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Abstract 

A scientific journal that publishes data-based research papers can use a threshold p-value as a “gateway” to 

publication for submitted papers. The gateway helps the journal to maximize the scientific and social bene-

fits of the research papers it publishes. This is done by using the specific threshold p-value that roughly 

minimizes the long-run sum of the costs of the false-positive and false-negative errors that the journal 

makes in selecting papers to consider for publication. Part 1 of this paper explains the main ideas behind 

the gateway. Part 2 gives a constructive graphical and mathematical proof showing that the optimal thresh-

old p-value for a scientific journal exists. 
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1. Introduction 

The p-value is often discussed in a broad range of uses. 

However, this paper discusses using the p-value in a very 

specific but important application—in its role in a gateway 

to publication for an empirical-research paper in a scientific 

journal. We consider how a journal editor can use a “thresh-

old” p-value gateway to help the journal to maximize the 

scientific and social benefits the journal provides.  

This paper is written for two audiences:  

• the group of journal editors, scientific researchers, science 

students, and others who are interested in a view of the 

publication of empirical-research papers in scientific jour-

nals 

• the group of statisticians, data scientists, students, and 

others who are interested in the view and in the technical 

ideas behind the view.  

The body of the paper should be understandable to diligent 

editors, researchers, and students. The technical ideas are 

mentioned at various points in the paper, but their details are 

restricted to the appendices and to part 2. 

The ideas of statistical inference in this paper have an in-

teresting history, as summarized by Kennedy-Shaffer 

(2019). However, we focus on one modern view. We begin 

with some basic ideas that many readers will already know, 

though possibly know differently from how the ideas appear 

here. These basic ideas are the logical foundation for the 

later discussion. 

2. Relationships Between Variables 

We focus on scientific research studies that collect and ana-

lyze data, which we refer to as “empirical-research” studies. 

A large proportion of scientific research studies are empiri-

cal-research studies. 

As many statisticians and data scientists will agree, it is 

generally useful and easy to view many empirical-research 

studies through a single unifying point of view. That is, we 

view a research study as studying one or more relationships 

between variables in a population of entities. For example, 

medical researchers often study the relationship between the 

dose of a drug given to medical patients and the subsequent 

severity of a disease in the patients in a population of pa-

tients. 

Science and society are interested in relationships be-

tween variables because if a researcher uses careful empiri-

cal research to find a new relationship between variables in a 

population of entities, and if the variables were sensibly cho-

sen, then this information is often highly useful. This is be-

cause we can use the relationship to reliably predict or 

sometimes control the values of one of the variables in new 

entities from the population. We can do this by measuring or 

controlling the values of the other variable or variables in 

the entities and then using our knowledge of the relationship 

to accomplish the prediction or control. 

3. Does a Relationship Exist? 

A key initial question in the scientific study of any relation-

ship between variables is whether the relationship actually 

exists in the population or whether the relationship is merely 

a figment of the researcher’s imagination. This question is 

important because it sometimes turns out in modern science 

that a postulated relationship between variables doesn’t exist 

(or at least it doesn’t detectably exist) in the population. This 

happens because, though a researcher may have a brilliant 

idea about a new relationship between variables, sometimes 

the idea is, unfortunately, wrong. And the postulated rela-

tionship between the variables doesn’t exist in the popula-

tion. For example, medical researchers sometimes find that 

there is no good evidence of a relationship in medical pa-

tients between the dose of what the researchers thought was 

a promising drug and the severity of a disease. 

Of course, researchers determine whether there is good 

evidence that a relationship exists between variables by ana-

lyzing appropriate research data about the entities in the 

Part 2 of this paper begins 

on page 16 below. 
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population. That is, researchers draw a sample of entities 

from the population and then they measure the value of each 

of the variables of interest in each entity in the sample. In 

“experimental” research studies, the researchers also manip-

ulate the values of some of the variables in the entities in the 

sample.  

The researchers collect all the measured values of the 

measured variables in a data table and then they analyze the 

data. Then they make careful inferences from the analysis of 

the sample data about the existence and about the apparent 

form of the studied relationship between the variables in the 

entities in the underlying population. That is, they make 

careful generalizations from the sample to the population.  

The following sections explain how journals and re-

searchers perform the first step of these generalizations from 

a data table—how they decide whether the studied relation-

ship between variables (likely) exists in the population. This 

step comes first because there is no practical point in consid-

ering other aspects of a relationship between variables unless 

we are confident that the relationship between the variables 

likely exists. That is, if we don’t have good evidence that a 

relationship exists, then we may be studying not a relation-

ship, but studying mere noise in the data, perhaps mistakenly 

thinking that the noise reflects a relationship. 

If we find good evidence that a potentially useful rela-

tionship between variables exists, then we will invariably be 

interested in various aspects of the relationship. In particular, 

we might wish to: 

• draw graphs illustrating the relationship  

• compute an estimate of the “effect size” or “strength” of 

the relationship and an estimate of the precision of the es-

timated effect size 

• develop a “model equation” that is a mathematical model 

of the relationship 

• estimate the numerical values of the “parameters” of the 

model equation 

• estimate the precision of the predictions or control made 

by the model equation for new entities from the popula-

tion.  

The ideas in the above list are important because, if properly 

derived, they help us to understand the relationship and help 

us to make predictions or exercise control based on the rela-

tionship. However, apart from brief references, the ideas in 

the list are beyond the scope of this paper, which is limited 

to the vital and difficult initial question of empirical research 

of whether a relationship between certain variables in a pop-

ulation likely exists. 

Appendix D discusses how, formally, a research study 

must use “random sampling” of entities from the population 

to make proper generalizations from the sample to the popu-

lation. The appendix also explains how researchers often 

sensibly bypass this requirement to reduce research costs at 

the expense of an acceptable loss in precision in the subse-

quent prediction or control. 

4. Positive Results, Negative Results, and the p-
Value 

A positive result occurs in an empirical-research study if a 

proper analysis of the data finds “good evidence” that the 

studied relationship between variables exists in the popula-

tion. For example, a medical research study may find that 

there is good evidence of a relationship between a drug and a 

disease in a population of medical patients.  

In contrast, a negative result occurs if a proper analysis 

of the data doesn’t find good evidence that the relationship 

exists. 

So, how can we tell whether we have good evidence in a 

research study that a relationship exists between certain var-

iables? In other words, how can we perform a proper analy-

sis of the data in a data table to determine whether we have a 

positive result? 

A standard way to address this question is to apply a 

measure of the weight of the evidence to the data table. Stat-

isticians have invented more than ten different measures of 

the weight of evidence that a relationship exists between 

variables, such as the p-value, confidence interval, likeli-

hood ratio, Bayes factor, and others. These measures use 

different measurement scales and different underlying theo-

ry, but they are all monotonically related to each other—i.e., 

they all go up and down in step, though in some cases in 

reverse step. So, the measures all operate quite similarly.  

(The measures are monotonically related because they 

are all monotonically dependent on the estimated effect size 

when other variables are held constant, and because mono-

tonicity is transitive.) 

For simplicity, this paper focuses on the p-value because 

it is intuitively sensible and because it is the most popular of 

the measures. But the ideas in the paper apply equally to all 

the other standard measures of the weight of evidence of the 

existence of a relationship between variables. Any of those 

measures could (sometimes with minor caveats) sensibly 

replace the p-value in the following discussion.  

In the case of the p-value, and assuming that the p-value 

is properly computed from an appropriate data table, then 

the lower the p-value computed from the data, the greater 

the weight of evidence in the data that the associated rela-

tionship between the variables exists in the population in a 

reasonable mathematical sense.  

Here is a formal definition of the p-value, which is in-

cluded for completeness, but which you needn’t understand:  

The p-value computed from a data table is the 

fraction of the time (i.e., the probability) that 

we will obtain a result as “extreme” (in terms 

of implying the existence of a relationship) or 

more “extreme” as the result reflected in the 

table if there is or were no relationship be-

tween the studied variables (and if certain of-

ten-adequately-satisfied assumptions are ade-

quately satisfied).  
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Because the p-value represents a fraction of the time, the 

value of a computed p-value always lies between 0 and 1.  

For people who aren’t statisticians, data scientists, or 

mathematicians, the definition of the p-value is very hard to 

understand. This is because it uses the complicated concept 

of conditional probability, as indicated by the two “if” claus-

es at the end of the definition. Therefore, many people mis-

understand the precise technical meaning of the p-value.  

Fortunately, researchers (including statisticians and data 

scientists) should not try to understand the role of the p-

value in empirical research in terms of conditional probabil-

ity. This is because that task is an unnecessary and compli-

cated distraction. Instead, we need only understand the role 

of the p-value in terms of its function as a measure of the 

weight of the evidence for the existence of a relationship 

between variables (or for the existence of some other re-

search effect). If everything is done properly, the lower the 

value of the p-value, the greater the weight of the evidence 

that the studied relationship or effect exists in the popula-

tion. This point of view (with no notion of conditional prob-

ability) is sensible, is arguably fully adequate for empirical-

research work, and is much easier to understand than the 

technical definition of the p-value in terms of complicated 

(though also very sensible) conditional probability. 

The idea in the preceding paragraph that “everything is 

done properly” is fundamental in science. There must be no 

reasonable alternative explanation for a low p-value before 

we can trust it, where the concept of “reasonable” is at the 

discretion of the relevant research community. Any alterna-

tive explanation is potentially acceptable to the community 

as long as it is “reasonable”. The idea of “no reasonable al-

ternative explanation” includes the important technical idea 

that the assumptions underlying the computation of the p-

value must be adequately satisfied.  

The idea of “no reasonable alternative explanation” re-

flects, from a different point of view, Popper’s idea of “se-

verity of tests” (1980, sec. 82) and Mayo’s idea of “severe 

testing” or “severe scrutiny” of an empirical-research result 

(2018). Of course, good empirical research is carefully de-

signed to attempt to eliminate the possibility of reasonable 

alternative explanations arising of the results. 

Although the mathematical theory behind the p-value is 

somewhat complicated, it is easy to compute required p-

values with modern data-analysis software. That is, if we 

give modern software a data table and a few simple instruc-

tions, the software will automatically compute the required 

p-values for the table and display them in the output, togeth-

er with other important information about the data, including 

information to help us check that the underlying assumptions 

are adequately satisfied. (Commercial data-analysis software 

is generally easier to use than free software due to superior 

documentation, superior output design, and superior testing.) 

The definition of the p-value implies that p-values are 

meaningfully comparable from one research study to the 

next. We will see in the next section how we can use the p-

value to distinguish between positive and negative results. 

We will also see how the distinction between positive and 

negative results is fundamental in empirical-research-journal 

publishing. 

5. The Perspective of a Scientific Journal 

Scientific journals are the main channel for disseminating 

new scientific information. The publication of a research 

paper in a reputable scientific journal implies that the paper 

has passed through peer review, which implies that the paper 

was vetted, was usually improved as part of the vetting, and 

was judged to be worth publishing by the editors and refer-

ees. Researchers are eager to have their papers published in 

scientific journals because that makes a social contribution 

and may also bring the researcher recognition and reward. 

Many papers that are published in scientific journals re-

port about the analysis of the data from an empirical-

research study. These analyses can usually be sensibly inter-

preted as studying one or more relationships between varia-

bles observed in the data. We focus on the process of pub-

lishing papers in scientific journals about relationships be-

tween variables observed in empirical research. 

5.1 Journals Wish to Publish Positive Results  

A key feature of publishing papers about relationships be-

tween variables is that a scientific journal wishes to publish 

papers that report interesting positive results about new rela-

tionships. This is because, if the variables were carefully 

chosen, interesting correct positive results about new rela-

tionships are invariably useful. That is, the new knowledge 

of the relationship will give us the ability to better predict, 

control, or understand the variables in the entities in the 

studied population. For example, if medical researchers can 

find a beneficial new causal relationship between the amount 

of a drug given to medical patients and the amount of a cer-

tain disease in the patients, then this may enable doctors and 

patients to better control the disease. 

In contrast, scientific journals generally don’t want to 

publish papers that are reporting negative results. This is 

because these results usually tell us nothing new, so they are 

generally uninformative and uninteresting. In particular, you 

can’t sensibly do prediction or control from a negative re-

sult. For example, if there is no good evidence of a relation-

ship between a drug and a disease, then doctors and patients 

can’t do much with that. 

5.2 Using a Threshold p-value to Distinguish Between Pos-

itive and Negative Results  

So, a journal needs an efficient way to distinguish between a 

positive result and a negative result. Some journals make 

this distinction by saying to the researcher, “The p-value for 

the main result (i.e., the main reported relationship between 

variables) in your research paper must be less than or equal 

to our threshold p-value of 0.05 before we will view your 

result as a positive result and will therefore consider your 
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paper for publication.” This enables the journal to automati-

cally decide quickly and fairly whether a paper has enough 

weight of evidence to make the paper worth considering for 

publication in the journal. 

Some journals use 0.01 as the threshold p-value instead 

of 0.05, and other values may also be used, at the journal’s 

discretion. We discuss how a journal chooses its threshold 

value later below. 

Journals that publish empirical-research papers have 

used statistical thresholds as a gateway to publication since 

at least the 1950s, as illustrated by the leading journal in 

experimental psychology at that time, the Journal of Exper-

imental Psychology (Melton 1962) and as illustrated by a 

leading social science journal today, Nature Human Behav-

iour (“Points of Significance” 2023).  

Metaphorically, a journal using a statistical threshold 

says to the researcher, “You must be at least 4 feet tall to be 

allowed on this ride.” Of course, this rule isn’t used to be 

arbitrary or mean—it is used to ensure the safety of the ride. 

In the case of the threshold p-value, the journal wishes to 

ensure that there is enough weight of evidence for a relation-

ship between variables. This is because the journal wishes to 

avoid mistakenly publishing a report about a claimed new 

relationship between variables when the relationship actually 

doesn’t detectably exist in the population and the paper is 

reporting about mere noise in the data. 

Some journals use an implicit threshold p-value. In this 

case, the threshold value isn’t stated explicitly in the jour-

nal’s instructions to authors, but the specific threshold value 

(e.g., 0.05) is well known to researchers in the journal’s field 

through word of mouth and through observation of the p-

values for the main results in the papers published in the 

journal. However, in the body of this paper, for ease of un-

derstanding, we ignore the distinction between explicit and 

implicit thresholds and we assume that all journals using 

threshold values use an explicit threshold value, which is 

arguably the preferred approach for scientific transparency. 

Appendix C discusses why some journals use an implicit 

threshold p-value. 

If the p-value for a research result is less than or equal to 

a journal’s threshold p-value, then it is customary to say that 

the result is “statistically significant.” This label is a useful 

shorthand to indicate whether a result has satisfied the jour-

nal’s weight-of-evidence criterion. 

The concept of statistical significance is often misunder-

stood because it is often used with different meanings. In the 

view of this paper, the concept of statistical significance only 

means that the associated research result has satisfied a jour-

nal’s weight-of-evidence criterion for acceptance for consid-

eration for publication. In particular, if a result is or isn’t 

statistically significant, this doesn’t mean that the result is a 

“true” or a “false” result, as we will see below in section 7. 

Due to the frequent misunderstanding of the concept of 

statistical significance, it has been suggested that science 

should abandon the concept (Wasserstein, Schirm, and Lazar 

2019). That would be possible, but then it would take more 

words to indicate whether a research result has satisfied a 

journal’s weight-of-evidence criterion. So, arguably, the 

concept is a useful shorthand. 

It is important to remember that the threshold p-value de-

fines a barely sufficient condition for good evidence that the 

reported relationship between variables exists in the popula-

tion. Researchers and editors almost always hope that the 

main p-value obtained in a research study will be well below 

the journal’s threshold p-value because (assuming that eve-

rything is done properly) the lower the p-value, the greater 

the weight of evidence that the studied effect is real. 

