
REPORTING OF STATISTICAL 

RESULTS IN THE FIELD OF PAIN 

RESEARCH 

 

Tapiwa Tsitsi Chinaka 

 
A dissertation submitted to the Faculty of Health Sciences, University of the Witwatersrand, 

Johannesburg, in the fulfilment of the requirements for the degree of Master of Science 

(Medicine) 

 

Johannesburg, South Africa, August 2025 
 

 

 

 

 

 

 

 



i 

 

DECLARATION 

 
I, Tapiwa Tsitsi Chinaka, declare that this dissertation is my own work, except where otherwise 

specified. It is submitted for the degree of MSc Medicine in the Faculty of Health Sciences, 

University of the Witwatersrand, Johannesburg. The work herein has not been submitted before 

for any degree or examination at any other University.  

 

 

________________________ 

Tapiwa Tsitsi Chinaka 

 

____25th ____ Day of _____August______2025 

 

 

 

 

 

 

 

 



ii 

 

DEDICATION  

 

To God be the glory for the great things He has done 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iii 

 

ABSTRACT 

 

Pain research aims to understand the mechanisms, treatments, and impact of pain on individuals 

and populations. Experimental studies, where researchers manipulate variables and measure 

outcomes, are crucial in this field. Statistical tests are used to interpret the data and minimize 

false claims about the effects of manipulations, and the primary output of these tests that is 

used to minimise such claims in the probability (P) value. Technically, a P-value represents the 

probability of obtaining the observed data, or more extreme data, assuming the null hypothesis 

(no effect) is true. Because of this definition, the P-value is frequently interpreted as the 

strength of evidence against the null hypothesis. A smaller P-value indicates stronger evidence 

against the null hypothesis.  

Null hypothesis significant testing uses a P-value cutoff, typically 0.05, to decide if results are 

statistically significant. However, reliance on this cutoff can lead to misinterpretations about 

the importance of results. A low P-value is not a guarantee against false positives. Indeed, the 

threshold creates the problem of false positives. Nor does a small P-value indicate the 

biological or clinical importance of a result.  

In my research, I aimed to assess the quality and integrity of statistical reporting in the 

journal Pain by reviewing P-value reporting in original experimental research articles from 

2009-2010 and from 2019-2020 (to account for possible changes with time). My investigation 

focused on the distribution of P-values according to the type of experimental research (e.g., 

animal, human), the type of p-value (exact or approximate), and the period when articles were 

published. I also examined the reporting of test statistics and sample sizes in relation to the 

type of p-value being reported. Finally, I analysed the distribution of exact P-values and the 

presence of possible P-hacking (a marker of questionable research practices) using P-curves. 

My goal was to provide insights into the statistical reporting practices in a leading pain journal. 
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All manuscripts published in the journal Pain from 1 January 2009 to 31 December 2010, and 

1 January 2019 to 31 December 2020, were reviewed. The articles underwent a screening 

process based on predefined inclusion and exclusion criteria. Original experimental research 

papers with at least one identifiable primary hypothesis/objective, and at least one P-value 

associated with that hypothesis/objective, were included in our study sample. A standardized 

form developed using REDCap was used for capturing article details, including author names, 

article title, publication year, volume, issue, page numbers, DOI, study type, objectives, and 

statistical information. The articles that met our selection criterion were classified into the 

following categories: basic science (human), basic science (animal), basic science (other), and 

clinical science.  We assessed the quality of P-value reporting and the evidence for P-hacking 

using the P-curve. 

Out of 1,342 articles in Pain, 738 met the selection criteria. Of these articles, 98% of 

experimental papers from 2009-2010 and 97% from 2019-2020 clearly stated a primary 

hypothesis and had a P-value associated with that hypothesis. Analysis of P-values over time 

revealed a shift towards reporting exact P-values, with the reporting increasing from 33% in 

2009-2010 to 42% in 2019-2020. There also was a positive relationship between the use of 

exact P-values, instead of approximate P-values, and the reporting of sample size and test 

statistics with the P-value. The distribution of significant (P < 0.05) and non-significant P-

values showed no significant differences across article types. However, a higher proportion of 

"highly" significant P-values (P < 0.001) was observed in 2019-2020 compared to in 2009-

2010, suggesting either improved research rigor or more selective reporting of significant data. 

P-curve analysis indicated potential P-hacking in 2009-2010 but not in 2019-2020, highlighting 

possible changes in research practices over the decade.  

The findings of this study have important implications for future research in pain management. 

I assessed data for the leading journal (by impact factor ranking) in the field of pain. The 
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improvement in the statistical reporting, as shown by the general leaning towards more precise 

statistical reporting and the absence of P-hacking or publication bias in 2019-2020, as 

compared to 2009-2010, enhances the credibility of the research in this field. Whether such 

credibility can be applied across other journals still needs to be established. 
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Chapter 1: Introduction  
 

1.1 Background 
 

Pain research aims to understand the mechanisms, treatments, and impact of pain on 

individuals. Experimental studies, ones where an investigator manipulates one or more 

independent variables and measures changes in an outcome variable, form an important part of 

the research methods available to biomedical researchers. In this setting, scientists rely on 

statistical tests to assist in the interpretation of quantitative outcomes, with the goal being to 

minimise the risk of falsely claiming a manipulation had an effect or did not have an effect. At 

a simplistic level, the P-value is a probability that measures the strength of evidence against 

the null hypothesis of no effect of the manipulation, with the smaller the p-value, the greater 

the evidence against the null hypothesis. More technically, the P-value is the probability of 

achieving the observed difference, or a greater difference, assuming the null hypothesis is true 

(Whitley and Ball, 2002; Greenland et al., 2016). While P-values are an important part of 

interpreting research findings, unfortunately, they are frequently used as the sole output 

measure from statistical tests to gauge whether an experimental manipulation had a real effect.    

