), etc.

In addition, we should also examine sampling completeness (Coleman et al., 1982; Zhang and Schoenly,
1999a; Zhang, 201 1a).

Many sample size formulations assume that the random variable follows a normal distribution. When the
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random variable is not normally distributed, according to the central limit theorem of statistics, when the
sample size increases, it tends to be normally distributed, and these formulations are still available. Regarding
sample size (n), we can use the following criterion (Cochran, 1977)

1>25 [ (x ) /(ns®)] 2

If this formula is met, the sample size is considered to be large enough. Or, the sample size is determined
according to the extensive experience of their respective majors.

4.8 Whole-process control of statistical analysis

In all research, a research consciousness needs to be formed, i.e., the results cannot be considered reliable and
valid after passing statistical analysis only. In addition to considering the quality of the data itself
(experimental design, sampling design, etc.) in statistical analysis, it is also necessary to consider (Cook and
Campell, 1979; Li, 2021b):

(1) Whether the choice of statistical analysis method is correct. For example, choose multiple regression or
stepwise regression, choose factor analysis or principal component analysis; when multivariate analysis of
variance is required, do multiple one-way analysis of variance; Posterior comparison should followed by
prior comparison; if a one-tailed test is required, a two-tailed test should be required.

(2) Whether the preconditions of statistical analysis methods are met, such as normality test, independence
test, variance homogeneity test, multivariate collinearity test, regression homogeneity test, etc. To give a few
examples:

(1) In most parametric statistical methods, the variables are required to obey the normal distribution, so it
is necessary to test the normal distribution of the variables.

(i1) In the analysis of variance, if each treatment (level) is required to obey the normal distribution and the
overall variance is the same, it is necessary to test the homogeneity of variances for the variables.

(ii1) In factorial analysis and principal component analysis, if there is sufficient correlation between
variables, KMO test and Bartlett test of sphericity need to be performed on the correlation of variables.

(iv) In linear model (regression) analysis, it is required that the variables obey a normal distribution, the
variances of the variables are the same, the variables are independent of each other, there is no collinearity
between the variables, and the residuals are independent, etc. It is necessary to test the normality,
independence test, variance homogeneity test, collinearity diagnostics, residual independence Durbin-Watson
test, singular value diagnosis, etc.

(3) Reasonable interpretation of statistical results. The interpretation of statistical results should be cautious,
and the interpretation of results should match the characteristics of data representativeness and statistical
methods.

4.9 Replacing reductionist methods of data acquisition and analysis with network methods

In some important scientific fields, the data representation is poor, because the population or system is large
and complex, nonlinear, or changes in space and time, while the sampling population is defined based on
reductionism (Zhang, 2017, 2019¢; Wu, 2022), which is presented as partial, fragmented , linear, static, and
lack of representativeness. Therefore, in addition to the aforementioned methods, in these important scientific
fields, the network methods (ISNB, 2011-2012; Zhang, 2017a, 2018, 2019a, b) can be used to design
experiments and analyze data, thus more comprehensive and systematic data can be obtained, and more
accurate conclusions can be obtained.

4.10 Scientific inference = statistical conclusion + mechanism analysis

In any scientific research, the mechanism analysis of the research object is extremely important, at least it
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ranks as important as data measurement and phenomenon measurement. Only mechanism analysis and data
analysis (phenomenon observation is also a kind of data) should verify each other, and the research
conclusions can thus be regarded as more rigorous scientific inferences. Pure statistical analysis from data to
data can usually only be regarded as speculation, and should not be treated as deterministic inferences.
Therefore, statistical significance and methods such as confidence intervals need to be used with caution.
This 'confidence' itself is questionable and not completely reliable (Grenville, 2019).

5 Discussion
Hurlbert et al. pointed out that many controversies in statistics are mainly or entirely caused by poor journal
quality control, poor quality statistics textbooks, poor teaching quality, unclear writing, and lack of
understanding of historical literature (Hurlbert et al., 2019). They recommend that the term 'statistical
significance' and all its cognates and symbolic adjectives should not be used in the scientific literature.
Statistical reforms to address issues of statistical significance involve the development or revision of journal
policies, the writing or revision of statistics textbooks, as well as writing or revising statistical analysis
software (SPSS, SAS, Matlab, etc.) (Huang, 2021a, b), are already underway, albeit not in full swing and
slowly. For example, as early as 2013, Cumming published a textbook on new statistics (Cumming, 2013).

According to Kuhn's paradigm shift theory, a new paradigm accepted by the academic community must
appear to replace the old paradigm in order to achieve a paradigm shift. Will the big debate over statistical
significance tests and p<0.05 lead to a 'paradigm shift'? it is regrettable that so far there has not been a
universally accepted new paradigm that can replace the statistical significance tests paradigm. The academic
community is still far from reaching a consensus on the paradigm shift. Reformers suggest effect size as a
new paradigm to replace the significance tests paradigm. Reservationists strongly oppose to abandoning the
significance tests paradigm (Benjamini et al., 2021; Kafdar, 2021). There is a heated debate between
reformers and reservationists (Benjamini et al. al., 2021; Gelman, 2021; Kafdar, 2021; Higgs, 2021; Huang,
2021a, b). Therefore, for a long time in the future, the statistical significance tests paradigm will still exist as
the mainstream. The p-value debate will continue (Grenville, 2019).

I believes that we need to change the paradigm of scientific research, abandon the paradigm of "one trial
— publishing", and adopt the paradigm of "multiple repeated trials/multiple sample testing + multi-party
validation — publishing”, in order to greatly improve the authenticity and reproducibility of results. Before
popularization, what we can do is to improve the quality of data in various aspects according to the
aforementioned requirements, strictly the p-value level, adopt more reasonable analysis methods or test
standards, and cross-validate multiple evidences such as statistical analysis combined with mechanism
analysis, etc. etc. In addition to writing, publishing and adopting new statistical works and teaching textbooks,
it is imperative to revise and distribute various statistical software in new versions based on new statistics for
use by scientists. In addition, professional and applied statisticians should be encouraged to popularize new
statistics (Shao, 2018; Huang, 2021a, b, 2022; Li, 2021a,b, 2022; Xie, 2022a-¢).
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