5.3 Hypothesis Testing 

Statisticians, data scientists, editors, and researchers some-

times refer to the procedure of checking whether a p-value is 

less than (or equal to) a threshold p-value as a “statistical 

test” of the research hypothesis (or of the opposing null hy-

pothesis). The research hypothesis says that a relationship 

exists between the variables. In contrast, the null hypothesis 

says that there is no relationship between the variables. If 

the p-value is less than or equal to the threshold p-value, 

then the research hypothesis has, so to speak, passed the 

statistical test.  

The null hypothesis for a relationship between variables 

has a special status. This is because, due to measurement 

limitations, we can never prove that a given null hypothesis 

is true. That is, we can never prove that a given relationship 

between variables doesn’t exist. (It might exist but be too 

weak for our measuring instruments to detect.) However, the 

scientific principle of parsimony (Baker 2022) tells us to 

keep things as simple as possible and therefore to assume 

that any null hypothesis is true until (if ever) someone pro-

vides good evidence to the contrary. This implies that we 

never need to perform analyses or do research to try to show 

that a null hypothesis is true. Instead, we (efficiently) as-

sume that each null hypothesis is true until someone shows 

otherwise. 

On the other hand, we do need to do research and per-

form analyses if we wish to show that a given null hypothe-

sis is false, which is usually what we wish to show. In this 

case, following the principle of parsimony, we begin with 

the assumption that the relevant null hypothesis is true. 

However, this assumption is usually only a formal assump-

tion because we usually don’t believe it. And we usually 

believe the opposite, or we wouldn’t be doing the research. 

That is, we hope that our research will provide enough good 

evidence to allow us to “reject” the assumed null hypothesis 

and to allow us to conclude that our research hypothesis is 

true. “Enough good evidence” consists of a relevant p-value 

that is less than (or equal to) a journal’s threshold p-value 

and the absence of a reasonable alternative explanation for 

the low p-value. 

Reflecting an earlier point in different words, it is im-

portant to understand that if a research hypothesis passes an 
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appropriate statistical test, this doesn’t mean that the re-

search hypothesis is necessarily true—it simply means that 

the weight of evidence is enough to make the finding a posi-

tive result and to make the associated paper worth consider-

ing for publication. 

The procedure of checking whether a p-value is less than 

(or equal to) a threshold value is sometimes called “null-

hypothesis significance testing”, with the acronym NHST. 

However, that name is less appropriate because researchers 

generally aren’t interested in the null hypothesis associated 

with their research. Thus, for the sake of understanding, the 

name of the procedure should reflect a more central idea. 

The present paper refers to the concepts under consideration 

as the “threshold-value gateway to publication” (of an em-

pirical-research paper in a scientific journal). 

5.4 Necessary and Sufficient Conditions for Publication 

Satisfying the threshold-p-value condition is a necessary 

condition for a paper to be published in some scientific jour-

nals, but it is certainly not a sufficient condition. That is, a 

reputable journal will have two other necessary conditions 

that a paper must also satisfy before the journal will publish 

the paper. First, the paper must be of enough interest to the 

journal’s readers, as judged by the journal’s editors and ref-

erees. Second, and importantly, both the research and the 

reporting of the research in the paper must exhibit enough 

quality according to the journal’s standards, as also judged 

by the editors and referees. The quality condition is highly 

multifaceted. The interest condition, the quality condition, 

and the threshold-p-value condition must all be satisfied 

before some scientific journals will publish a submitted re-

search paper.  

A journal usually evaluates the interest condition and the 

threshold-p-value condition of a newly submitted paper be-

fore evaluating the quality condition. This is because an ex-

perienced editor can usually evaluate the interest condition 

and the threshold-p-value condition for a new paper in less 

than half an hour. But it often takes more than 10 hours 

(perhaps many more) for a journal’s editors and referees to 

evaluate (and often stimulate the author to improve) a pa-

per’s quality. So, if a paper fails to satisfy either the neces-

sary interest condition or fails to satisfy the necessary 

threshold-p-value condition, then the editor can reject the 

paper without the need to submit the paper for quality re-

view, which saves editors’ and referees’ time. 

Of course, most researchers understand how reputable 

empirical-research journals usually have a threshold-p-value 

gateway to publication. So, most researchers know there is 

generally no point in submitting a paper to such a journal if 

the p-value for the main result is greater than the journal’s 

threshold p-value.  

5.5 Should Negative Results Be Published? 

Negative results (i.e., results in which the relevant p-value is 

greater than 0.05) occur surprisingly often in empirical re-

search though we generally don’t hear about these occur-

rences because, as noted, they are generally uninteresting. 

Negative results occur often because nature’s secrets are 

hard to unlock, so researchers’ hypotheses about the exist-

ence of relationships between variables are often wrong. 

Negative results may also occur for other reasons, as dis-

cussed below in section 7.2. So, it is quite normal that nega-

tive results occur in empirical research. 

Unfortunately, we can’t objectively know how often neg-

ative results occur in a given field of science. This is because 

science generally doesn’t track negative results in a field 

because doing so is judged to be too difficult and too costly 

to justify the perceived small payoff. 

Some researchers and statisticians think that journals 

should regularly publish reports of negative results. This is 

because they think that reports of negative results tell us 

about relationships between variables that don’t exist, which 

would be useful to know. That is, they think that a negative 

result tells us that the null hypothesis is true. But a negative 

result can’t tell us that a relationship doesn’t exist—it can 

only tell us that a relationship wasn’t found in the particular 

set of research conditions that were used in the research.  

So, in most cases of negative results, perhaps if the re-

searcher had only used slightly different research conditions 

or an improved research design, then the research might 

have properly found the sought-after relationship. For exam-

ple, perhaps the relationship will only appear if the room 

temperature is above 25°C, but nobody knew that and (un-

fortunately) the research was performed at 20°C. So, nega-

tive results are almost never definitive—they can almost 

never tell us that a studied relationship between variables 

doesn’t exist. So, negative results usually don’t provide 

much useful information. (They do tell us that, from the pre-

sent result, there is no good evidence that a relationship does 

exist, but that generally isn’t useful in a practical sense.) 

Furthermore, even if negative results could tell us that a 

relationship in variables doesn’t exist, we still wouldn’t need 

to do empirical research to demonstrate this fact. This is 

because we (efficiently) assume that any relationship be-

tween variables doesn’t exist until someone provides good 

evidence to the contrary, as dictated by the principle of par-

simony. 

Also, the economics of scientific-journal publishing limit 

the number of papers that can be published to only the most 

interesting ones. There are usually more than enough inter-

esting positive results submitted to a journal, so negative 

results are usually immediately eliminated from considera-

tion for publication. 

Some researchers think that if journals don’t publish 

negative results obtained in failed replications, then these 

results won’t be available to debunk false-positive results 

that are sometimes published. However, the sociology of 

science generally takes proper care of this issue—news 

about unpublished failed replications gets around informally 

in a scientific field through meetings, newsletters, social 
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media, and personal communications. This is because scien-

tists care greatly about what is true in their field. So, an in-

teresting published false-positive result in a field is usually 

quickly called into question when other researchers can’t 

replicate the result. 

Some authors describe the journal policy to omit publish-

ing negative results as “publication bias”—a term that sug-

gests that the omission of publication of negative results is 

somehow irrational or unfair. However, arguably, the gen-

eral omission of publication of negative results is sensible 

because such results generally aren’t useful. 

It is noteworthy for completeness that occasionally a 

negative result is sensational, surprising, or useful (e.g., for 

policymakers studying the effectiveness of a new policy). In 

this case, it may be sensible to publish the result in a peer-

reviewed scientific journal. However, most negative results 

aren’t sensational, surprising, or useful, and are instead bor-

ing because they don’t tell us about a new relationship, so 

they aren’t published. 

5.6 The Importance of a Relationship Depends Partly on 

the Effect Size 

To understand a journal’s perspective, we can observe that 

some people think that a low p-value implies that the associ-

ated relationship between variables is important. That idea is 

incorrect because the p-value doesn’t measure the im-

portance of a relationship. A p-value only measures (in the 

absence of a reasonable alternative explanation) the weight 

of evidence that the studied relationship between the varia-

bles exists.  

Although the p-value doesn’t measure importance, a 

journal’s editors and referees must still consider the im-

portance of a reported relationship between variables be-

cause that helps them to decide whether the paper will be of 

interest to the journal’s readers. Editors and referees judge 

the importance of a reported relationship between variables 

in terms of its perceived scientific and social usefulness. Of 

course, this involves considering the estimated effect size or 

strength of the relationship between the variables because if 

the effect size is small, then the relationship may not be of 

much use. 

Because editors, referees, and journal readers will invari-

ably wish to know the estimated effect size of a relationship, 

experienced researchers report a measure of the estimated 

effect size and an estimate of measure’s precision in the re-

port of the research results. This information is often best 

reported in a graph summarizing the relationship. As many 

modern research papers illustrate, a carefully chosen proper-

ly labeled graph summarizing the data is a vivid key to un-

derstanding a relationship between variables. 

Note that the estimated effect size of a relationship dis-

covered in empirical research is never the final word about 

the effect size because further research may find ways to 

increase the effect size by taking account of or manipulating 

other relevant variables. 

5.7 Some General Points  

The preceding six subsections discuss the role of scientific 

journals in publishing papers reporting relationships between 

variables observed in empirical research. However, to put 

these papers in a broader context, it is noteworthy that there 

are other important types of papers published in scientific 

journals that don’t directly report or emphasize empirical 

studies of relationships between variables. For example, 

some papers in journals discuss new scientific theories (with 

no report of associated empirical research). Also, some pa-

pers describe newly studied entities (e.g., a newly studied 

protein, fossil, or celestial object) with no report of direct 

study of relationships between variables in the entities in 

their populations. Also, some papers in scientific journals 

discuss scientific methods, scientific measurement, scientific 

policy, scientific ethics, scientific training, etc., again often 

without directly reporting the study of relationships between 

variables. So, the papers that report about the study of rela-

tionships between variables are only an important (large) 

subset of the types of papers that are published in scientific 

journals. 

Summarizing this section, a scientific journal can use a 

threshold p-value to determine whether a relationship be-

tween variables reported in a submitted paper has enough 

associated weight of evidence to make the result a positive 

result. A journal will accept a paper for consideration for 

publication if the main result in the paper is a positive result 

and if the topic of the paper is of enough interest to the jour-

nal’s readers. The journal will publish the paper if it success-

fully passes through a review of its quality. 

The following sections discuss how the threshold-value 

gateway is efficient. Appendix F discusses how journals 

handle the situation when a paper has no main result and is 

reporting multiple p-values, such as 5 p-values or 500,000 p-

values.  

6. The Perspective of a Scientific Reader 

For a reader who is evaluating an interesting-looking pub-

lished research result, it is sensible to follow the steps used 

by a journal to evaluate the result. That is, it is sensible to 

first consider the p-value for the result. If the p-value is be-

low a sensible threshold value—i.e., if the associated result 

is statistically significant, i.e., if the result is a positive re-

sult—then this implies that there is good weight of evidence 

of the existence of the studied relationship. Therefore, it is 

sensible to study a graph illustrating the relationship. And it 

is sensible to consider the estimated effect size and its esti-

mated precision. And it is important to carefully consider 

whether the apparent relationship between variables is be-

lievable or whether it might be explained away by a reason-

able alternative explanation.  

On the other hand, if the p-value doesn’t show there is 

good weight of evidence because it is greater than the cho-

sen threshold p-value, then it isn’t sensible to study the other 
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information about the putative relationship because there is 

no good evidence that the relationship exists. 

As noted, if a research study obtains a positive result, it 

should report an estimate of the effect size of the result and 

an estimate of the precision of the estimated effect size. It is 

important to understand that in the case of a true positive 

result in empirical research, and assuming that everything is 

done properly, the initial estimate of the associated effect 

size derived in empirical research is often an overestimate, 

perhaps 40% or more greater than the true population effect 

size. (This is because, in the long run, estimates that are 

overestimates of the correct value are more likely to be de-

tected in empirical research than estimates that are roughly 

correct estimates or are underestimates.) Of course, this isn’t 

a serious problem if we keep the phenomenon in mind be-

cause then we can take informal or formal account of it 

when we are assessing an estimated effect size. 

7. The Threshold p-Value Makes Errors 

The threshold p-value would be perfect for detecting rela-

tionships between variables if it could always be right about 

whether the studied relationship between variables exists in 

the population. But, as many readers will know, the thresh-

old p-value makes two types of errors. There appears to be 

no way to escape from these errors in empirical research.  

7.1. False-Positive Errors 

A false-positive error occurs if the computed p-value for a 

relationship between variables is less than or equal to the 

journal’s threshold p-value, suggesting that the studied rela-

tionship between variables exists, but in fact the relationship 

doesn’t detectably exist in the population. As discussed be-

low in appendix B, false-positive errors are published sur-

prisingly often in the empirical-research literature. 

False-positive errors are the main cause of the so-called 

replication crisis in empirical research. That is, if you try to 

replicate or use a published false-positive result, you will 

almost always fail. (You will fail unless your research also 

makes a false-positive error, which is always possible.)  

A false-positive error can occur due to chance, as ex-

plained in part 2 of this paper. Also, a false-positive error 

can occur if the researcher breaks the rules for computing 

and reporting p-values. 

In general, a paper reporting a false positive result looks 

no different from a paper reporting a true positive result. So, 

if a paper reporting a false-positive result can satisfy a jour-

nal’s other conditions for publication, then the journal will 

publish the paper, thereby unknowingly contributing to the 

replication crisis. This is normal science because, as noted, 

some false-positive errors are inescapable in empirical re-

search. 

False-positive results in the empirical-research literature 

are costly because they lead to a waste of resources for other 

researchers who try to use or extend the false results.  

Of course, false-positive results in the scientific literature 

are identified and corrected through the process of replica-

tion. Other researchers invariably attempt to use or extend 

interesting new positive results and, in doing so, they indi-

rectly replicate the results. In the case of attempting to repli-

cate a result that reflects false-positive error, these research-

ers will fail (unless they also make a false-positive error), 

and thus the false-positive error will be exposed (sooner or 

later). This reflects the continuity of science in which new 

research generally builds on or extends earlier research. 

Uninteresting false-positive results in the scientific litera-

ture generally aren’t replicated, which reduces replication 

costs. So, uninteresting false-positive results generally re-

main uncorrected in the literature. However, that isn’t a 

problem in a practical sense because these results are unin-

teresting.  

7.2. False-Negative Errors 

A false-negative error is the opposite of a false-positive er-

ror. A false-negative error occurs if the computed p-value 

for a relationship is greater than the journal’s threshold p-

value, suggesting that the relationship between the studied 

variables may not exist in the population, but in fact the rela-

tionship does exist in reasonable strength in the population.  

A false-negative error amounts to a missed discovery. A 

false-negative error can occur if the relationship between the 

variables is weak, if the study was poorly designed, if the 

researcher made an error, or due to chance.  

False-negative errors are, by their nature, hidden. So, we 

don’t hear much about them. So, most of what we know 

about false-negative errors comes from theoretical consider-

ations, which clearly imply that false-negative errors occur 

regularly in empirical research, though we don’t know exact-

ly how often.  

Like false-positive errors, false-negative errors are cost-

ly, but for different reasons: False-negative errors lead to a 

loss of useful information for society and a loss of reward 

for the researchers who obtain the false-negative results. For 

example, if a medical research study somehow fails to detect 

that an effective new drug is effective, thereby committing a 

false-negative error, then society may lose the benefit of the 

drug.  

Of course, false-negative errors that have been omitted 

from the scientific literature are identified and corrected if 

another (or the same) researcher performs a new research 

study of the relationship between the variables with a re-

search design that can reliably detect the relationship. 