 

P-values range from 0 to 1, with values close to 0 indicating that the null hypothesis of no effect 

was “wrong” and that the experimental manipulation did have an effect on the outcome 

measure, and values close to 1 suggesting that the evidence is in support of the null hypothesis 

(Hung et al., 1997). But the question is, how small must a P-value be before one is comfortable 

rejecting that the data are consistent with the null hypothesis of no effect of the manipulation? 

Null hypothesis significant testing (NHST) is a fundamental statistical procedure used to make 

decisions about experimental outcomes based on P-values, and it is the most widely used data 
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analysis method in scientific disciplines (Goodman, 1999). While the P-value is a continuous 

measure, NHST uses a P-value cutoff value, usually 0.05, to make decisions on whether the 

data are consistent with the null hypothesis. If the P-value is < 0.05 scientists typically reject 

the null hypothesis and say the results are statistically significant (often incorrectly interpreted 

as meaning the result is important) or nonsignificant (often incorrectly interpreted as the result 

being unimportant).  

 

The use of P-values in statistical inference has increased significantly over time, with the 

percentage of PubMed abstracts reporting P-values more than doubling from 8% in 1990 to 

17% in 2015, and tripling in meta-analyses (Chavalarias et al., 2016). However, a low P-value 

does not guarantee against false positives (saying that there is an effect of manipulation when 

the data are consistent with the null hypothesis; Type I statistical error) nor does it indicate the 

biological or clinical relevance of a result. Indeed, overemphasis on small P-values and 

arbitrary P-value cutoff values, such as 0.05, has led to the mistaken belief that significant 

results are more valuable and reliable as P-values fall below the 5% cutoff level, leading to 

some researcher engaging in  questionable research practices when it comes to statistical 

analysis of their data in order to cross the P <  0.05 cutoff, thus “proving” that their experimental 

manipulation had an effect (Fanelli, 2010a; Head et al., 2015). 

 

1.2 Problem Statement 
 

Despite their extensive use, the reliability of P-values and null hypothesis significant testing 

has been questioned, especially since the reproducibility issue in science − the guarantee that a 

significant P-value meant that a reliable, and hence reproducible, result had been achieved − 

became apparent (Goodman, 1992; Ioannidis, 2008; Simmons, Nelson and Simonsohn, 2011; 

Greenland et al., 2016). This debate about P-values spans multiple scientific disciplines and 
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focuses on the misuse of statistical inference, often due to misunderstandings of fundamental 

statistical concepts or, in some cases, intentional deception (Ioannidis, 2005; Simmons et al., 

2011; Wasserstein & Lazar, 2016). Such misuse leads to erroneous data processing and 

misinterpretation of research findings, thus hindering scientific progress. Indeed, the Journal 

of Basic and Applied Social Psychology proposed banning P-values and hypothesis testing 

(Trafimow and Marks, 2015), and to curtail inappropriate uses or interpretation of P-values, 

and in 2016, the American Statistical Association issued a statement on P-value interpretation, 

emphasizing that meeting significance thresholds does not imply a higher probability of true 

hypotheses (Wasserstein & Lazar, 2016).  

 

The misinterpretation and misuse of P-values has had a major unintended consequence, which 

also hinders scientific progress, namely, that journals are more likely to publish important 

findings. Unfortunately, the measure of importance has in many cases been hijacked by low, 

statistically significant, P-values instead of the importance of the scientific question and the 

rigor of the investigators in addressing the question, irrespective of the P-value. Indeed, 

Ioannidis (2019) found that 96% of reported P-values in biomedical literature are ≤ 0.05, which 

is concerning as it suggests that there is a bias favoring more “important” results as measured 

by smaller P-values (Franco, Malhotra and Simonovits, 2014; Ioannidis et al., 2014).. 

This bias provides a favorable environment for questionable research practices. Questionable 

research practices, or P-hacking, involve selectively picking data or using different methods to 

achieve statistically significant results, and hence “important” results (Simmons, Nelson and 

Simonsohn, 2011; Bishop and Thompson, 2016; Teixeira, 2018). Examples of P-hacking 

include excluding “outliers”, stopping data collection when significant results are reached, and 

selective reporting of P-values that fall below the threshold for statistical significance. 

Questionable research practices can distort the distribution of P-values, leading to over-
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representation just below the conventional P = 0.05 threshold for statistical significance (Head 

et al., 2015) (Brodeur et al., 2016).  

 

1.3 Significance of Study 
 

 

Most information we have on questionable research practices and publication bias comes 

from studies in the field of psychology. There are only a few reports in the literature on the 

existence of these biases in pain research, a field of research that includes multiple scientific 

domains, from single cell preparations through to human psychology studies. In preclinical 

studies, Soliman et al. (2020) and Sena et al. (2010) highlight how bias inflates treatment 

effects. NeuPSIG’s review of 229 trials further revealed a 10% overstatement of efficacy due 

to publication bias (Finnerup et al., 2015), reinforcing the need for transparent reporting and 

inclusion of unpublished data. However the question of publication bias and questionable 

research practices is very relevant to pain clinical practice and patient well-being because 

statistical validity is fundamental to ethical clinical research (Emanuel,et.al., 2000).     