7.3. General Points About the Errors 

Note how the possibility of false-positive and false-negative 

errors implies that we can’t have strong faith in individual 

findings in empirical research. That is, any positive finding 

might be a false-positive error, and any negative finding 

might be a false-negative error. However, as we will see 

below, we can put our faith in the overall system under dis-
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cussion because if the system is used properly (and we must 

always check carefully for that), it is designed to minimize 

(over the long run) the sum of the costs of the false-positive 

and false-negative errors the journal makes in selecting pa-

pers to consider for publication. 

Of course, though we can’t have strong faith in an indi-

vidual positive result, we can certainly (in the absence of a 

reasonable alternative explanation) view a positive result as 

being suggestive. And if a positive result is interesting 

enough, someone will try to replicate or extend the result 

which, if successful, will help to confirm the existence of the 

studied effect.  

For completeness, it is noteworthy that false-positive and 

false-negative errors are traditionally named “type 1” and 

“type 2” errors, respectively. However, those names are infe-

rior because they are unnecessarily confusing for beginners. 

8. Controlling the Error Rates 

As explained in part 2 of this paper, it is easy to show math-

ematically that a journal’s threshold p-value simultaneously 

controls the long-run rates of both false-positive and false-

negative errors in the journal. That is, if a journal uses a 

lower threshold p-value, then it will publish fewer false-

positive errors, but the journal will make more false-negative 

errors in the sense of refusing for consideration for publica-

tion more papers that are reporting evidence about real rela-

tionships between variables. And vice versa. 

So, a journal has a dilemma—where should it set its 

threshold p-value to sensibly balance the long-run rate of 

false-positive errors that it incorrectly publishes against the 

long-run rate of false-negative errors that it should publish 

but incorrectly fails to publish? How should a journal sensi-

bly choose its threshold p-value? 

9. The Optimal Threshold p-Value 

The choice of the optimal threshold p-value for a scientific 

journal is conceptually surprisingly simple—the journal 

chooses the value that maximizes the scientific and social 

benefit resulting from the research papers that are published 

or are refused publication in the journal. This approach is 

sensible because, arguably, a journal’s goal should be to 

maximize the long-run scientific and social benefit of the 

research papers it publishes. 

The journal maximizes the benefit by finding the “sweet 

spot” for the threshold value that minimizes the long-run 

sum of the costs of the false-positive and false-negative er-

rors, which helps to maximize the benefit. (This cost mini-

mization includes the cost of the replication research that 

fails to replicate an earlier false-positive research finding.) 

Part 2 of this paper presents a mathematical argument show-

ing that the optimal threshold p-value for a scientific journal 

exists and is unique. Setting the threshold p-value at the op-

timal value to minimize the sum of the costs of the errors is 

useful because, as noted, the two types of errors occur regu-

larly in empirical research and are costly. 

10. Choosing the Optimal Threshold p-Value 

The argument in part 2 of this paper implies that the optimal 

threshold p-value for a journal exists and is unique. Howev-

er, the argument can’t determine the actual numeric optimal 

value for a journal. So, a journal must use other means to 

determine the optimal value.  

Ideally, a scientific journal would choose its optimal 

threshold p-value based on formal empirical research about 

the scientific and social benefits realized and the costs in-

curred under different journal publication policies. However, 

for technical reasons, we can’t reliably measure (a) the on-

going benefits of correct empirical research or (b) the ongo-

ing costs of false-positive and false-negative errors in empir-

ical research. Thus, we can’t determine the “loss function” 

(i.e., the sum of the costs of the false-positive and false-

negative errors) for a journal as a function of the threshold p-

value used by the journal.  

Therefore, a journal (apparently) can’t determine the op-

timal threshold value (i.e., determine the threshold p-value 

that minimizes the loss function) based directly on formal 

empirical research. So, a journal chooses its threshold p-

value based on carefully considered experience and intuition 

among journal editors and researchers combined with norms 

that have been shaped by the multitudes of editors and re-

searchers who have used threshold values over the past 100 

years. Fisher provided the initial impetus for the idea of a 

threshold p-value of 0.05 (1925, secs 12, 20−26).  

The often-mentioned threshold p-values of 0.05 and 0.01 

may be popular because, at least for some journals, they ap-

pear to give us a roughly optimal long-run cost trade-off 

between the false-positive and false-negative errors made by 

the journals in the process of selecting papers to consider for 

publication. 

Clearly, since a journal chooses its threshold p-value 

based on experience, intuition, and norms, the choice of the 

optimal threshold value for a journal is rough, not exact. 

However, observation suggests that carefully choosing a 

threshold value for a journal by experienced editors yields a 

threshold value that appears to be close enough to the opti-

mal value that many editors and researchers agree that it is 

better than not using a threshold value. 

This agreement is illustrated by the fact that editors and 

researchers have allowed the threshold-value gateway to 

publication to survive in journals, even though the gateway 

makes false-positive and false-negative errors, and even 

though, in the past, there have been (apparently) no attempts 

to justify the gateway logically (in terms of minimizing error 

costs). The fact that editors and researchers—the leading 

minds in science—have allowed the threshold-value gate-

way to survive implies that it works well in practice. 

Cobb suggested that editors and researchers have al-

lowed the threshold-value idea to survive simply because the 

idea is customary, as quoted by Wasserstein and Lazar 

(2016). However, as noted, editors and researchers are the 
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leading minds in science—they aren’t sheep who simply do 

what is customary.  

Arguably, editors and researchers have allowed the 

somewhat complicated threshold-p-value gateway to survive 

because they have recognized (often unconsciously) that the 

gateway is fair, fast, and near-optimal in reliably separating 

the signal (if any) in an empirical-research study from the 

noise. Here, the idea of “reliable” means that a reliable 

gateway will, at a reasonable rate (though generally never 

perfectly), yield conclusions that can be acceptably replicat-

ed in new independent research.  

It is noteworthy that a typical editor of a journal that pub-

lishes papers reporting empirical research doesn’t view the 

journal’s choice of the threshold value in terms of the idea of 

minimizing the long-run sum of the costs of the false-

positive and false-negative errors made by the journal in 

selecting papers to consider for publication. This is because 

a typical editor isn’t consciously aware of the theoretical 

idea of minimizing the sum of the error costs because the 

idea isn’t well known. Instead, as suggested in section 5 

above, the editor views the threshold as indicating the mini-

mum weight of evidence required to make a paper worth 

considering for publication. This concept emphasizes con-

trolling false-positive errors, but it ignores false-negative 

errors. 

However, as some editors become more experienced, 

they recognize that the basic idea of “minimum weight of 

evidence” can usefully be expanded to the idea of balancing 

false-positive and false-negative errors against each other. 

Experienced editors wish to sensibly balance or compromise 

between these errors in the journal because they correctly 

sense that if this compromise is properly done, it is the opti-

mal approach to select papers for consideration for a jour-

nal—optimal to advance scientific knowledge in the jour-

nal’s field.  

11. The Approach Is Preferred 

The use of a threshold-p-value gateway to publication of 

empirical-research results in scientific journals is preferred if 

we can show that the approach is “efficient”. Here “effi-

cient” means that a journal’s use of an appropriate threshold 

p-value as a necessary gateway to publication provides more 

benefits overall to the journal’s field than any other known 

system for selecting papers to consider for publication.  

To assess whether the threshold-p-value gateway is effi-

cient, we can note that the approach is theoretically optimal 

in the sense that if a journal chooses the appropriate thresh-

old p-value, then this choice minimizes the sum of the long-

run costs of the false-positive and false-negative errors made 

by the journal, as explained in part 2 of this paper. And, ap-

parently, no other known approach can minimize the sum of 

the long-run costs of the errors and, apparently, there is no 

other viable criterion that we can minimize or maximize that 

would be more important than minimizing the sum of the 

long-run costs of the errors. This supports the idea that the 

use of a threshold p-value is efficient. 

The approach is also sensible because journal editors will 

almost always wish to avoid publishing negative results be-

cause, as noted above in section 5, these results are generally 

much less useful than positive results. Also, as discussed in 

section 7, editors will always wish to avoid publishing false-

positive errors because such errors are scientifically costly 

and are somewhat embarrassing for the journal and for the 

editor when it later turns out that the result can’t be replicat-

ed. Therefore, papers without enough weight of evidence 

must be screened out. And using a threshold p-value is a 

sensible way to do that, even though it makes errors.  

With the preceding ideas in mind, we can note that there 

are essentially three approaches that a journal can take with 

respect to assessing the weight of evidence behind the main 

result in an empirical-research paper:  

1. The journal can enforce a formal threshold p-value (or a 

formal threshold for some other sensible measure of the 

weight of evidence) for the main result in a submitted re-

search paper. In this case, authors know that satisfying 

this threshold is a necessary condition for publication of 

a submitted paper, as discussed above.  

2. The journal’s editors and referees can assess the weight 

of evidence for the main result in a submitted paper in-

formally on a paper-by-paper discretionary subjective ba-

sis.  

3. The journal can ignore the idea of initially (or even ever) 

assessing the weight of evidence behind the main result 

in an empirical-research paper and can instead assess the 

paper based on other criteria. 

Arguably, we can immediately rule out the third approach 

because a journal wishes to screen out papers that are report-

ing negative results or are reporting weak results that might 

reflect false-positive errors. So, most editors will agree that 

they must either formally or informally determine whether 

the main result in a submitted research paper has enough 

weight of evidence behind it to make the result a positive 

result. Thus, arguably, editors must choose approach 1 or 2 

from the list above. 

Approach 1 has the advantages that it is fair, fast, theo-

retically optimal in a reasonable sense, and has worked well 

in some scientific journals since the 1950s. Approach 1 also 

has the advantage that the choice of the threshold value is 

made formally at the aggregate journal level as opposed to 

being made informally at the individual paper level. This 

makes approach 1 more reliable than approach 2. This is 

because it is difficult or impossible to reliably choose a cus-

tom threshold p-value for each submitted paper because it is 

difficult or impossible to know an individual paper’s ramifi-

cations. This is because the main positive result in any paper 

may be a false-positive error.  

In view of the apparent lack of advantages of approach 2, 

the present paper postulates that approach 2 has no notewor-

thy advantages. Therefore, approach 1 is preferred to ap-
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proach 2. So, arguably, the use of a formal threshold value 

for a measure of the weight of evidence as a necessary con-

dition for publication in a scientific journal is efficient and is 

therefore preferred. 

Despite the preceding points, the threshold p-value for a 

journal needn’t be inviolable. And it should be possible for a 

journal editor to overrule the journal’s threshold value in a 

particular case if that seems useful. However, that won’t 

happen often because experienced editors know that it is 

difficult to distinguish between a signal and noise when a 

result is close to the borderline of statistical significance. 

And any seemingly promising almost-significant result 

might very well be a manifestation of noise. So, if a main 

result in a paper seems promising, but isn’t statistically sig-

nificant, then it is arguably better for the researcher to go 

back to the lab and to perform the research again, ideally 

with a more powerful research design to increase the chance 

that the studied effect will (if it exists) be convincingly de-

tected in the population. 

12. What Use Are p-Values? 

So, arguably, the p-value has a small but useful role in em-

pirical research. Properly computed, it is a mathematically 

sensible measure of the weight of evidence that is inherent in 

a data table that the studied relationship between variables 

exists in the studied population.  

A scientific journal can specify that the p-value for the 

main result in a research paper must be less than (or equal 

to) the journal’s threshold p-value before the journal will 

consider the paper reporting the result for publication. Using 

a threshold p-value as a gateway to publication helps the 

journal to optimally balance its long-run rates of published 

false-positive errors and unpublished false-negative errors. 

This balancing minimizes the sum of the error costs, which 

helps to maximize the long-run scientific and social benefit 

of the research papers published in the journal. 

These ideas are discussed in more detail in a book 

(2021). 

Appendix A: Three Views of the Use of a Threshold 
p-Value 

There are three popular views of the use of a threshold p-

value in empirical research. Each of the views can be seen as 

a “decision procedure,” with each view making a different 

type of decision. 

First, in the view discussed in the present paper, the 

threshold p-value is chosen by a scientific journal. This val-

ue is used by the journal to decide whether a paper reporting 

empirical research has enough weight of evidence for its 

main result to make the paper worth considering for publica-

tion in the journal. 

A second view is that the researcher chooses the thresh-

old value, and the threshold somehow decides, or enables the 

researcher to decide, whether a relationship between varia-

bles (or some other studied effect) exists in the studied popu-

lation. (Formally, the threshold p-value is thought to decide 

whether the research hypothesis or the null hypothesis in a 

research study is true.) This view is incorrect because a 

threshold p-value can’t possibly decide whether a relation-

ship exists because the threshold sometimes makes false-

positive and false-negative errors.  

For an example of this point of view, Benjamin, Berger, 

Johannesson et al. (2018) call for changing the threshold p-

value from 0.05 to 0.005 for “claims of discovery of new 

effects”. Here, they mean claims by researchers of the dis-

covery of new effects (i.e., usually new relationships be-

tween variables). And they explicitly say in the “Concluding 

remarks” section of their article that they aren’t discussing a 

threshold for publication of new findings in journals. 

Similarly, Lakens et al. (2018) say that researchers (not 

journals) should “justify” the threshold values that they use, 

and Maier and Lakens (2022) propose some ways to help 

researchers to do that. Similarly, Gönen, Johnson, Lu, and 

Westfall discuss setting a threshold value from the point of 

view of either minimizing the total probability of misclassi-

fication (i.e., minimizing the total probability of false-

positive and false-negative errors) or minimizing the costs of 

these errors through a loss function, saying that “Such an 

approach allows researchers to differentially weight [false-

positive] and [false-negative] errors if desired (2019, p. 29)”. 

Note the reference to “researchers”.  

However, as observed in a survey of researchers by 

Białek, Misiak, and Dzieken (2023), when it comes time for 

researchers to choose the threshold value for an individual 

research study, conscientious researchers find that hard to do 

because it is difficult or impossible to realistically know the 

ramifications of different threshold values for individual 

research results, any of which, if viewed as a positive result, 

might readily be a false-positive error. Therefore, as dis-

cussed in the body of this paper, it is more sensible for a 

journal to assume the role of setting a common threshold for 

all submitted papers and to use the threshold as a gateway to 

publication in the journal. 

If the threshold p-value (or a threshold for some other 

measure of the weight of evidence) doesn’t decide whether a 

relationship between variables exists, then how is the deci-

sion about the existence of a relationship between variables 

made in science? Perhaps surprisingly, the decision about 

whether a relationship between variables exists is never 

made formally in science because every scientific idea is 

open to revision. However, the decision is made informally, 

implicitly, and gradually by the relevant research communi-

ty, as reflected in community members’ written and spoken 

remarks. This informal decision occurs after the result has 

been believably replicated in independent research. 

A third view of the use of a threshold p-value is that the 

threshold value is chosen by a scientific journal and the 

threshold somehow decides whether a research paper will be 

published in a journal. This view, though partly correct, is, 

on balance, incorrect because it gives the threshold p-value 
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more importance than it deserves. This is because, though 

satisfying the threshold p-value condition is a necessary 

condition for publication in some reputable scientific jour-

nals, it is never a sufficient condition, as discussed in section 

5.4 above. 

Appendix B: How Often Are False-Positive Errors 
Published in Scientific Journals? 

For technical reasons, it is difficult to measure the ongoing 

rate of occurrence of published false-positive errors in a field 

of science. However, in carefully performed, high-power, 

near-exact replications of 21 important research results in 

social science, replication failures occurred 38% of the time, 

that is, in 8 of the 21 studies (Camerer et al. 2018). This and 

other direct replication research suggests that somewhere 

between 20% and 60% of the published positive results in 

social-science journals are false-positive results.  

The high rate of false-positive errors isn’t limited to so-

cial-science research and is also recognized in biomedical 

research (Ioannidis, 2005; Errington et al. 2021). False-

positive errors are also likely present in the physical scienc-

es, though they aren’t well documented.  

When some people hear about the high rates of false-

positive errors in empirical research they are either alarmed 

or embarrassed—thinking that this state of affairs may be a 

crisis. However, there is no need for alarm or embarrass-

ment, and there is no crisis because the false-positive errors 

are normal science—there are false-positive errors in the 

empirical-research literature because they are unavoidable if 

we wish to minimize the sum of the costs of false-positive 

and false-negative errors. 

Appendix C: Implicit Versus Explicit Threshold p-
Values for Scientific Journals 

As noted in section 5.2 above, some journals use an implicit 

threshold p-value instead of an explicit one. In this case, the 

threshold p-value for a journal isn’t stated in the journal’s 

instructions to authors, but researchers who are familiar with 

the journal are well aware of the threshold through word-of-

mouth among researchers in the field. Researchers are aware 

of the threshold because the editors regularly reject papers if 

the p-value for the main result is greater than the journal’s 

implicit threshold value, usually with the editor informing 

the researcher that the weight of evidence for the main result 

in the paper, as expressed in the p-value for the result, isn’t 

enough. 

If a journal uses an implicit fixed threshold p-value, then 

we can quickly empirically identify the (likely) value by 

tabulating the p-values for the main results in articles pub-

lished in the journal over the last few years. If the p-values 

are all less than, say, 0.05, but if some are greater than 0.01, 

then this suggests that the journal is using an implicit fixed 

threshold p-value of 0.05. 

A sensible reason for a journal to use an implicit thresh-

old value instead of an explicit one is that, in the past, there 

have been no widely accepted technical justifications of the 

use of a threshold value as a gateway to publication in scien-

tific-journal publishing. So, it was difficult for a journal edi-

tor to make a strong argument why a threshold is useful, and 

it was easy to think that using a threshold value was arbi-

trary, as discussed below in appendix G.  

Of course, if a journal’s use of a statistical threshold val-

ue seems arbitrary, then this makes it hard for the journal to 

defend its use of a threshold. So, journals recognized that 

they couldn’t technically justify their use of a threshold. 

However, journals also believed that the threshold was sen-

sible as a gateway to publication to control the rate of publi-

cation of false-positive errors. So, they used an implicit 

threshold that they didn’t discuss, which enabled them to use 

a threshold without having to defend it. 

A second reason why a journal might use an implicit 

threshold value is that the editor might think that the discre-

tionary aspect associated with an implicit threshold is to the 

journal’s advantage. In this case, the editor is betting, so to 

speak, that his or her judgment can beat the threshold p-

value at its own game. That is a risky bet due to the high 

complexity of the subjects of empirical research and due to 

the fact that any seeming positive result might be a false-

positive result, with the chance of that directly related to 

(though not equal to) the relevant p-value. 

Regardless of the reason for using an implicit threshold 

instead of an explicit one, many editors agree that a thresh-

old is mandatory to help to control the rate of false-positive 

errors published in a journal because these errors are embar-

rassing and scientifically costly. 

A good early example of a journal using an implicit 

threshold p-value was the widely respected Journal of Ex-

perimental Psychology (JEP) in the years between 1950 and 

1962. The instructions to authors in that period appeared on 

the inside front cover of the journal and copies of these in-

structions are available online (JEP 1960). The instructions 

say nothing about the journal’s use of a threshold p-value, 

though the instructions refer the reader to conventions in the 

American Psychological Association (APA) Publication 

manual. But both the 1952 APA Publication Manual (APA 

1952) and the 1957 revision (APA 1957) that were relevant 

during the period say nothing about using threshold p-values 

in journals. However, we know that between 1950 and 1962 

JEP mostly used an implicit threshold p-value of 0.01 be-

cause the editor during that period discusses this point in his 

final editorial (Melton 1962). 

For a modern example of the use of an implicit threshold 

value, consider the top-tier New England Journal of Medi-

cine (NEJM). The “Statistical Reporting Guidelines” for this 

journal give detailed instructions for reporting p-values in a 

paper submitted to the journal (NEJM 2023), but the instruc-

tions don’t specify an explicit threshold p-value for the main 

result (primary outcome) in a submitted paper. But it seems 

highly likely that the editors either (a) have a jointly agreed-

on implicit threshold p-value for the main result in submitted 
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papers or (b) each editor uses their own personal threshold 

p-value in considering a paper for publication, with the per-

sonal threshold values possibly being discretionary on a pa-

per-by-paper basis. We can be confident that the editors of 

NEJM use one or more formal or informal implicit thresh-

olds for the p-value because these editors, like all knowl-

edgeable editors, wish to avoid publishing embarrassing and 

costly false-positive errors in the journal. Using a threshold 

p-value (or a threshold for some other sensible measure of 

the weight of evidence) is, arguably, the best way to initially 

screen papers to minimize the cost of these errors. 

The present paper recommends that a scientific journal 

use a single fixed threshold p-value that is chosen by the 

editor or editorial board of the journal. This value should be 

explicitly stated in the instructions to authors with a link to a 

discussion that clearly justifies the journal’s use of an explic-

it fixed threshold value. Making the threshold p-value ex-

plicit with a proper justification makes empirical research 

more transparent and easier for researchers to understand. 

Appendix D: Can a Research Study Generalize 
from a Sample to the Population If It Doesn’t Use 
Random Sampling? 

As noted, researchers make generalizations from samples to 

populations of entities about the existence of relationships 

between variables in the population and about the associated 

effect sizes. It is important to understand that, strictly speak-

ing, for accepted technical reasons, we can make such gen-

eralizations from a sample to a population only if the sample 

is a random sample from the population. A sample is a ran-

dom sample if every entity in the population has an equal 

chance of being selected to be in the sample. (Certain sensi-

ble refinements to this idea arise in more complicated re-

search.) 

Proper random sampling is done regularly in empirical-

research studies when precise representation of the popula-

tion is required. However, the samples of entities used in 

most empirical-research studies are not random samples 

from the target population. Instead, the samples are so-called 

“convenience” samples that are obtained by using or recruit-

ing entities that are readily at hand. This is because conven-

ience samples are much easier to obtain than random sam-

ples and are often adequate for the problem under study. 

In the case of a convenience sample, since the sample 

isn’t a random sample from the population, we generally 

can’t safely generalize the results from the sample to the full 

population of interest. However, we can safely generalize 

the results from the sample to other entities that are “suffi-

ciently like” the entities in the sample. Unfortunately, the 

concept of “sufficiently like” is vague. However, the concept 

is often judged to be acceptable for initial research, in which 

it is more important to detect new relationships between 

variables (or to detect other effects) and it is less important 

to have complete generalizability from the sample to the 

target population. 

For example, an experimental psychologist at, say, Stan-

ford University in California may perform an experiment 

using a convenience sample that consists of a group of psy-

chology students at Stanford. The researcher uses this sam-

ple because students in a psychology department are rela-

tively easy to recruit to participate in psychology experi-

ments in the department. If the researcher obtains an inter-

esting positive result in the research, then he or she will like-

ly publish a paper about the result and the researcher will 

likely generalize the result beyond Stanford students, per-

haps suggesting that the result may apply to all similar uni-

versity students in California or to all similar university stu-

dents in the United States. And for some relationships be-

tween psychological variables, psychologists may think it is 

sensible to expect to find the relationship in all adults, even 

though the original research that discovered the relationship 

was performed using a sample of Stanford psychology stu-

dents. 

Of course, such generalizations from a convenience 

sample to the full population amount to speculation, which is 

risky because the generalizations are sometimes wrong. 

However, researchers sensibly make such generalizations, 

preferably qualifying their remarks as carefully considered 

speculation. And, of course, if there is doubt about the gen-

eralizability of a new relationship between variables that was 

found in a convenience sample, or doubt about the generali-

zability of an effect size estimated from a convenience sam-

ple, then we can investigate the generalizability in appropri-

ate further research, perhaps using random sampling if high 

precision is required. 

It is noteworthy that in some cases, generalization from a 

convenience sample to the full population may be quite sen-

sible. For example, suppose that a physicist draws a conven-

ience sample of atoms of argon gas from a top-grade labora-

tory-quality cylinder of argon bought from a trusted chemi-

cal company. In this case, the physicist’s sample of argon 

atoms will (almost certainly) be essentially equivalent to a 

true random sample of argon atoms from the complete popu-

lation of atoms of argon that are local to the earth’s surface. 

So, any inferences that the physicist draws from the conven-

ience sample of argon atoms will (almost certainly) apply to 

the full population of argon atoms that are local to the 

earth’s surface. 

Appendix E: When Do Scientific Journals Need to 
Use Statistical Significance? 

As noted above in section 5.7, some papers published in 

scientific journals don’t report about empirical research 

studying relationships between variables. Since we use the 

concept of statistical significance to help to detect relation-

ships between variables in empirical research, we generally 

don’t need the concept in research studies that aren’t study-

ing (and can’t be interpreted as studying) relationships be-

tween variables. 
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Some readers may think that some research studies that 

use the concept of statistical significance don’t appear to be 

studying relationships between variables. For example, if a 

research study uses a two-sample t-test to compare the aver-

age values of a particular continuous variable between two 

groups, then one might think that this study isn’t studying a 

relationship between variables. However, it is easy to view 

this study as studying a relationship in which the response 

variable is the continuous variable, and the predictor variable 

is the binary variable that distinguishes between the two 

groups. 

Even when we are studying relationships, sometimes we 

don’t need the concept of statistical significance. For exam-

ple, some fields in the physical sciences don’t regularly use 

the concept of statistical significance because they usually 

study strong relationships between variables. In this case, 

the researcher and the journal don’t need the formal system 

of statistical significance to confirm that there is good evi-

dence of a relationship. This is because merely looking at an 

appropriate graph of the sample data for a strong relationship 

will tell an experienced researcher that (assuming that the 

underlying research and analysis were done correctly) the 

relationship definitely exists. And the graph will also imply 

that the computed p-value for the relationship would be ex-

tremely low if it were computed. So, in this case, the re-

searcher needn’t compute a p-value (or some similar meas-

ure) to measure the weight of evidence, and the journal 

needn’t consider the concept of statistical significance. 

Also, in some research studies that study relationships 

between variables, we already know that the studied rela-

tionship exists, and the purpose of the research is to refine 

our knowledge of the relationship. In this case, in theory, we 

don’t need to check whether there is good evidence that the 

relationship exists though it doesn’t hurt to check to confirm 

that the analyses are working properly. 

In the case of “big data,” we have a data table with a 

large number of rows (i.e., entities in the sample) or a large 

number of columns (i.e., variables) or both. Here, the “large 

number” may be in the millions or billions for entities and in 

the thousands or hundreds of thousands for variables. In this 

case, researchers are still generally interested in relationships 

between the variables, and the relationships that are found 

are sometimes weak. So, if researchers studying big data 

wish to publish (in a reputable journal) a paper about a rela-

tionship between variables they have discovered in the data, 

they will need to provide good evidence to the journal that 

the relationship exists, just as with other empirical research. 

They can often do that with a properly applied measure of 

the weight of evidence. Alternatively, depending on the situ-

ation, they may be able to convincingly demonstrate the ex-

istence of the relationship graphically. Alternatively, re-

searchers with big data may use the data to build a computer 

model of the relationship and then use the model to make 

accurate predictions or control in such a way that there is no 

doubt that the modeled relationship exists. 

So, a journal only needs to use the concept of statistical 

significance if it is evaluating a paper that is reporting about 

an observed new weak relationship between variables in a 

population and if the paper has no other way of demonstrat-

ing convincing evidence of the relationship. This situation 

occurs often in empirical research because most of the strong 

relationships between variables have already been discov-

ered and because often research studies don’t have big data. 

So, using a measure of the weight of evidence is often the 

easiest way to demonstrate good evidence of the existence of 

a relationship. 

Many journals have implemented publication policies 

based on a threshold-value gateway (typically a p-value 

gateway or possibly a confidence interval gateway). Howev-

er, the gateway is often implicit as opposed to explicit, as 

discussed in appendix C. Possibly because the threshold-

value gateway is often implicit, the general idea of using a 

threshold value for a measure of the weight of evidence as a 

gateway to publication is rarely formally discussed, though it 

is implicit in some discussions. 

For example, Campbell and Gustafson (2019) present a 

model of the selection of articles by a journal explicitly us-

ing a threshold p-value as an important concept in the model. 

But they take this aspect of the publication process more or 

less for granted and they don’t comment explicitly about the 

function of the threshold value for the journal. Instead, they 

focus on the optimal strategy for a researcher to design a set 

of research studies so that the researcher can maximize his 

or her number of published papers. That is, they build an 

ingenious and useful model to help understand how re-

searchers might game the system.  

Articles by Ioannidis (2005) and Jager and Leek (2014) 

use the concept of a threshold value for a journal, but they 

don’t say much explicitly about the threshold. A recent arti-

cle by Habiger and Liang (2022) is another exception, 

though they focus on controlling false-positive errors in 

journals (while minimizing false-negative errors) rather than 

minimizing the sum of the costs of the false-positive and 

false-negative errors. Cox refers approvingly to the idea of a 

journal’s 0.05 p-value threshold (1977, sec. 4.9). Of course, 

other references to modern discussions of using a threshold 

in journal publication also exist, but they are rare. 

Appendix F: What If a Research Study Reports 
Many p-Values? 

The discussion in the body of this paper says that a journal’s 

threshold-value gateway applies to the main result in a paper 

submitted to the journal. (In medical research, the main re-

sult is often referred to as the “primary outcome.”) What 

happens in a research study when there is no main result, 

and the study is reporting the results of study of multiple 

relationships between variables, thereby with multiple p-

values, a situation we refer to as “multiple testing,” and 

some statisticians, data scientists, and researchers refer to as 

“multiplicity”? 
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This question is important because modern researchers 

sometimes find it cost-efficient to simultaneously study mul-

tiple closely related relationships between variables. In this 

case, for technical reasons, the researcher can expect some 

low or very low p-values even when the corresponding rela-

tionships between variables don’t exist. So, false-positive 

errors are easy to make. So, the researcher must take proper 

account of this fact. Various sensible analysis methods are 

available to handle research studies that perform multiple 

testing, such as the method discussed by Benjamini and 

Hochberg (1995). These methods help researchers, editors, 

and journal readers to decide whether the studied relation-

ships between the variables likely exists in the population.  

Less experienced researchers sometimes don’t take ac-

count of the fact that they did multiple testing in their re-

search because taking account of it adds another layer of 

complexity to the data analysis. Also, taking account of mul-

tiple testing generally leads to substantially fewer statistical-

ly significant results. Sometimes, researchers don’t even 

report the fact that they did multiple testing, reporting only 

the statistical tests that yielded positive results. These prac-

tices, which generally happen through incomplete training, 

are all unethical because they lead to increased rates of pub-

lished false-positive errors. 

In using methods to perform multiple testing, the goal is 

usually still to balance the costs of the false-positive and 

false-negative errors that the tests make in a way that mini-

mizes the sum of the costs. Thus, each method has a proce-

dure (with an explicit or implicit threshold value) for decid-

ing whether a result is a positive result. And each procedure 

will make false-positive and false-negative errors, which 

both the journal and the researcher would like to optimally 

balance. Choosing the optimal threshold value for one of 

these multiple-testing procedures is difficult (for both a 

journal and a researcher) due to the complexity and due to 

the typical uncertainty about the costs of the two types of 

errors. Thus, choosing the optimal threshold value for this 

research situation is an open problem, which is currently 

handled by researchers and editors using careful judgment 

about where to set the value on a case-by-case basis. 