Scientifically unsound research not only breaches ethical standard (Council for International 

Organizations of Medical Sciences, 2009), but it can also have detrimental effects on human 

health (Fanelli, 2010). Questionable research practices and publication bias could affect the 

conclusions drawn from pain studies. For example, publication of mainly positive results 

could lead to an overestimation of the efficacy of new treatments or new devices and the 

underestimation of their adverse effects (McGauran et al., 2010). Reporting bias in clinical 

trials will also misinform researchers, clinicians and policymakers, which may affect patients 

directly and indirectly by affecting evidence-based medicine. For example, a meta-analysis of 

randomized controlled trials of pharmacological agents for managing neuropathic pain 

reported that the effect size of treatments is over-estimated by approximately 10% (Finnerup 
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et al., 2015). Reduced publication of negative results means that the information does not 

reach the greater science community, thus influencing the information available for 

interpretation.  

 

 

1.4 Aims of the Study  
 

The main objective of my study was to assess the integrity of statistical reporting in the journal 

Pain by reviewing P-value reporting in the journal to establish how P-values were being 

presented, if there is evidence of good reporting practices, and whether there were any 

questionable research practices. The assessment will focus on original experimental research 

articles published in Pain in two periods 2009-2010 and 2019-2020. Pain was chosen as the 

target journal based on it being the premier specialist pain journal (based on journal impact 

factor) for both periods of assessment. To the knowledge of my colleagues and I, no analyses 

have been done on the reporting and distribution of P-values in any specialist pain journals.  

I investigated: 

i) The distribution of all the article types published during the study period 

ii) The distribution of the experimental research articles 

iii) The distribution of significant and non-significant P-values 

iv) The quality of the null hypothesis significant testing 

a. The reporting of the P value in experimental research articles (approximate vs 

exact) 

b. The reporting of test statistics with P-values 

c. The reporting of sample size with P-values 

v) The distribution of all exact P-values 

vi) the presence of possible p-hacking using P-curves 



6 

 

Chapter 2: Literature review 

2.1 Use of statistical analysis in research 
 

Statistical reasoning is a fundamental part of our daily lives. For example, it is found in 

everyday activities such as political pooling and government policies shaped by census data 

(American Statistical Association, 2005). Indeed, consistent with these uses, the word, 

“statistic” was coined by Gottfried Achenwall in the mid-eighteenth century to describe data 

about the state  (Ostasiewicz, 2014). It was only in the late 19th century that statistics became 

fully integrated with probability theory and a mathematical discipline in its own right 

(Kennedy-Shaffer, 2019). The prevalence of statistics in modern society owes much to its role 

in the research process, where data are crucial for answering questions of interest. Researchers 

observe phenomena, formulate questions, collect data, and analyse the data. After analysing 

the data, researchers can develop conclusions in response to their research questions. (Schwab 

et al., 2011; Agresti et al., 2018). 

 

Researchers must comprehensively understand the concepts and reasoning underlying the 

techniques used in statistical analysis and inferential methods (Hoekstra et al., 2014). Failing 

to do so can threaten the vital objective of science, which is to validate knowledge. One 

inferential method widely used in research is the statistical hypothesis test (Goodman, 1999; 

Hoekstra et al., 2006). Statistical hypothesis testing enables researchers to draw inferences 

about a population based on the data collected from a sample. The context in which the 

hypothesis test is applied plays a crucial role in informing the procedure and interpretation of 

results (Supino et.al., 2012). 
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2.2 Background of null hypothesis significant testing, its 

use and misconception 
 

Null hypothesis significance testing is a fundamental statistical procedure widely used across 

scientific disciplines to make inferences and guide decision-making based on study data 

(Goodman, 1999; Gigerenzer, 2004; Hoekstra, Finch and Johnson, 2006; Mezones-Holguín et 

al., 2024). As one of the most employed data analysis techniques, null hypothesis significant 

testing involves testing a hypothesized factor against a null hypothesis, which posits that there 

is no effect or relationship between the variables under investigation (Pernet, 2017). The null 

hypothesis suggests that any observed differences or relationships are due to random variation, 

whereas the alternative hypothesis proposes that there is a true association between the factors 

being studied. Null Hypothesis significant testing is used to draw conclusions about 

populations based on sample data and to estimate measures of association, The null hypothesis 

significant testing evaluates hypotheses by calculating a P-value for a given population 

(Mezones-Holguín et al., 2024). By using empirical data, null hypothesis significant testing 

allows researchers to assess whether the observed outcomes are consistent with the null 

hypothesis or if they provide sufficient evidence to reject the null hypothesis. The purpose of 

the null hypothesis significant testing is to reject or accept a null hypothesis. The concept of 

statistical significance evolved from the concepts of Ronald Fisher and Jerzy Neyman 

(Perezgonzalez, 2015).  

 

Ronald Fisher first proposed the significance testing method, which involved calculating the 

probability (P-value) to measure strength of evidence against the null hypothesis (Johnstone, 

1987). Fisher's approach was flexible and exploratory, allowing for conclusions to be drawn 

after multiple experiments and interpretation of the information according to the accumulated 

knowledge on the research question (Perezgonzalez, 2015). He emphasized the interpretation 
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of the P-value as a continuous measure, without explicitly defining error rates (the probability 

of making false positive or false negative decisions). 