If we study articles in the journals Nature and Science, 

we see that some articles report many p-values in graphs or 

tables with no corrections for multiple testing. No correction 

is made for multiple testing because these p-values aren’t 

deemed highly important and are merely viewed as being 

suggestive. If a particular one of these p-values is perceived 

as possibly indicating an important relationship between 

variables, then it would be sensible (if not already done) to 

independently repeat the specific research that obtained this 

p-value to replicate the result to confirm that the suggested 

effect is real in the population and isn’t merely a false-

positive error. 

Appendix G: Is 0.05 Somewhat Arbitrary? 

The choice of 0.05 for a scientific journal’s threshold p-

value is somewhat arbitrary in the sense that 0.04 or 0.06 

would be roughly equally as good as 0.05. The threshold p-

value of 0.05 is chosen because it is in the right ballpark and 

it is a “round” number, being rounder, so to speak, than 0.04 

or 0.06. But the number 0.05 itself isn’t in any sense sub-

stantively important.  

The reason why the threshold p-value is somewhat arbi-

trary is that, as noted above in section 10, we can’t deter-

mine the optimal threshold p-value for a scientific journal 

with high precision. But, based on experience, many editors 

and researchers agree that the optimal value for many jour-

nals appears to lie somewhere in or close to the range be-

tween 0.05 and 0.01.  

It is noteworthy that physicists sometimes use much 

stricter thresholds than researchers in other fields. In this 

case, it is generally the researchers, not the journals that 

specify strict threshold values. For example, if we make 

some sensible assumptions, the standard threshold of 5𝜎 

(five sigma) that is used by some physicists is equivalent to 

using a very strict threshold p-value of around 5.7 × 10−7. 

Using such a strict threshold greatly decreases the chance of 

false-positive errors though it also greatly increases the cost 

of the research to detect a given relationship. These are the 

trade-offs that researchers and journals must make in order 

to balance false-positive errors, false-negative errors, and 

research costs. The physicists’ approach of using a very 

strict threshold is consistent with the idea of minimizing the 

sum of the costs of false-positive and false-negative errors, 

with the added idea that false-positive errors are viewed as 

being much costlier than false-negative errors. 

Alternatively, the physicists’ choice of very strict thresh-

old values can be viewed as an attempt to define physical 

“truth”. That is, if the measure of the weight of evidence 

exceeds the very strict threshold value, then the effect ob-

served is viewed as truly occurring. This is sensible because 

if physicists use this approach, then (assuming everything is 

done properly and by the laws of probability) they will occa-

sionally make false-positive errors, but the errors will be 

extremely rare. 

Though the choice of the threshold p-value for a journal 

is somewhat arbitrary, it is still sensible for a journal to 

choose and enforce its best estimate of the optimal threshold 

value because this gets things approximately right and, as 

noted in section 10 above, the threshold-value gateway is 

fair, fast, and theoretically optimal.  

Based on that, the choice of the actual threshold p-value 

used by a journal, while still based on experience, intuition, 

and norms, is also determined somewhat by the prestige of 

the journal. A more prestigious journal can use a strict 

threshold p-value of 0.01, which enables the journal to re-

duce its false-positive publication rate but still get a good 

number of qualified submitted papers. A journal wishes to 

reduce its false-positive publication rate because published 



The Optimal Threshold p-Value for a Scientific Journal 15. 

 

false-positive errors (though inevitable) are somewhat em-

barrassing and scientifically costly. Of course, as discussed 

in part 2, using a lower threshold p-value also increases the 

rate of false-negative errors that are incorrectly omitted from 

the journal. But false-negative errors, though clearly also 

costly, are invisible, so they receive less attention.  

Although a more prestigious journal can use a threshold 

p-value of 0.01, a less prestigious journal may need to use a 

more lenient threshold p-value of 0.05 to get enough quali-

fied submitted papers. 

Appendix H: What Can We Do about the Misuse of 
p-Values? 

Arguably, the problem of the misuse of p-values can be re-

duced or even eliminated by improving the training of em-

pirical researchers. This is because proper training will show 

researchers that misusing p-values is harmful to their reputa-

tions. This is because if a researcher publishes a false-

positive result (whether due to misuse of p-values or not) 

and if the result is important, then other researchers will try 

to use or extend the false result. And because the original 

result is a false-positive result, these researchers will fail, 

and the failures will be known in the scientific community, 

and the failures will be harmful to the original researcher’s 

reputation. So, researchers who understand the use of p-

values are careful to use them properly because that is best 

for science and best for their reputations.  

For teaching data-analysis concepts to students who 

aren’t majoring or minoring in statistics or data science, I 

recommend that teachers focus on the proper use of data-

analysis concepts and the scientific concepts behind the pro-

cedures. I also recommend deemphasizing the underlying 

mathematics. (The math can be efficiently handled by a 

computer if the student properly understands the scientific 

concepts.) Of course, for students who are majoring or mi-

noring in statistics or data science, the math is fundamental 

but, for other students, the scientific concepts are more im-

portant and therefore deserve the focus.  

For students who aren’t majoring or minoring in statis-

tics or data science, I recommend that teachers introduce 

students to the following topics, each topic to a depth that is 

consistent with the students’ abilities and consistent with the 

available time: 

• the basic ideas of entities, properties of entities, and varia-

bles in human reality 

• the ideas of summarizing the values of variables with dot 

plots, bar charts, and histograms  

• relationships between variables in human reality and in 

scientific research, including summarizing relationships 

with scatterplots, line graphs, and contingency tables 

• the idea of the empirical study of a relationship between 

variables to achieve reliable prediction and control 

• the distinction between observational and experimental 

research 

• how to read an empirical-research paper looking for 

weaknesses in the research design and weaknesses in the 

logic and how to identify and summarize the relationships 

between variables discussed in a paper 

• how to design an observational empirical-research study 

with maximum statistical power under the available re-

sources 

• how to design an experimental empirical-research study 

with maximum statistical power under the available re-

sources 

• how to focus during the design phase of a research study 

on eliminating the possibility of reasonable alternative ex-

planations arising of the results 

• how to conduct the physical aspects of an empirical-

research study 

• how to analyze and interpret the results of a study, includ-

ing discussion of interpreting the computer output and 

checking whether the assumptions underlying the statisti-

cal procedures are adequately satisfied, and  

• how to write a research paper reporting the results of a 

study.  

Note that it isn’t necessary to cover any of the preceding 

topics in great depth, only enough depth to enable students 

to understand the main ideas. However, it is recommended 

that all the topics be covered because they are all useful to 

understand the use of the ideas in scientific research. The 

details behind the ideas can come in later courses after the 

students have a proper overview of the main ideas. Re-

searchers and students are eager to learn the high-level ideas 

of empirical research because proper knowledge increases 

the researcher’s chance of successfully publishing research 

papers and thereby advancing their careers. 

Although it is useful to carefully study examples of com-

puter output from data analyses, I recommend that there be 

no training in computer programming in an introductory 

course for students who aren’t majoring or minoring in sta-

tistics or data science. This is because programming takes a 

large block of time and there are other more important top-

ics.  

Using proper research design and proper data-analysis 

methods to study relationships between variables is invalua-

ble in all branches of science. If teachers can tightly link the 

statistics and data-science ideas directly to empirical re-

search, then this inclusive approach will help our field to 

assume its natural leadership role in methods for analyzing 

and interpreting the data obtained in empirical research. If 

we statisticians and data scientists can teach students to use 

the general ideas of science, with proper coverage of the 

useful ideas of statistics and data science, we maximize our 

contribution to society. 
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The Optimal Threshold p-Value for a Scientific Journal: 

Part 2 

Donald B. Macnaughton 

Abstract 

A scientific journal that publishes data-based research papers can use a threshold p-value as a “gateway” to 

publication for submitted papers. The gateway helps the journal to maximize the scientific and social bene-

fits of the research papers it publishes. This is done by using the specific threshold p-value that roughly 

minimizes the long-run sum of the costs of the false-positive and false-negative errors that the journal 

makes in selecting papers to consider for publication. Part 1 of this paper explains the main ideas behind 

the gateway. Part 2 gives a constructive graphical and mathematical proof showing that the optimal thresh-

old p-value for a scientific journal exists. 

Keywords: relationship between variables, statistical significance, scientific hypothesis testing 

1. Introduction to Part 2 

Part 1 of the present paper says that if a scientific journal 

that publishes empirical-research papers uses an appropriate 

threshold p-value, then this will maximize the scientific and 

social benefit of the papers that are published or are refused 

publication in the journal. This second part of the paper 

gives a formal economics argument to show how the optimal 

threshold p-value for a journal exists and is unique.  

The argument consists of an extended thought experi-

ment in which we pretend that we know certain things that 

we don’t know. The thought experiment uses ideas devel-

oped by Ioannidis (2005), Tabarrok (2005), and Jager and 

Leek (2014). We will see how the thought experiment re-

veals new facts. 

The argument is developed using the p-value as the 

measure of the weight of evidence. However, an equivalent 

argument could be developed using any other standard 

measure of the weight of evidence, such as the confidence 

interval or the Bayes factor. Using another measure would 

lead to the same conclusion as under the p-value approach—

the optimal threshold value for the measure for the journal 

exists and is unique. (For some of the measures of the 

weight of evidence, the optimal value may also depend 

somewhat on other factors, such as the sample size.) 

We first consider the thought experiment graphically to 

illustrate the logic. We then follow with a mathematical dis-

cussion of the simple ideas behind the graphs.  

Consider a group of 1000 randomly selected research 

studies in some field of empirical research that will be sub-

mitted to a journal (say, Journal A) in the field if they find 

good evidence of the relationship between variables they are 

looking for. That is, the report of each of these studies will 

be submitted to Journal A if the computed p-value for the 

main statistical test in the study is less than (or equal to) 

Journal A’s threshold p-value of, say, 0.05.  

From the perspective of a researcher, these 1000 research 

studies can be broken into two groups—the group of studies 

with a positive result for the main statistical test (i.e., p ≤ 

0.05), which will be submitted to the journal, and the group 

of studies with a negative result for the main test (i.e., p > 

0.05), which won’t be submitted to the journal (because they 

would be rejected).  

From our theoretical perspective we can break the posi-

tive results into two subgroups—the true positive results and 

the false positive results. Similarly, we can break the nega-

tive results into two subgroups—the true negative results 

and the false negative results. 

Based on sensible assumptions, the following discussion 

develops a mathematical model of the occurrence of the four 

types of results in the 1000 research studies that are candi-

dates for Journal A. We model the rates of occurrence of the 

four types of results as a function of the threshold p-value 

used by the journal. We include cost considerations in the 

model, taking direct account of the scientific and social costs 

of false-positive and false-negative errors. We use the model 

to demonstrate that a particular choice of the threshold p-

value minimizes the total cost of the errors, which maximiz-

es the scientific and social benefit of the papers published in 

the journal.  

The argument demonstrates the existence of the optimal 

threshold p-value for Journal A though the argument can’t 

tell us the numeric value.  
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2. Graphical Version of the Argument 

 
Figure 1. The published false-positive error rate 

versus the threshold p-value for Journal A. FP 

= “false-positive.” 

Figure 1 shows, for Journal A, based on certain assump-

tions that are discussed below, the theoretical population rate 

of false-positive errors published by the journal as a function 

of the threshold p-value that is used by the journal. The hori-

zontal axis of the graph shows a range of different possible 

choices for the threshold p-value between 0.01 at the left end 

and 0.3 at the right end. The axis uses a logarithmic scale to 

sensibly stretch things out at the lower end.  

The vertical axis of the graph shows the proportion of the 

1000 research studies in the field whose results are false-

positive errors and are published in the journal. The dashed 

line on the graph shows that proportion for the different 

threshold p-values. For example, the light gray lines on the 

graph tell us that if Journal A uses a threshold p-value of 

0.05, then the published false-positive error rate will be 

roughly 0.03 or 30 of the 1000 research studies. 

The dashed line shows that if the journal uses a higher 

threshold p-value, then the rate of publication of false-

positive errors will be higher. 

Note that the false-positive errors shown on the graph are 

false-positive errors that are due to chance. These false-

positive errors occur because in all fields of empirical re-

search a significant percentage of the research hypotheses 

are false. And in the cases when the research hypothesis is 

false, the statistical tests will sometimes make false-positive 

errors. Thus, for example, if the threshold p-value for a jour-

nal is a 0.05, then in cases when the research hypothesis is 

false (i.e., the null hypothesis is true or at least in effect 

true), false-positive errors will theoretically occur roughly 

5% of the time.  

Of course, in real scientific research there is a second 

source of false-positive errors, which is errors that research-

ers sometimes make in performing their research, which 

sometimes lead to false-positive errors. We are ignoring the 

researcher-caused false-positive errors in the present discus-

sion. If we were somehow able to know the rate of the re-

searcher-caused false-positive errors, we could modify the 

graph to take account of these errors, which would cause the 

line to be higher on the graph. That would have no effect on 

the main argument under discussion. 

Unfortunately, it isn’t possible to empirically derive the 

correct version of figure 1 for a scientific journal. This is 

because, as a practical matter, we can’t measure the rates of 

the false-positive errors in a journal under different threshold 

p-values. So, we can’t know the exact shape or position of 

the line on the graph. However, we can model the line using 

mathematical principles and using reasoned guesses for the 

line’s parameters, as discussed below. 

We do know definitely that the line monotonically in-

creases as the journal’s threshold p-value increases because 

the relatively-easy-to-understand theory of the p-value tells 

us that (assuming everything is done properly) the rate of 

false-positive errors made by a journal is in a monotonic 

increasing relationship with the journal’s choice of the 

threshold p-value. This is because the higher the journal sets 

the threshold p-value, the more lenient the threshold is in 

allowing papers with weak evidence to be accepted for con-

sideration. Papers with weak evidence are more likely to be 

intermixed with papers that are reporting false-positive er-

rors. This is because false-positive errors are more likely if 

the threshold for a positive result is lenient and thus the 

threshold is easy to get past. Since more papers with weak 

evidence will be accepted for consideration, therefore more 

papers that are reporting false-positive errors will be accept-

ed for consideration. 

Due to the complexity of empirical research, editors and 

referees generally can’t reliably distinguish between true 

positive results and false positive results, so they generally 

don’t try. Therefore, if a journal uses a higher threshold p-

value, then since proportionately more papers with false-

positive errors will be accepted for consideration, therefore 

proportionately more papers with false-positive errors will 

be published. Therefore, the false-positive error rate of pa-

pers published in a scientific journal is an increasing mono-

tonic function of the threshold p-value used by the journal, 

as shown in figure 1. 
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Figure 2. The false-negative error rate versus 

the threshold p-value for Journal A. FN = 

“false-negative.” 

Figure 2 shows, for Journal A, based on assumptions dis-

cussed below, the theoretical rate of false-negative errors 

committed by the journal as a function of the threshold p-

value used by the journal. That is, the horizontal axis is the 

same set of values of the threshold p-value as in figure 1 and 

the vertical axis is also the same, reporting the theoretical 

proportion of errors (false-negative errors in this case) in the 

1000 research studies for the different threshold p-values.  

The dot-dash line on figure 2 tells us that the proportion 

of the 1000 research studies that are reporting about real 

(i.e., extant and with non-trivial effect size) relationships 

between variables that were or might have been submitted to 

the journal and that were or would have been wrongly re-

jected because they failed to satisfy the threshold-p-value 

rule. For example, the light gray lines on the graph tell us 

that if Journal A uses a threshold p-value of 0.05, then the 

rate of false-negative errors that will wrongly be un-

published in the journal will be roughly 0.06 or 60 of the 

1000 research studies.  

The dot-dash line shows that if the journal uses a higher 

threshold p-value, then the rate of incorrect rejections of real 

relationships (i.e., the rate of false-negative errors) will be 

lower. 

As with figure 1, the line shows false-negative errors that 

are due to chance, and false-negative errors due to researcher 

errors are ignored. If we were somehow able to know the 

rate of the researcher-caused false-negative errors, we could 

modify the graph to take account of that, which would cause 

the line to be higher on the graph. As with figure 1, that 

would have no effect on the main argument under discus-

sion. 

As with figure 1, we can’t empirically derive the correct 

version of figure 2 for a scientific journal because, as a prac-

tical matter, we can’t measure the rates of false-negative 

errors under different threshold p-values. So, as with the line 

in figure 1, we can’t know the exact shape or position of the 

line on the graph for a journal. However, as with figure 1, 

we can model the line mathematically. 

Similarly, to figure 1, we know from theory that the line 

in figure 2 monotonically decreases as the threshold p-value 

increases. This is because, as noted, a higher threshold p-

value is more lenient, which allows more true but weak re-

sults to be accepted for consideration for publication, which 

will reduce the rate of false-negative errors the journal 

makes. Therefore, the false-negative error rate of papers 

refused for consideration for publication in a journal is a 

decreasing monotonic function of the threshold p-value used 

by the journal, as shown in figure 2. 

 
Figure 3. Figures 1 and 2 overlaid. 

It is helpful to plot the lines on figures 1 and 2 overlaid 

on a single graph, which yields figure 3. Overlaying the lines 

is sensible because both lines pertain to the same 1000 re-

search studies.  

A key idea associated with figure 3 is that the false-

positive and false-negative errors shown by the two lines on 

the figure have scientific and social costs associated with 

them. That is, every false-positive error has a cost in terms 

of wasted resources that are used to try to replicate or use the 

false result, with every individual error having a (differing) 

cost. Similarly, every false-negative error has a scientific 

and social cost in terms of lost information about a new and 

possibly useful relationship between variables, again with 

every error having a (differing) cost. For technical reasons, 

we can’t measure the error costs, but we do know that if the 

rates of false-positive or false-negative errors go up, then the 

total cost of these errors obviously also goes up. 

However, since we are performing a thought experiment, 

let us suppose that we can measure the costs of both false-

positive and false-negative errors in Journal A. This will 

allow us to convert the error lines on figure 3 into cost lines, 

as shown on figure 4. 
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Figure 4. The costs of false-positive and false-

negative errors in Journal A. 

Note how the vertical axis label on figure 4 isn’t “Error 

rate” but is “Cost,” though the numbers on the axis are un-

changed. This is because this discussion is hypothetical, so 

we can view the numbers on the Cost axis as merely a rela-

tive scale. This scale has a true zero because if there were no 

errors, there would be no associated error costs. 

Reflecting the simplest case, the two cost lines on figure 

4 have the same shapes as the two associated error lines on 

figure 3. This is because it is sensible to assume that the 

overall scientific and social cost of each type of error is di-

rectly proportional to the rate of occurrence of that type of 

error. Figure 4 shows this simple case.  

However, if we believe that the costs of the errors are 

more complicated than direct proportions or if we believe 

that the cost of a false-positive error is different from the 

cost of a false-negative error, then we could adjust the lines 

on figure 4 to take account of those beliefs. That would be 

relatively easy to do if we knew the correct lines and if we 

knew the correct costs, which in this thought experiment we 

assume we know. These adjustments would change the rela-

tive positions of the two lines on the graph, but they 

wouldn’t change the fact that the two lines cross on the 

graph in the form of an X, which is the important point for 

the present discussion. 

So, after we have made any necessary adjustments to 

figure 4 to make it reflect the proper costs, we can add to-

gether the two costs at individual threshold p-values on the 

horizontal axis, which gives us the total cost of the false-

positive and false-negative errors for each threshold p-value. 

(This addition is permissible because the original two error 

proportions behind the cost lines were computed based on all 

the research studies in the same relevant group of 1000 re-

search studies that might be submitted to Journal A.) Then 

we can plot the sum of the costs of the two types of errors on 

the graph. The solid line on figure 5 shows the sum of the 

two costs. 

 
Figure 5. Figure 4 with a line added showing 

the sum of the costs of the two types of errors 

for Journal A. 

In figure 5, either with a ruler or with measurement by 

eye, it is easy to see that the height of any point on the curv-

ing solid line on the figure is the sum of the heights (above 

the horizontal zero line) of the dashed lines at points that are 

vertically directly below the point on the solid line. For ex-

ample, if you carefully measure the vertical heights of the 

three lines at 0.05 on the horizontal axis, you will see that 

the height of the solid line is exactly equal to the sum of the 

heights of the two dashed lines. 

Note how the solid line is shaped like a bowl. The bowl 

has, in effect, “fallen into” the notch between the two cost 

lines. Of course, the lowest point on the bowl is the point 

where the sum of the costs of the two types of errors has the 

lowest possible value. 

 
Figure 6. Determining the optimal threshold p-

value for Journal A. 

Figure 6 shows the step of drawing a vertical arrow from 

the lowest point on the bowl to the horizontal axis to identify 

the optimal threshold p-value for the journal—the value that 
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gives us the lowest sum of the costs of the two types of er-

rors. Thus, on the figure, we see that the optimal threshold p-

value for hypothetical Journal A is around 0.06. 

Note how the bowl is somewhat flat in the vicinity of the 

lowest point, so one could argue that the optimal value is 

somewhat indeterminate. That argument would be reasona-

ble if we were considering the empirical optimal value—i.e., 

if we had somehow obtained figure 6 empirically—because 

then the solid line on the graph would be subject to meas-

urement error, which would likely make the minimum point 

difficult to identify, so the chosen point would likely be 

somewhat arbitrary.  

However, that argument doesn’t apply in the present the-

oretical case because in our thought experiment the theoreti-

cal exact optimal value is, of course, the exact lowest point 

on the bowl which, due to the geometry of the situation, ex-

ists and is unique (though we can’t know the value numeri-

cally). Appendix G in part 1 of this paper discusses how the 

actual threshold p-value chosen by a journal is somewhat 

arbitrary.  

The threshold value is unique to the journal because dif-

ferent journals will generally have different false-positive 

and false-negative error cost lines. Therefore, different jour-

nals will have different lines representing the sum of the 

costs with different minimum points leading to different 

optimal threshold values, unique to each journal. 

Figure 6 shouldn’t be interpreted as suggesting that the 

optimal threshold p-value for a journal is roughly 0.05. This 

is because it is easy to move the minimum point of the bowl 

on the figure far to the left or far to the right by changing the 

values of the parameters of the algorithm that generates the 

figure, as explained below. Instead, the figure illustrates how 

things work and illustrates that the theoretical optimal 

threshold p-value for Journal A exists, as defined by the 

point on the horizontal axis where the vertical arrow drop-

ping from the lowest point on the bowl points. 

3. Mathematical Version of the Argument for Figure 
1 

For some readers, the graphical argument in the preceding 

section may be enough to convince them that the optimal 

threshold p-value for a journal exists. However, it is useful 

for further understanding to consider a mathematical version 

of the argument. We consider the math in terms of the com-

puter program that generates the data to draw figures 1–6 

because the program precisely specifies the math. 

The program is written in the SAS programming lan-

guage though you needn’t understand that language to un-

derstand the following discussion. The program can be con-

verted to any other standard programming language (assum-

ing the language can provide the needed statistical functions) 

and it will give exactly the same lines on the graphs. 

In SAS, if we wish to generate or manipulate data, we 

use a DATA step, which consists of multiple lines of SAS 

code. The first line in a DATA step is a DATA statement 

that indicates the beginning of the step and names the data 

set that we will generate—we will name our data set 

“GraphData.” Here is the statement: 

data GraphData; 

Next, we set the values of five variables that the program 

will use when it is run. We can later change these values and 

then rerun the program to study the behavior of the program 

under different conditions. We use a RETAIN statement to 

tell SAS to “retain” the values over consecutive “passes” 

through the DATA step because otherwise SAS will (sensi-

bly) set the values to “missing” at the beginning of each 

pass: 

retain PctTrue 30 PosPctPub 90 ntotal 60 

meandiff 20 stddev 27; 

We discuss the meaning and use of the values of the preced-

ing five variables in due time below. 

Figures 1–6 all have the same range of threshold p-

values on the horizontal axis, running between 0.01 and 0.3. 

So, to draw the figures, we must generate data at different 

threshold p-values between 0.01 and 0.3. We do this with a 

“DO loop” in the program, which is a set of multiple SAS 

statements in a DATA step and which, in the present case, 

begins with the following statement: 

do ThreshP = 0.01 to 0.3 by 0.001; 

This statement tells SAS to execute the statements that fol-

low the DO statement down to a matching END statement 

once for every value of ThreshP between 0.01 and 0.03 (in-

clusive) using the increment of 0.001 to step between values. 

Of course, each time SAS executes the statements, the varia-

ble ThreshP will have the appropriate value and will be 

available for use in the computations. 

As noted, we assume we are studying 1000 research 

studies in some field of empirical research that might be 

submitted to Journal A. Each of these studies is studying a 

relationship between variables. As specified in the variable 

PctTrue in the RETAIN statement, we assume that 30% of 

the research studies are studying a true relationship between 

variables—that is, the research hypothesis that is under study 

is true. Thus, the other 70% of the research studies are, un-

fortunately for the associated researchers, studying a situa-

tion in which the postulated relationship between the varia-

bles doesn’t detectably exist in the studied population—that 

is, the null hypothesis is true (or is in effect true).  

As noted in section 5.3 of part 1 of this paper, the null 

hypothesis expresses the idea that there is no relationship 

between the variables. The idea in the preceding paragraph 

of the null hypothesis being “in effect true” enables us to 

take account of relationships between variables that exist but 

are too weak to be detected with present-day research. We 

take account of such relationships by noting that though the 

null hypothesis isn’t exactly true in these cases, it is in effect 

true in the sense that the existence of the relationship is em-
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pirically indistinguishable from the null hypothesis with 

present-day measuring instruments and with affordable sam-

ple sizes.  

The borderline in empirical research between (a) when a 

null hypothesis is true or in effect true, and (b) when the null 

hypothesis is false is fuzzy, which is of philosophical inter-

est. However, the fuzzy borderline doesn’t cause practical 

problems. This is because the nature of the situation implies 

that the borderline is always well outside the range of our 

measuring instruments, so we needn’t be concerned about 

the precise distinction between the two cases in an empirical 

sense. 

The estimate that only 30% of the research studies in a 

field of science are studying true relationships between vari-

ables may seem low to some readers, but it likely won’t 

seem low to many people who do day-to-day research. 

These people know that many research studies are per-

formed that yield negative results, so the studies are aban-

doned, and nothing is said or written about them because 

they are uninteresting relative to positive results. And the 

negative results are slightly embarrassing because they 

“failed” to find the relationship between variables or other 

effect that the researcher thought was likely present. 

For readers who think 30% may be too low, if we rerun 

the present program with PctTrue set at, say, 60% instead of 

30%, the program will produce a somewhat different version 

of figure 6, but there will be no change to the general bowl 

pattern of the solid line on the graph and no changes to the 

key points implied by the graph. 

As noted, we are working with 1000 research studies, 

with each study studying a possible relationship between 

variables. Consider the following two lines of code that im-

mediately follow the DO statement: 

nTrueRels = 1000 * (PctTrue / 100); 

nFalseRels = 1000 - nTrueRels; 

The first line tells us how many true relationships between 

the variables we have in the 1000 research studies. For ex-

ample, if PctTrue is 30, then we will have 300 true relation-

ships and, as computed in the second line, we will have 700 

false relationships. 

The next line of code tells us how many of the 1000 re-

sults will be false-positive results according to the current 

value of the threshold p-value: 

nFalsePos = ThreshP * nFalseRels; 

The preceding line of code is correct based upon the defini-

tions of the p-value and the threshold p-value. By definition, 

the threshold p-value for a journal is roughly the fraction of 

the time that the p-value for the main result in a paper sub-

mitted to the journal will be less than the journal’s threshold 

p-value in the set of cases when there is no relationship (or 

no detectable relationship) between the variables in the pop-

ulation (and if certain often-satisfied assumptions are ade-

quately satisfied). So, if we have 700 cases of no relation-

ship between the studied variables, then the number of these 

cases in which the p-value will be less than the threshold p-

value of 0.05 is estimated as 0.05 × 700 = 35.  

Since the 35 cases of false-positive results have p-values 

less the journal’s threshold p-value, and because researchers 

are almost always unaware that a positive result is a false-

positive result, and because researchers are eager to have 

their research papers published, we can assume that the 35 

studies containing the false-positive results will be submitted 

to Journal A. However, not all positive results submitted to a 

reputable scientific journal are published because journals 

have other standards that a paper must satisfy in addition to 

the threshold-p-value standard. We assume that the percent-

age of positive results submitted to Journal A that are pub-

lished is specified in the variable PosPctPub, as given in the 

RETAIN statement above. Therefore, the number of false-

positive results that are published in Journal A is computed 

as 

nFalsePosPub = nFalsePos * (PosPctPub / 

100); 

For example, if PosPctPub is 90 (as specified in the RE-

TAIN statement), and if 35 false-positive results are submit-

ted to the journal, then 35 × 0.9 or roughly 32 of them will 

be published. The two gray lines on figure 1 reflect this case 

in terms of an 0.032 proportion of the 1000 studies. 

Now, working with 1000 research studies was an as-

sumption to make things easier to understand, but this as-

sumption is restrictive and unnecessary, so we can change 

from the count of the research studies with false-positive 

errors to a more general proportion with the following line 

of code: 

PropFalsePosPub = nFalsePosPub / 1000; 

At this point, the program has generated a single line of data 

of the multiple lines of data that we need to draw figure 1. 

Of course, the two variables in the data line that we need to 

draw the figure are ThreshP (plotted on the horizontal axis 

of the graph) and PropFalsePosPub (plotted on the vertical 

axis). 

The next line of code tells SAS to write the values of all 

the variables in the line of data into a new row of data in the 

GraphData data set that is being created: 

output; 

We end the DO loop at this point with the following state-

ment: 

end; 

The END statement tells SAS to go back to the DO state-

ment above and execute the lines of code in the loop again, 

using the next value of ThreshP (unless, of course, ThreshP 

has passed 0.3). This will write the next row of data into the 

data set, and so on until all the rows of data are written. If 

we run the program, SAS tells us in the “log” of the run that 
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it wrote 291 rows of data into the GraphData data set, which 

is the correct number given the specifications of the DO 

statement above. 

As noted, the 291 values of ThreshP and PropFalsePo-

sPub in the GraphData data set are the values we need to 

draw figure 1. Thus, we need only give the GraphData data 

set to a graph-plotting program and give it a few simple in-

structions and it will draw figure 1. 

(The program to generate the data, including the code to 

draw the six figures and the PDF output from the program, is 

available in the Supplementary Information for this paper. 

For interested readers, instructions in the Supplementary 

Information explain how to run the program using free 

online SAS software and how to change the values of the 

parameters in the RETAIN statement to see what happens if 

you do that.) 

It is important to distinguish between  

• the proportion of research studies in a field that are report-

ing false-positive errors and that are published in a journal 

and  

• the proportion of research studies that are published in a 

journal that are reporting false-positive errors.  

It is the first of the above two proportions that is plotted on 

the vertical axis of figure 1. The second proportion, which is 

directly related to the first, is always higher than the first due 

to the underlying mathematics and due to the fact that (with 

rare exceptions) only positive research results are published 

in scientific journals. The second proportion is discussed 

appendix B of part 1 of this paper. 

4. Mathematical Version of the Argument for Figure 
2 

Let us now add code to the program to generate the data for 

figure 2, which we do by adding six more lines of code to 

the program, adding the lines immediately before the OUT-

PUT statement. These lines generate a new variable, 

PropFalseNeg, which tells us the proportion of research re-

sults in the field that are false-negative results as a function 

of the threshold p-value. The values of the PropFalseNeg 

variable together with the values of the ThreshP variable are 

the data behind figure 2. 