 

Neyman and Pearson then developed the hypothesis testing framework, which involves 

comparing two hypotheses (null and alternative) and making a decision based on pre-defined 

error rates (Type I and Type II errors; see below for explanation) (Perezgonzalez, 2015; Mertens 

and Recker, 2020). Their approach was more rigid and decision oriented. In the Neyman-

Pearson approach, researchers set a null hypothesis (H0) of no effect and an alternative 

hypothesis (H1) of an effect. They also decide on an alpha level (𝛼), the acceptable false-

positive rate. The Neyman-Pearson approach helps measure Type I and Type II errors and 

statistical power (Levine et al., 2008). Type I error, also known as false positives, is when 

researchers mistakenly reject the null hypothesis when it is true. Type II error, also known as 

false negatives, is when researchers fail to reject the null hypothesis when the alternative 

hypothesis is true. The alpha level (𝛼) reflects how much risk researchers are willing to take in 

making Type I errors. This alpha level is reflected in the traditional cut-off value for a calculated 

P-value of 0.05 (Lakens, 2022). An 𝛼 of 0.05 means that if a researcher calculates a P-value of 

less than 𝛼, they can decide to reject the null hypothesis. However, the cost of using a threshold 

(𝛼) is that there is, in this example, a 0.05 probability that the researcher rejects the null 

hypothesis, but the data are in fact consistent with the null hypothesis and the researcher is 

merely seeing a rare event. Researchers can choose to set the 𝛼 level and then use a lower value 

like 0.01 or 0.001 for stricter control of false positives. However, lowering the 𝛼 level reduces 

statistical power, which is the probability of correctly rejecting the null hypothesis (Elliss, 

2010). As the 𝛼 level decreases from 0.05 to 0.01, it becomes more “difficult” to reject the null 

hypothesis and so statistical power decreases. A study with low power may then fail to reject 
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the null hypothesis when the alternative is valid, or in other words, increases the chance of 

making a Type II error, where researchers miss a true effect. 

 

Discussions about the proper use of null hypothesis testing in scientific studies date back to the 

proposals made by Ronald Fisher for significance testing. Various accounts have been given of 

how this technique evolved as an empirical inference method (Pernet, 2017; Szucs and 

Ioannidis, 2017). Several reviews and analyses of the null hypothesis significance testing 

properties have also been published (Amrhein et al., 2019; McShane et al., 2019; Wasserstein 

& Lazar, 2016).  

 

Null hypothesis significance testing used by research community members, such as educators, 

authors, reviewers, publishers, and editors, has become ritualistic and established, making it 

hard to break. This can threaten the quality of research. Some practices commonly used with 

null hypothesis significance testing, such as interpreting the size of the p-value, have been 

prone to misunderstandings and misuse (Dixon, 2003; Cohen, 1994). 

 

The misinterpretations of the null hypothesis significance testing cause problems in scientific 

practice, threatening research efficiency, validity, reproducibility, and robustness (Ioannidis, 

2005; Simmons et al., 2011; Wasserstein & Lazar, 2016).  

• Research efficiency: This refers to conducting scientific studies in a manner that 

maximizes the knowledge gained while minimizing wasted resources such as time, 

money, and effort. 

• Validity: This pertains to the accuracy or truthfulness of the conclusions drawn from a 

study. A valid study accurately measures what it intends to measure and produces 

trustworthy results. 
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• Reproducibility: This is the ability to obtain a similar result when a study is repeated 

under the same conditions. Reproducibility is crucial in scientific practice as it ensures 

that findings are not random or specific to a single study's circumstances. 

• Robustness: This refers to the consistency and reliability of results across different 

conditions or methodologies. A robust scientific finding should remain consistent under 

various assumptions, settings, or analytical approaches. 

 

The use of null hypothesis significance testing and its role in decision-making, including 

healthcare research, has been controversial since its inception (Gigerenzer, 2004; Schwab et 

al., 2011; Greenland et al., 2016; Sedgwick et al., 2022). Some longstanding challenges to 

research caused by using null hypothesis significance testing, which have remained relevant 

over time, and new challenges that have become prominent in recent years will be discussed 

below. 

1. The null hypothesis significance testing is difficult to understand and often misinterpreted. 

Null hypothesis significance testing uses a P-value, a complex statistical measure that 

summarizes how well a data set fits a proposed model. The most common use of null 

hypothesis significance testing involves constructing a null hypothesis and an alternate 

under a set of assumptions. Null hypothesis significance testing shows whether the results 

of a tested effect are not reliable based on whether a test statistic is significant by using a 

P-value threshold (Masicampo and Lalande, 2012; Leek and Pen, 2015; Sanfilippo et al., 

2016). Key terms like "statistical significance" and "P-value" are often misunderstood 

(Greenland et al., 2016; Amrhein et al., 2019; Cohen, 1994). For example, the P-value does 

not show how strong or big an effect is (Gelman and Carlin, 2014). Misinterpreting the P-

value can lead to incorrect assumptions about the strength, reliability, and probability of the 

effect under study. The belief that a small P-value indicates a high likelihood of replicating 



11 

 

results is inaccurate (Ioannidis, 2005; Gelman and Carlin, 2014; Ronald L. Wasserstein and 

Lazar, 2016). In studies, a low P-value can suggest a misfit of the null hypothesis, but does 

not support a specific alternative hypothesis (Miller, 2009). Incorrectly interpreting null 

hypothesis significance testing can lead researchers to ignore evidence that does not reach 

statistical significance or to give too much importance to evidence that does reach statistical 

significance. Interventions or treatments based on misinterpreted evidence might not work 

or be harmful (McShane et al., 2019). Additionally, false findings may be published, 

spreading unverified theoretical claims. 