As with figure 1, in generating the data for figure 2, we 

begin by working with 1000 research studies that might be 

submitted to Journal A because this point of view is easy to 

understand. However, in this case, the 1000 research studies 

are quite different from the 1000 research studies in figure 1. 

In generating figure 1, we considered 1000 different research 

studies. To generate figure 2, we consider the case in which 

we repeat exactly the same research study 1000 times, each 

time collecting data from a fresh sample of entities from the 

(same) studied population. The sensibility of this approach 

will become clear later below. 

For a simple concrete example, consider the study of a 

relationship between a “binary” predictor variable and a 

“continuous” response variable. For example, suppose we 

are medical researchers, and we wish to test whether a new 

blood-pressure drug lowers the blood pressure in patients 

with high blood pressure.  

Because it is efficient, we decide to use two doses of the 

drug in our experiment, which are a zero dose and a high but 

safe dose. So (using a placebo and appropriate medical 

“blinding”), we randomly assign the two doses to suitable 

volunteer patients and, after sufficient time for the drug to 

show an effect, we measure the drop in each patient’s blood 

pressure from before the patient received the drug or placebo 

until after they have received it. Of course, we wish to know 

whether the high dose of the drug yields a significant change 

in the response variable—i.e., a significant drop in each pa-

tient’s blood pressure in the patients who received the drug 

relative to the patients who received the placebo.  

So, we compare the average drop in blood pressure in the 

patients who received the drug with the average drop (if any) 

in the patients who received the placebo. In this case, the 

accepted way to compute the relevant p-value is with the 

“two-sample t-test,” which is the most powerful standard 

statistical test for evidence of a relationship between a binary 

predictor variable (e.g., drug dose with two levels) and a 

continuous response variable (e.g., drop in blood pressure). 

(The t-test is applicable if certain often-satisfied assump-

tions are adequately satisfied, which we assume are satisfied 

in the thought experiment. For completeness, it is notewor-

thy that we could also compute the p-value using the “be-

fore” and “after” blood pressures for each patient and using 

the “paired” t-test, but this would give us exactly the same p-

value.) 

We assume that each of our 1000 research studies com-

pares two groups of 30 patients for a total of 60 patients—30 

patients receiving the drug and 30 receiving the placebo. 

Each study uses exactly the same procedures and then per-

forms a two-sample t-test for the difference in the drop in 

blood pressure between the two groups. The only difference 

between the studies is that in each study we obtain a fresh 

random sample of patients from the population.  

We also assume that we know the correct values of the 

parameters of the relationship between the two variables, as 

follows: We assume that the blood-pressure drug is effective 

in 300 of the cases (as dictated by PctTrue), and in these 

cases the population mean difference of the response varia-

ble between the two groups under consideration is 20 units 

(e.g., millimeters of mercury), and the population standard 

deviation of the mean difference is 27 units. In the other 700 

cases, we assume that there is no relationship between the 

two variables, so the population mean difference between 

the two groups is zero. 

So, let us add code to the program to simulate this very 

specific case, which we use to provide a graphical approxi-

mation of the general case. (We generalize the approxima-

tion later below.) In adding the code, we can use the fact that 

the key numbers in the preceding three paragraphs (i.e., 60, 
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30, 20, and 27) are all known to the program because they 

are all given in the RETAIN statement above. 

In this specific situation, to draw the false-negative-error 

line on figure 2, we need to determine how many of the 1000 

instances of the two-sample t-test will be false-negative er-

rors. So, we need to count the instances among the 300 posi-

tive results when the research study fails to detect the rela-

tionship—i.e., the computed p-value is greater than the 

threshold p-value, which implies a false-negative error. We 

will do this counting in a moment after some necessary pre-

liminary points. 

(Of course, the researcher is generally unaware that a 

certain negative result is a false-negative result because there 

is generally no way to know that apart from doing appropri-

ate further research.) 

In generating figure 2, we must also take account of the 

strength of the relationship between the variables because if 

a relationship is weak, then a false-negative error is more 

likely to occur than if the relationship is strong. In the t-test 

case that we are studying, we know the strength of the rela-

tionship from the information given above, and the strength 

is the same in every one of the 300 positive cases because 

we are doing exactly the same research studying exactly the 

same relationship between variables in the same population 

in every case. Of course, this greatly simplifies taking ac-

count of the strength, which is why we have used the ap-

proach. In general, though, the strength of the relationship 

between variables under study varies from one research 

study to the next, so we must take account of that fact, which 

we do later below. 

The strength of the relationship between variables we are 

expecting to find in the t-test example is encapsulated in the 

two parameters of the relationship, with values 20 and 27. 

Of course, we usually don’t know the values of the parame-

ters for a relationship between variables in advance, but we 

assume we know them in our thought experiment. Since we 

know the strength of the relationship, this enables us to 

compute the “power” of the statistical test in the 1000 re-

search studies. We will use the measured power as a key to 

drawing figure 2. 

The “power” of a statistical test is the fraction of the time 

that the test will detect the studied relationship between the 

variables if certain sensible conditions are satisfied. The 

conditions are that  

• we specify the form of the relationship between the varia-

bles in a way that enables us to compute the power (as we 

have done in the t-test example) 

• we specify the design of the research study (as we have 

done in the t-test example) 

• we use a particular specified threshold p-value, such as 

0.05, and  

• everything is done according to certain sensible rules, as 

explained in statistics and data science textbooks.  

We assume that the four conditions are satisfied in our 1000 

research studies though we won’t use a single threshold p-

value but will instead perform the computation with each of 

the 291 different threshold p-values to enable us to generate 

figure 2. 

Since statistical power is the fraction of the time that a 

research study will detect the specified relationship between 

the variables, the power of a statistical test for detecting a 

relationship always lies between 0 and 1 (just like the values 

of the p-value always lie between 0 and 1). Ideally, a statisti-

cal test in an empirical-research study should have a power 

of at least 0.8 for the relationship between variables that it 

hopes to detect because that gives the research study a good 

chance of detecting the relationship if the relationship is 

present in the population. That is, if a research study has a 

power of 0.8, then it will successfully detect the relationship 

0.8 of the time that the study is performed if the relationship 

has the form specified in the power computations. 

An obvious question a reader might ask here is why re-

searchers don’t design research studies with a power of, say, 

0.99 or even 1.0. The answer is that sensibly performing a 

research study with such high power would be very expen-

sive, so the researcher must always trade statistical power 

against research cost. (In view of this trade-off, statisticians 

and data scientists have invented research designs that can 

substantially increase the power of statistical tests while only 

minimally increasing the costs.) 

We can compute the power of a statistical test using the 

standard theory of statistical power, which is straightforward 

though somewhat complicated in the mathematical details. 

Fortunately, we needn’t consider the math because a com-

puter can look after that. Instead, we need only note that 

power is the fraction of the time that the research study will 

detect the specified relationship under the specified condi-

tions, as discussed above. We will use this key fact in a mo-

ment after we briefly explain the high-level steps to compute 

power. 

To compute the power of a statistical test, we substitute 

the values of the parameters of the model equation of the 

relationship and the required specifications of the research 

design into the appropriate power equations and then the 

computer evaluates the equations to determine the power. 

Power equations to do this computation are derived in statis-

tics textbooks about power and are available for all the 

standard statistical tests of relationships between variables. 

Many general data-analysis software systems contain pre-

programmed routines with the power equations that can 

compute statistical power for a variety of standard research 

designs. 

So, in the present example, we use the variable meandiff 

to tell the statistical power equations that in the 300 positive 

cases the population mean difference between the two 

groups in the t-test is 20 units, we use stddev to specify that 

the population standard deviation of the mean difference is 

27 units, we use ntotal to tell the equations the number of 

entities in the two groups is 60, and we use ThreshP to speci-

fy the threshold p-value that is currently under consideration 
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in the DO loop. Then the power equations ingest these num-

bers and determine the power. For example, if we use the 

numbers above and if the threshold p-value under considera-

tion is 0.05, then the power equations for the two-sample t-

test tell us that the power of this statistical test is roughly 

0.805 if the relationship has or were to have the specified 

mean difference and standard deviation. 

Here are the highly obtuse three lines of SAS code that 

we add to the program to specify the power equations to 

compute the power of the two-sample t-test under the speci-

fied conditions:  

Ncp = ntotal * 0.5 * 0.5 * meandiff**2 / 

stddev**2; 

Critval = finv(1-ThreshP, 1, ntotal-2, 

0); 

TestPower = sdf('f', Critval, 1, ntotal-

2, Ncp); 

You needn’t understand the preceding three lines, and you 

need only understand that the third line properly assigns the 

power of the test in the situation under study to the 

TestPower variable according to the current value of 

ThreshP in the DO loop. However, for readers who are curi-

ous, the three lines of code are copied from a web page 

about computing the power of the two-sample t-test pub-

lished by SAS Institute (2021), with links to further refer-

ences to standard theoretical discussions of statistical power. 

In the present discussion, we view the above three lines 

as a black box that correctly computes the power of the two-

sample t-test if we give the three lines the values of all the 

variables that appear on the right-hand side of the equals 

signs in the three lines. 

So, if we execute the preceding three lines of code (using 

the values of ntotal, meandiff, stddev, and the current value 

of ThreshP), we obtain the value of TestPower, which we 

use to help to draw figure 2. In particular, using TestPower, 

we can compute the number of true positive results in the 

1000 research studies for the current value of ThreshP by 

multiplying the number of true relationships (computed ear-

lier) by the power, as follows: 

nTruePos = TestPower * nTrueRels; 

For example, if the number of true relationships is 300, and 

if the threshold p-value is 0.05, then, as noted, the power is 

approximately 0.805. In this case, the number of true posi-

tive results will be 300 × 0.805, which is roughly 242. Then 

we can compute the number of false-negative results as 

nFalseNeg = nTrueRels - nTruePos; 

Thus, if we have 242 true positive results then we will have 

300 − 242 = 58 false-negative results in the 1000 research 

studies. The two gray lines on figure 2 reflect this case in 

terms of an 0.058 proportion of the 1000 studies. 

Finally, we convert the count of research studies with 

false-negative results to a proportion as 

PropFalseNeg = nFalseNeg / 1000; 

This completes the code to compute the data needed to draw 

figure 2. Note the relative simplicity of the computation. We 

discuss the generalization of the figure in a moment. 

5. Generating Figures 3–6 

Of course, figure 3 is simply figures 1 and 2 overlaid, and 

figure 4 is simply figure 3 with different labeling. 

For figures 5 and 6, we need to compute the sum of the 

costs of the false-positive and false-negative errors to enable 

plotting the curving black line on the two figures. We do this 

with one more line of code in the program immediately be-

fore the OUTPUT statement. For this line we assume that 

false-positive and false-negative errors are equally costly. 

Here is the line: 

Cost = PropFalsePosPub + PropFalseNeg; 

We can easily relax the assumption of equal error costs by 

including a multiplicative factor (or another sensible func-

tion) for one or both of the terms on the right-hand side of 

the equals sign of the statement. 

Finally, there is one more line of code that is (formally) 

required in the DATA step after the END statement, as fol-

lows: 

run; 

This line tells SAS that the specification of the DATA step is 

complete and therefore SAS can now “run” (i.e., compile 

and then execute) the statements in the DATA step to gener-

ate the GraphData data set containing the data needed to 

draw figures 1–6. 

6. Generalization of Figure 6 

Figures 1–6 illustrate the concepts. However, figure 6 is the 

correct graph for Journal A only if all the research studies in 

the field are exactly like the research study that was used 

(i.e., with a two-sample t-test, with a mean difference of 20, 

etc.) as specified in the values of the parameters in the RE-

TAIN statement. But, of course, the research studies in any 

field are all different. So, we must generalize the preceding 

discussion.  

We can easily do the generalization in our thought exper-

iment by using the program above to draw a (imaginary) 

correct version of figure 6 for the main result in each re-

search study in a field of science. That is, for each study, we 

can change the two-sample t-test program code above into 

the correct code for the main result in that study. For each 

study, we can do this (in our imagination) with two steps: 

1. Replace the three lines above that compute the value of 

the TestPower variable as a function of the threshold p-

value with the lines of code that are appropriate to com-

pute the test power as a function of the threshold p-value 

for the main result in the new research study. 
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2. Insert the correct values of the parameters referenced in 

the new lines of code in the RETAIN statement.  

This is all we need to do to convert the program for any oth-

er specific research study because the three lines of code and 

the code to set the values of the parameters are the only lines 

that are unique to the t-test case and the other lines of code 

in the program operate at a more general level. 

Appropriate lines of code to compute the value of 

TestPower are available for any sensible research study ei-

ther through statistical theory or, if the relevant theory isn’t 

available, through an appropriate computer simulation. Thus, 

for the main result in any research study, we could in theory 

insert the appropriate values of the parameters of the model 

equation of the studied relationship and the parameters of the 

research design into the RETAIN statement at the beginning 

of the program and we could insert in the DO loop the ap-

propriate lines of code to compute the power. Then the pro-

gram could compute the path of the false-negative cost line 

behind figure 6 as a function of the threshold p-value for that 

research study and thus we could use the data from the pro-

gram to draw the correct version of figure 6 for that study. 

Thus, we can in our imagination generate a version of 

figure 6 for every research study performed in a field of sci-

ence, which might lead to tens of thousands of imaginary 

graphs. Of course, in generating these graphs for the differ-

ent research studies, we must specify (in the RETAIN state-

ment) the true values of the relevant parameters of the model 

equation of the relationship between variables under study 

though, of course, we invariably don’t know the true values. 

(Generally, the purpose of a research study is, in part, to 

determine estimates of these values.) However, in this 

thought experiment we can assume that we know the true 

population values of the parameters because this advances 

the argument without harming the argument’s validity, as we 

shall see. 

Technical note: In the preceding discussion we don’t 

need to know the true model equation for the relationship 

between variables we are studying, but we do need to know 

the true values of the parameters of the model equation that 

we are using. The true population values of the parameters 

of a specified model equation of a relationship between vari-

ables are sensibly defined as the parameter estimates that we 

would obtain if we were to perform an appropriate empiri-

cal-research study to derive estimates of the parameter val-

ues, and if we were to use perfectly accurate and perfectly 

precise measuring instruments to measure the values of the 

relevant variables, and if we were to use a sample that in-

cludes every entity in the population (and if we were to do 

everything according to the rules behind the procedures). 

Thus, in principle, the true population values of parameters 

are empirically obtainable for any population and any model 

equation, though obtaining the values would generally be 

prohibitively expensive. So, in practice, the true population 

values of parameters of model equations generally aren’t 

knowable, though they are estimable through appropriate 

research. 

Note how the point of view has changed from the view 

of performing the same research study with a two-sample t-

test 1000 times to the view of performing every research 

study that might be submitted to Journal A 1000 times. We 

imagine performing these multiple sets of 1000 research 

studies to set the scene. Then, for each of these research 

studies, we imagine running the above program simulating 

the study (with the proper modifications) to draw the rele-

vant version of figure 6. 

In each of the tens of thousands of cases, we will obtain a 

graph that is similar to figure 6. The false-positive line will 

always be the same because, as discussed above, the false-

positive line doesn’t depend on properties of the research 

studies but depends only on two properties of Journal A—

the percentage of research hypotheses that are true in Journal 

A’s field (e.g., 30%) and the percentage of positive results 

that are submitted to Journal A that are published (e.g., 

90%).  

In contrast, the false-negative error line, though it will 

always be monotonically decreasing, will move around from 

graph to graph. That is, the slope and the horizontal and ver-

tical positions of the point of inflection of the line will 

change depending on the effect size under study (which will 

sometimes be zero or essentially zero) and will change de-

pending on the properties of the statistical test. (The left and 

right endpoints of the false-negative error line are always 

fixed at particular values, as explained and illustrated in the 

computer program output BowlGraphFinal-results.pdf in the 

supplementary information.) The fact that the false-negative 

line moves around implies that the optimal threshold p-value 

for each specific research study (as indicated by the lowest 

point on the bowl on each graph) will generally be different 

from graph to graph. 

Will all the tens of thousands of graphs be similar to fig-

ure 6 in the sense of having a bowl with a minimum point? 

Yes. This is because (assuming a non-zero effect) conceptu-

ally in each case all that is changing from graph to graph is 

the form of the monotonically increasing relationship be-

tween the threshold p-value and the power of the test (as 

specified by the power equations and by the parameters of 

the situation). And, regardless of the exact form of this rela-

tionship, it will (because it is monotonically increasing) gen-

erate a monotonically decreasing relationship between the 

threshold p-value and the false-negative error rate, as illus-

trated in the specific case in figure 2.  

Thus, the geometry of the situation implies that when the 

false-positive and false-negative error costs (as computed 

from the error rates) are added together, the sum will be 

shaped like the bowl in figure 6 though, as noted, the lowest 

point on the bowl will generally be different from graph to 

graph. The computer output BowlGraphs-results.pdf in the 

supplementary information illustrates some different bowls. 
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For the purpose of the present discussion, a sensible way 

to interpret the tens of thousands of graphs is: The vertical 

arrow on each graph indicates the optimal threshold p-value 

for Journal A if all the research studies in the field were the 

same as the study behind the graph. 

So, after we have generated the tens of thousands of im-

aginary graphs, let us imagine computing the “average” of 

the optimal threshold p-values shown on the graphs. Argua-

bly, the “average” of the minimum points on the bowls for 

all the graphs defines the optimal threshold p-value for the 

journal because this value minimizes the sum of the overall 

costs of the two types of errors across all the papers submit-

ted or potentially submitted to the journal. 

We might wonder which measure of central tendency we 

should use to compute the average—whether it should be a 

simple mean or some other function of the optimal threshold 

p-values from the tens of thousands of graphs, possibly even 

weighting each result to reflect its importance. Of course, 

our goal here would be to choose the averaging function that 

best minimizes the sum of the costs of the errors across all 

the research studies in the field.  

However, as a practical matter, the issue of the precise 

way to compute the average is less important because we 

can’t compute the average in practice because we don’t 

know nearly enough for that. The important point is that the 

thought experiment implies that there is a sensible optimal 

average threshold p-value for a journal though the experi-

ment can’t tell us what the numeric value is. 

It is noteworthy that many studied relationships between 

variables don’t exist (or at least don’t detectably exist) in a 

population, and thus the null hypothesis is true (or in effect 

true) in these cases. If we run the preceding program for a 

research study that is studying one of these nonexistent rela-

tionships, and if we correctly tell the program that the effect 

size in the study is zero or very close to zero, then the pro-

gram will correctly tell us that the optimal threshold p-value 

in this case is zero or very close to zero.  

The threshold p-value of zero is intuitively sensible for 

these studies (which are limiting cases) because if any one of 

them reports a positive result, then it will be a false-positive 

result, and a threshold p-value of zero will correctly prevent 

the false-positive result from being published. (A false-

negative error can’t happen in these cases because the rela-

tionship doesn’t exist.) This leads to the question of how to 

handle the averaging discussed above in the cases when rela-

tionships between the variables don’t exist in the population 

which, though we never know this to be the case in practice, 

we do know in the thought experiment. Might the prepon-

derance of these cases somehow improperly disturb the bal-

ance? Seemingly not, because the algebra seems correct. 

However, we don’t need to deal with this problem because 

we don’t intend to do the averaging because we can’t do it in 

practice. 

Technical note: The preceding two paragraphs are cor-

rect if the percentage of research hypotheses that are true in 

Journal A’s field—PctTrue—is less than 50%, which seems 

likely the case in most fields of science because nature’s 

secrets are hard to unlock. So, researchers are generally cor-

rect in their research hypotheses less than half the time. 

However, if PctTrue is greater than 50% in some field of 

science, and if the effect size in a particular research study is 

zero or very close to zero, then the program tells us that the 

optimal threshold p-value for this case is 1.0 or very close to 

1.0. This somewhat surprising outcome is a consequence of 

the underlying mathematics behind minimizing the sum of 

the costs of the errors and is illustrated in BowlGraphs-

results.pdf in the Supplementary Information. In this case, 

the bowl is truncated. 

It is easy to imagine refinements that would make the 

mathematical model discussed above more closely resemble 

real empirical research. For example, the argument assumes 

that a certain percentage of the research hypotheses in the 

field are true (PctTrue), and the remainder of the hypotheses 

are false and thus the null hypothesis is true (or in effect 

true) in these cases. In reality, there is no hard borderline 

between true research hypotheses and false research hypoth-

eses and instead there is (presumably) a continuum, which 

we might model. However, it seems likely (though not cer-

tain) that every realistic refinement will lead to total-cost 

bowls with minimum points, and the “average” of the mini-

mum points across all the research studies in the field sensi-

bly defines the optimal threshold p-value for the journal, 

which is the main point of this discussion. 

The thought experiment tells us that the optimal thresh-

old p-value for a scientific journal exists but, as noted, the 

experiment doesn’t tell us the numeric value of the optimal 

threshold p-value for a journal. So, a journal must use anoth-

er method to determine the numeric value. As discussed in 

section 10 of part 1 of this paper, editors and researchers 

determine the numeric optimal value based on experience, 

intuition, and norms. This approach is sensible because edi-

tors and researchers generally agree that it is fair, fast, works 

well, and nobody has thought of a better approach. 

Supplementary Information 

The supplementary information for this paper is at 

https://matstat.com/optp.zip  

References 

APA (American Psychological Association) (1952), Publi-

cation Manual of the American Psychological Associa-

tion. Washington, DC: American Psychological Associa-

tion. 

APA (American Psychological Association) (1957), Publi-

cation Manual of the American Psychological Association 

1957 Revision. Washington, DC: American Psychological 

Association. 

Baker, A. (2022), “Simplicity.” The Stanford Encyclopedia 

of Philosophy (Summer 2022 Edition), ed. E. N. Zalta 

https://matstat.com/optp.zip


The Optimal Threshold p-Value for a Scientific Journal 27. 

 

https://plato.stanford.edu/archives/sum2022/entries/simpli

city/  

Benjamin, D.J., Berger, J.O., Johannesson, M. et al. (2018), 

“Redefine statistical significance.” Nature Human Behav-

iour 2, 6–10. https://doi.org/10.1038/s41562-017-0189-z  

Benjamini Y., and Hochberg Y. (1995), “Controlling the 

False Discovery Rate: A Practical and Powerful Approach 

to Multiple Testing.” Journal of the Royal Statistical So-

ciety, Series B 57 (1): 289–300. 

https://doi.org/10.1111/j.2517-6161.1995.tb02031.x  

Białek, M., Misiak, M., and Dziekan, M. (2023), “The vi-

cious cycle that stalls statistical revolution.” Nature Hu-

man Behaviour 7, 161–163. 

https://doi.org/10.1038/s41562-022-01515-3   

Camerer, C. F., Dreber, A., Holzmeister, F., Ho, T.-H., Hu-

ber, J., Johannesson, M., Kirchler, M., et al. (2018), 

“Evaluating the Replicability of Social Science Experi-

ments in Nature and Science between 2010 and 2015.” 

Nature Human Behaviour 2: 637–44. 

https://doi.org/10.1038/s41562-018-0399-z  

Campbell, H., and Gustafson, P. (2019), “The World of Re-

search Has Gone Berserk: Modeling the Consequences of 

Requiring ‘Greater Statistical Stringency’ for Scientific 

Publication.” American Statistician 73:sup1: 358–73. 

https://doi.org/10.1080/00031305.2018.1555101  

Cox, D. R. (1977), “The Role of Significance Tests” (with 

discussion). Scandinavian Journal of Statistics 4: 49–70. 

https://www.jstor.org/stable/4615652  

Errington, T. M., Mathur, M., Soderberg, C. K., Denis, A., 

Perfito, N., Iorns, E., and. Nosek, B. (2021), “Investigat-

ing the Replicability of Preclinical Cancer Biology.” eLife 

10:e71601. https://doi.org/10.7554/eLife.71601  

Fisher, R. A. (1925) Statistical Methods for Research Work-

ers. Edinburgh: Oliver and Boyd. The 14th edition of this 

book appears in Fisher (1990). 

Fisher, R. A. (1990) Statistical Methods, Experimental De-

sign, and Scientific Inference. Oxford UK: Oxford Uni-

versity Press. 

Gönen, M, Johnson, W. O., Lu, Y., and Westfall, P. H. 

(2019), “Comparing Objective and Subjective Bayes Fac-

tors for the Two-Sample Comparison: The Classification 

Theorem in Action.” The American Statistician, 73:1, 22-

31. https://doi.org/10.1080/00031305.2017.1322142  

Habiger, J., and Liang, Y. (2022), “Publication Policies for 

Replicable Research and the Community-Wide False Dis-

covery Rate.” American Statistician 76 (2): 131-14. 

https://doi.org/10.1080/00031305.2021.1999857  

Ioannidis, J. P. A. (2005), “Why Most Published Research 

Findings Are False.” PLoS Medicine 2 (8): e124. 

https://doi.org/10.1371/journal.pmed.0020124  

Jager, L., and Leek, J. T. (2014), “An Estimate of the Sci-

ence-Wise False Discovery Rate and Application to the 

Top Medical Literature” (with discussion). Biostatistics 

15 (1): 1–45. https://doi.org/10.1093/biostatistics/kxt007 

JEP (Journal of Experimental Psychology) (1960), Volume 

60, Issue 1 (entire issue with front and back covers). 

https://archive.org/details/sim_journal-of-experimental-

psychology-general_1960-07_60_1/mode/2up  

Kennedy-Shaffer, L. (2019), “Before p < 0.05 to Beyond p < 

0.05: Using History to Contextualize p-Values and Signif-

icance Testing.” American Statistician 73:sup1: 82–90. 

https://doi.org/10.1080/00031305.2018.1537891  

Lakens, D., Adolfi, F.G., Albers, C.J. et al. (2018), “Justify 

your alpha.” Nature Human Behaviour 2, 168–171. 

https://doi.org/10.1038/s41562-018-0311-x  

Macnaughton, D. B. (2021), The War on Statistical Signifi-

cance: The American Statistician vs. the New England 

Journal of Medicine. Toronto: Author. 

Maier M, and Lakens D. (2022), “Justify Your Alpha: A 

Primer on Two Practical Approaches.” Advances in 

Methods and Practices in Psychological Science, 5(2): 

1−14. https://doi.org/10.1177/25152459221080396  

Mayo, D. G. (2018), Statistical Inference as Severe Testing: 

How to Get Beyond the Statistics Wars. Cambridge UK: 

Cambridge University Press. 

Melton, A. W. (1962), “Editorial.” Journal of Experimental 

Psychology 64 (6): 553–557. 

https://doi.org/10.1037/h0045549  

NEJM (New England Journal of Medicine) (2023), “Statisti-

cal Reporting Guidelines” (under “Author Center > New 

Manuscripts”). Accessed Jan. 25, 2023. 

https://www.nejm.org/author-center/new-manuscripts  

“Points of Significance” (editorial), (2023), Nature Human 

Behaviour 7: 293−294. https://doi.org/10.1038/s41562-

023-01586-w 

Popper, K. R. (1980), The Logic of Scientific Discovery. 

London: Routledge. 

SAS Institute (2021), “Introduction to Power and Sample 

Size Analysis: Customized Power Formulas (DATA Step) 

[web page].” 

https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.2/

statug/statug_intropss_sect017.htm  

Tabarrok, A. (2005), “Why Most Published Research Find-

ings are False.” Marginal Revolution [website]. 

https://marginalrevolution.com/?s=why+most+published+

research  

Wasserstein, R. L., and Lazar, N. A. (2016), “The ASA's 

Statement on p-Values: Context, Process, and Purpose.” 

The American Statistician 70:2: 129-133. 

http://dx.doi.org/10.1080/00031305.2016.1154108  

Wasserstein, R. L., Schirm, A. L., and Lazar, N. A. (2019), 

“Moving to a World Beyond ‘p < 0.05’” (editorial). 

American Statistician 73:sup1: 1–19. 

https://doi.org/10.1080/00031305.2019.1583913 

https://plato.stanford.edu/archives/sum2022/entries/simplicity/
https://plato.stanford.edu/archives/sum2022/entries/simplicity/
https://doi.org/10.1038/s41562-017-0189-z
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1038/s41562-022-01515-3
https://doi.org/10.1038/s41562-018-0399-z
https://doi.org/10.1080/00031305.2018.1555101
https://www.jstor.org/stable/4615652
https://doi.org/10.7554/eLife.71601
https://doi.org/10.1080/00031305.2017.1322142
https://doi.org/10.1080/00031305.2021.1999857
https://doi.org/10.1371/journal.pmed.0020124
https://doi.org/10.1093/biostatistics/kxt007
https://archive.org/details/sim_journal-of-experimental-psychology-general_1960-07_60_1/mode/2up
https://archive.org/details/sim_journal-of-experimental-psychology-general_1960-07_60_1/mode/2up
https://doi.org/10.1080/00031305.2018.1537891
https://doi.org/10.1038/s41562-018-0311-x
https://doi.org/10.1177/25152459221080396
https://doi.org/10.1037/h0045549
https://www.nejm.org/author-center/new-manuscripts
https://doi.org/10.1038/s41562-023-01586-w
https://doi.org/10.1038/s41562-023-01586-w
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.2/statug/statug_intropss_sect017.htm
https://documentation.sas.com/doc/en/pgmsascdc/9.4_3.2/statug/statug_intropss_sect017.htm
https://marginalrevolution.com/?s=why+most+published+research
https://marginalrevolution.com/?s=why+most+published+research
http://dx.doi.org/10.1080/00031305.2016.1154108
https://doi.org/10.1080/00031305.2019.1583913

	Abstract
	Part 1
	1. Introduction
	2. Relationships Between Variables
	3. Does a Relationship Exist?
	4. Positive Results, Negative Results, and the p-Value
	5. The Perspective of a Scientific Journal
	5.1 Journals Wish to Publish Positive Results
	5.2 Using a Threshold p-value to Distinguish Between Positive and Negative Results
	5.3 Hypothesis Testing
	5.4 Necessary and Sufficient Conditions for Publication
	5.5 Should Negative Results Be Published?
	5.6 The Importance of a Relationship Depends Partly on the Effect Size
	5.7 Some General Points

	6. The Perspective of a Scientific Reader
	7. The Threshold p-Value Makes Errors
	7.1. False-Positive Errors
	7.2. False-Negative Errors
	7.3. General Points About the Errors

	8. Controlling the Error Rates
	9. The Optimal Threshold p-Value
	10. Choosing the Optimal Threshold p-Value
	11. The Approach Is Preferred
	12. What Use Are p-Values?
	Appendix A: Three Views of the Use of a Threshold p-Value
	Appendix B: How Often Are False-Positive Errors Published in Scientific Journals?
	Appendix C: Implicit Versus Explicit Threshold p-Values for Scientific Journals
	Appendix D: Can a Research Study Generalize from a Sample to the Population If It Doesn’t Use Random Sampling?
	Appendix E: When Do Scientific Journals Need to Use Statistical Significance?
	Appendix F: What If a Research Study Reports Many p-Values?
	Appendix G: Is 0.05 Somewhat Arbitrary?
	Appendix H: What Can We Do about the Misuse of p-Values?

	Part 2
	1. Introduction to Part 2
	2. Graphical Version of the Argument
	3. Mathematical Version of the Argument for Figure 1
	4. Mathematical Version of the Argument for Figure 2
	5. Generating Figures 3–6
	6. Generalization of Figure 6

	Supplementary Information
	References