 

2. Null hypothesis significance testing is sensitive to sampling strategy and sample size. Null 

hypothesis significance testing relies on an appropriate sampling strategy, emphasizing 

random sampling to draw valid conclusions about a population. Suppose samples are not 

chosen randomly or are not representative of the population; the conclusions drawn from 

this testing are invalid because it is impossible to correct for sampling bias, which statistical 

significance testing assumes is non-existent (Leahey, 2005). Large sample sizes, which 

increase the probability of statistically significant findings, may lead to accepting trivial 

differences as significant (Sedgwick et al., 2022). Sample size sensitivity is particularly 

problematic when dealing with hypotheses that assume no effect or difference, which are 

common in social sciences, where directional statements are prevalent (Mertens and 

Recker, 2020). A researcher who gathers a large enough sample has increased chance of 

falsely rejecting the null hypothesis since as sample size increases, precision of the 

estimates increase for any effect size, so the confidence interval around the null effect 

decreases, increasing the probability of rejecting the null hypothesis (Schwab et al., 2011). 

Thus, reliance on null hypothesis significance testing with large sample sizes can result in 

wrong inferences (O’Brien, 2007) and biased estimations of effects, particularly in 
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observational studies where controlling for all relevant variables is challenging (Bruns and 

Ioannidis, 2016).  Therefore, null hypothesis significance testing guarantees that any 

difference, whether small or irrelevant, will be statistically significant if the sample size is 

large enough (Sedgwick et al., 2022). For the opposite reason, smaller sample sizes have 

less statistical power for a given effect size. Indeed, for a statistically significant conclusion 

to be drawn for a small, under-powered, study, the effect size must be large.  When 

conducting studies, it is important to consider the sample size to ensure that the results 

obtained genuinely reflect the population under study ( Sedgwick et al., 2022). 

 

3. Null hypothesis significance testing is susceptible to questionable research practices that 

blur the ethical lines of research (Bedeian et al., 2010; Butler et al., 2017).  Questionable 

research practices can be caused by factors such as pressure to publish significant results 

and publication bias (Chittaranjan Andrade, 2021). Changes in the academic environment, 

the emphasis on scholarly performance metrics, and the regulations on research impact 

measurement have pressured academics to publish 'significant' results. This phenomenon 

is known as publish or perish/ publish under pressure (Davies and Felappi, 2017). This 

pressure arises from the need to meet expectations for promotions (van Dalen, 2021) and 

to demonstrate research impact (Davies and Felappi, 2017). The adoption of these practices 

is often understated, but evidence shows that they are prevalent in academic settings 

(Bedeian, Taylor and Miller, 2010). These practices include p-hacking and HARKing 

(Hypothesizing After Results are Known). P-hacking involves extensive data 

manipulations or calculations until a statistically significant result is found (Simmons et 

al., 2011; Bishop and Thompson, 2016; Chittaranjan, 2021). HARKing is a questionable 

research practice where researchers formulate hypotheses based on the data they have 

already observed, and then present these hypotheses as if they were established before the 
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study began (Simmons, Nelson and Simonsohn, 2011; Chittaranjan Andrade, 2021).  This 

practice can lead to biased results and undermine the reproducibility and validity of 

scientific findings Fanelli, D. (2010) 

 

There have been frequent calls for a statistics reform regarding the use of null hypothesis 

significance testing in decision-making, including the removal of the concept of statistical 

significance (Sedgwick et al., 2022). Nonetheless, the binary approach to decision-making is 

convenient, and its use has remained pervasive. Regardless of the future of statistical 

significance, there are calls for greater focus on the magnitude and accuracy of the observed 

effects and their clinical importance (Sedgwick et al., 2022). 

 

2.3 Background of P value use, misuse and 

misinterpretation 
 

Researchers need to measure the strength of the evidence they observe and minimise the risk 

that a result occurred by chance (Whitley and Ball, 2002). To do the latter, most researchers 

use the P-value, which has been a cornerstone in statistical hypothesis testing for over a century, 

serving as a measure of evidence against a null hypothesis. Since their introduction, P-values 

have become widely used in scientific research across various disciplines for making statistical 

inferences from experimental data (Ioannidis, 2019). The percentage of abstracts reporting P-

values for all PubMed abstracts more than doubled from 8% in 1990 to 17% in 2015, and the 

rate tripled for meta-analysis (Chavalarias et al., 2016).  

 

Being a probability, P can take any value from 0 to 1 and is interpreted based on their proximity 

to 0 or 1 (Hung et al., 1997). P-values close to 0 suggest that the observed differences in the 

data are unlikely to result by chance indicating, by the Fisherian concept, strong evidence 
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against the null hypothesis, whereas P-values close to 1 suggest there are no differences 

between groups of data beyond random variation (Hung et al., 1997). P-values are therefore 

used to determine statistical significance. Statistically significant or positive findings are those 

that are less than the cut-off value (usually set at P = 0.05) and they show the statistical 

incompatibility of data with the null hypothesis. Researchers can interpret this incompatibility 

as casting doubt on or providing evidence against the null hypothesis or the underlying 

assumptions and can conclude that it supports the alternate hypothesis (Lu & Belitskaya-Levy, 

2015; Wasserstein & Lazar, 2016). Research findings with P-values equal to or larger than 0.05 

are considered non-significant or negative. Non-significant results mean that there is little 

evidence to support the alternate hypothesis, although it is not ruled out as being false. 

Importantly, P-values larger than the threshold also do not mean that the null hypothesis is true 

because the hypothesis being tested assumes that the null is true. Rather P-values above the 

threshold indicate that there is not enough evidence to reject the null hypothesis (Wasserstein 

& Lazar, 2016). A large P-value simply means that the observed data is not sufficiently 

inconsistent with the null hypothesis to warrant its rejection. While the P-value undoubtedly 

provides useful information on probabilistic significance, a low P-value does not guarantee a 

positive result, nor does it indicate the biological or clinical relevance of a result (Sedgwick et 

al., 2022; Wasserstein & Lazar, 2016). The P-value alone does not provide information 

regarding the size of the treatment effect. Instead, P-values should be used together with other 

statistical measures such as confidence intervals, which indicate both the direction and 

precision of the measured treatment effect. By providing a range of plausible effects sizes, 

confidence intervals enable an assessment of the clinical significance of a treatment effect, 

supplementing the evaluation of its statistical significance (Sedgwick, 2015). 
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Most fields in biomedical, life, social, and physical sciences report their results using P-values 

to show statistical significance (Ioannidis, 2019). Despite the extensive use of P-values, some 

researchers have started to question the usefulness and reliability of using P-values, null 

hypothesis significance testing , and their interpretation as a measure of evidence (Goodman, 

1992; Ioannidis, 2008; Simmons, Nelson and Simonsohn, 2011; Greenland et al., 2016). Indeed 

the Journal of Basic and Applied Social Psychology has proposed a ban on the use of any P-

values and hypothesis testing from articles being published in the journal (Trafimow and 

Marks, 2015). They declared null hypothesis significance testing was “invalid” and “We 

believe that the p < 0.05 bar is too easy to pass and sometimes serves as an excuse for lower 

quality research” 

 

The publication of statistically significant results is linked to the successful track records of 

many researchers whereas results that fail to confirm the findings of previous studies are seen 

to be of less scientific value and generate less interest from publishers (Dirnagl and Lauritzen, 

2010). As a result of the immense pressure on researchers to publish and increase citation scores 

coupled with an overemphasis on the importance of statistical significance as a condition for 

publication, the P-value has become vulnerable to misapplication and misinterpretation  

(Dirnagl & Lauritzen, 2010; Ioannidis, 2005; Reynolds & Waldrop, 2024; Wasserstein & 

Lazar, 2016).  

 

2.4 The P-curve and its application in assessing research 

reliability 
 

A p-curve, which represents the distribution of statistically significant P-values from a set of 

studies can be used to assess the reliability of published research (Head et al., 2015). According 

to Simonson and colleagues, the p-curve offers a way to differentiate between true effects and 
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selective reporting (Simonsohn, et.al., 2014). By examining the distribution of P-values, 

particularly those between 0 and 0.05, researchers can determine the evidential value of 

findings, helping them to conclude whether the effect size is nonzero. Under the null 

hypothesis, where no effect exists, a uniform distribution of P-values is expected, suggesting 

that each P-value is equally likely to occur as per Figure 1 below (Black line, Fig. 1A ) (Head 

et al., 2015; Hartgerink et al., 2016). However, as shown by a black line in Figure 1B, when a 

true effect exist, the P-curve becomes right-skewed P, with a higher concentration of P-values 

closer to zero (Head et al., 2015). A right-skewed P-curve suggests a collection of independent 

findings with decreasing P-values, providing stronger evidence for the presence of an effect 

(Head et al., 2015; Hartgerink et al., 2016). The degree of skewness increases with the 

statistical power of the analysis, with higher power leading to steeper p-curves.  
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Figure 2.1: The effect of publication bias on the distribution of P-values around the significance threshold of 0.05  

 .A) Black line shows distribution of P-values when there is no evidential value, and the red 

line shows how publication bias influences this distribution. B) Black line shows distribution 

of P-values when there is evidential value, and red line shows how publication bias influences 

this distribution.  

Source: https://doi.org/10.1371/journal.pbio.1002106.g001 

 

2.5 The impact of publication bias on P-curve analysis  
 

One of the primary uses of the p-curve is to identify potential publication bias by plotting the 

distribution of P-values around the commonly accepted significance threshold of 0.05. 

Publication bias refers to selective publication of large amounts of statistically significant 

outcomes, which means that articles reporting significant results are more likely to be published 

than those reporting negative results (Franco et al., 2014; Ioannidis et al., 2014). The concept 

of the publication bias, is also known as the file drawer effect, occurs when scientific work that 

exceeds the 5% level ends up not being submitted for publication, ending up being discarded 

https://doi.org/10.1371/journal.pbio.1002106.g001
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in the metaphorical “file drawer” where they are forgotten about. Publication bias causes a 

huge problem in research since it implies that there is a greater inclination to publish only 

significant results leading to a skewed representation of evidence in the scientific literature 

(Head et al., 2015). Despite the importance of publishing all the results in research, many 

research organizations and industry entities fail to do so. In pain research, more specifically 

clinical trials, failure to publish null results could lead to adverse effects for patients since it 

distort the perceived efficacy of interventions, treatments, and diagnostic tests, ultimately 

impacting clinical and policy decisions and also violating ethical (Munafò and Neill, 2016; 

Brassington, 2017). A meta-analysis on therapeutic trials of selective serotonin reuptake 

inhibitors found that the efficacy of selective serotonin reuptake inhibitors was overestimated 

by up to 115% when only considering published studies (Treanor et al., 2020).  

 

 Positive results are more likely to be published, cited and accepted, especially by high-ranking 

journals, and negative results are disappearing from many disciplines (Fanelli, 2010a; Duyx et 

al., 2017).  Treanor et al., 2020 found that conference abstracts with positive conclusions were 

more likely to be published as full-text articles compared to those with neutral or negative 

conclusions. However, Okike et al. (2008) found no evidence of publication bias in the review 

of manuscripts for publication by The Journal of Bone & Joint Surgery (American Volume) 

but they showed concern over the dearth of non-positive (i.e., not statistically significant) 

studies, attributing this to researcher-driven publication bias. The unwillingness of researchers 

to publish negative results and the bias or demand from journals to publish statistically 

significant results can lead researchers into wilfully or unintentionally manipulating analyses 

to achieve statistically significant results.  Because of publication bias, P-values may provide 

an inaccurate measure of strength of the evidence against the null hypothesis and leading to 

questionable conclusions being reached.  A decrease in the P-values above 0.05 on a P-curve  
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(as shown by the red line) can be concluded as an indication for publication bias (Fig 1A and 

Fig 1B) (Head et al., 2015; Masicampo & Lalande, 2012). However, this pattern alone does 

not differentiate between selective publication bias and p-hacking.(Gelman and Carlin, 2014; 

Simonsohn, et.al 2014). 

 

2.6 The impact of P-hacking on P-curve analysis 
 

Questionable research practices, also known as P-hacking, occur when non-significant results 

are manipulated to appear significant, producing an overabundance of P-values just below the 

0.05 threshold. Ideally, researchers must make decisions on how data will be collected, when 

to stop data collection, the methods to be used in data analysis as well as the data that need to 

be included in the analysis before the beginning of a study. If such decisions are made during 

data analysis it leads to potential bias and P-hacking. P-hacking, is a result of researchers 

selectively picking data or using different methods to analyse the data, until a statistically 

significant result is obtained (Simmons et al., 2011; Bishop and Thompson, 2016; Teixeira, 

2018). Some examples of questionable research practices  include; (1) exclusion of outliers, 

(2) checking results and stopping data collection when a significant result is reached (data 

peeking), (3) analysing data extensively without a specific hypothesis in mind (data dredging) 

(4) testing multiple hypothesis , (5) failing to report null results, and (6) selective reporting of 

P-values (cherry picking) (Stefan and Schönbrodt, 2023). However, in some cases, researchers 

inadvertently exercise the “researcher degrees of freedom” and carry out multiple data 

analyses, not realising that without a prespecified analysis plan, every analysis decision may 

have an influence on whether statistical significance is achieved, with no intention of P-hacking 

(Gelman and Carlin, 2014).  
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One possible manifestation of P-hacking is over-representation of P-values just below the 0.05 

threshold thus increasing the probability of false positives, leading to the publications of results 

that indicate an effect exists when there is no effect of an experimental intervention (Head et 

al., 2015). False positives from P-hacking can mislead data-driven decisions in critical areas 

such as healthcare and economics. The failure to replicate significant findings is also a major 

consequence of P-hacking. In the article "Estimating the reproducibility of psychological 

science" by the Open Science Collaboration, of the 97% of original studies that had significant 

results (P < .05), only 36% of replications could be replicated. P-hacking distorts the scientific 

record by emphasizing findings that appear significant but are statistically or methodologically 

unsound. Researchers use questionable research practices to manipulate the reporting of P-

values so that they just cross-over the significance cut-off, hence the higher frequency of just 

significant P-values. P-hacking distorts the shape of the p-curve, particularly near the 

significance cutoff, resulting in a misleading representation of the data. As a result, the P-curve 

will exhibit an unusual clustering of P-values just below 0.05. This distortion alters the shape 

of the P-curve, making it less reliable as an indicator of true effects. The P-curve will shift from 

flat to left skewed, when there is no true effect as shown by the red line in Figure 2A. With true 

effect, P-hacking results in an over representation of  P-values in the tail of the curve just below 

0.05 as shown by the red line in Figure 2B (Head et al., 2015). Ultimately, the exact shape of 

the P-curve is determined by the true effect size and the extent of the P-hacking, with steeper 

and more pronounced right skewness suggesting stronger evidence for a true effect 
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Figure 2.2: The effect of P-hacking on the distribution of P-values in the range of 

significance.  

A) Black line shows distribution of P-values when there is no evidential value, and the red line 

shows how P-hacking influences this distribution. B) Black line shows distribution of P-values 

when there is evidential value, and the red line shows how P-hacking influences this 

distribution.  

Source: https://doi.org/10.1371/journal.pbio.1002106.g002 

 

However, the use of the P-curve to detect publication bias and P-hacking has been criticised by 

some authors. Dorothy V.M. Bishop and Paul A. Thompson (2016) argue that the shape of the 

P-curve depends on whether dependent variables are intercorrelated. For uncorrelated 

variables, p-hacked data do not show the "p-hacking bump" just below .05. However, there is 

a negative skew when variables are intercorrelated. The authors argue that p-curve analysis 

requires careful selection of P-values and considerable control over the data to be effective. 

Alternative methods like z-curve analysis have been recommended because they address these 

https://doi.org/10.1371/journal.pbio.1002106.g002
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shortcomings of the P-curve by converting P-values into z-scores and providing a clearer 

picture of P-hacking and selection bias (Simmons, et al., 2014). Z-curve also provides measures 

like the expected replication rate (ERR) and false positive risk, offering more robust insights 

into the reliability of findings  (Simmons, et al., 2014) 

 

2.7 Prevalence of P-hacking across academic disciplines 
 

While publication bias removes true or false negatives from literature, P-hacking bring true or 

false positives to literature (Gelman and Carlin, 2014; Head et al., 2015; Ronald L Wasserstein 

and Lazar, 2016). Nevertheless, both questionable research practices and publication bias lead 

to the computation of P-values which provide an inaccurate strength of evidence against the 

null hypothesis (Hartgerink et al., 2016; Masicampo & Lalande, 2012). Table 2 provides an 

overview of the prevalence of P-hacking in the literature. This table summarizes findings from 

various studies on the frequency of P-hacking across different disciplines, shedding light on its 

widespread impact and potential implications for research integrity. 
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Table 2.1: The prevalence of P-hacking in literature 

Study  Field Objective Key finding 

*A binomial test is a statistical method used to determine if there is a significant difference in proportions between 

an observed sample and a hypothesized sample. Bin Abd Razak et al. (2016) ran binomial tests by analyzing the 

frequency of reported P-values in studies from three orthopaedic journals to determine whether the proportion of 

significant results (p < 0.05) was greater than expected by chance, indicating evidential value or potential P-hacking 

 

   

2.8 American Statistical Association (ASA) statement on 

P-values 
 

Despite the general criticism due to its misuse, the P-value continues to be used in many 

scientific papers (Pondrom, 2016). However, some experts argue that while P-values are valid 

statistical measures, the problem lies in overreliance on P-values by the scientific community, 

and misinterpretation of P-values by investigators (Ioannidis, 2005; Pondrom, 2016; Reynolds 

Simmons, 

Nelson and 

Simonsohn, 

2011 

Psychology 

To demonstrate how 

researchers can manipulate 

data to achieve significant 

results. 

Showed that P-hacking is common and coined 

the term "P-hacking". Highlighted the 

importance of preregistration and replication. 

 

 

Head et al., 

2015  

General Science 

To investigate the 

prevalence and impact of P-

hacking using text-mining 

techniques. 

Found that P-hacking is widespread, but its effect 

is relatively weak compared to real effect sizes. 

P-hacking does not drastically alter scientific 

consensuses drawn from meta-analyses. 

 

Bin Abd 

Razak et 

al., 2016 

Orthopaedic 

Literature 

To investigate if the 

phenomenon of P-hacking 

was evident in in three top 

orthopaedic journals in 

2015. 

Frequency plots for all three journals revealed 

evidence of P-hacking. Binomial tests for all 

three journals were significant for evidence of 

evidential value However, the binomial test* for 

P-hacking was significant only for one journal 

 

Berman et 

al., 2018 
Marketing 

To explore P-hacking in 

A/B testing. 

Showed how companies might manipulate data 

to present favorable outcomes. 
 

Baum and 

Bromiley, 

2019 

Management 

To examine P-hacking in 

top-tier management 

journals. 

Revealed instances of P-hacking, compromising 

the integrity of published findings. 
 

Adda et al., 

2020 
Clinical Trials 

To investigate P-hacking in 

clinical trials and how 

economic incentives shape 

the distribution of results. 

Found no widespread P-hacking but identified 

selective reporting by small industry sponsors. 

Highlighted the role of economic incentives. 

 

Rooprai et 

al., 2023 
Imaging research 

To investigate P-hacking in 

Imaging research 

Found no evidence of P-hacking in abstracts 

published in over 100 imaging journals since 

1972 
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and Waldrop, 2024). In response to the misuse and misunderstanding of P values in scientific 

literature, the American Statistical Association issued a statement clarifying that P values 

should not replace scientific reasoning (Ronald L Wasserstein and Lazar, 2016). They 

emphasize the importance of good statistical practice and the need for proper analysis and 

reporting. According to the statement, good statistical practice should involve using multiple 

methods and techniques, including creating a comprehensive understanding of the data 

presented and interpreting results in a given context. The statement also emphasized the 

importance of well-designed statistical arguments, which are more than just a number, and 

whether the number exceeds an arbitrary, in this case, P < 0.05. The American Statistical 

Association should be used to guide research and ensure that all the results are published. Table 

1 below summarises six principles underpinning the appropriate use, the interpretations of P-

values, and the decisions made on the P-values. 
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Table 2.2: Summary of the statement on P-values(Wasserstein & Lazar, 2016)   

Principle  Use Misuse Misconception 

    

These principles, however, do not necessarily discourage the use of P-values in empirical 

research or devalue them, but advocate the reporting of test results more transparently, not just 

with P-values themselves. According to the American Statistical Association, the P-value 

became a gatekeeper in some fields that prevent work from being published over time. 

P-values can indicate how 

incompatible the data are 

with a specified statistical 

model 

P-values help determine 

whether observed data 

deviate from expectations 

under a specific model 

Interpreting a P-value as the 

probability that the null 

hypothesis is true, or that the 

data were produced by random 

chance alone 

Believing that a P-value 

can provide a definite 

measure of evidence 

regarding a hypothesis 

P-values do not measure the 

probability that the studied 

hypothesis is true or the 

probability that the data were 

produced by random chance 

alone 

P-values show the 

compatibility of data with a 

specific hypothesis/model 

Treating P-values as direct 

evidence to determine the 

degree to which the hypothesis 

is true 

Assuming that a low P-

value implies a high 

probability that the 

alternative hypothesis is 

true 

Scientific conclusions and 

business or policy decisions 

should not be based only on 

whether a P-value passes a 

specific threshold 

P-values should be one of 

many pieces of evidence 

considered in decision-

making 

Solely relying on P-values to 

make critical decisions without 

considering other statistical 

factors. With large test sets, 

the P-values will always be 

small or even small enough to 

indicate statistical significance  

Believing that crossing 

a P-value threshold (i.e. 

0.05) is sufficient for 

significance 

Proper inference requires full 

reporting and transparency 

Report all relevant 

statistical details, including 

P-values, effect sizes, and 

confidence intervals to 

allow proper interpretation 

and reproducibility of work 

Selectively reporting P-values 

that support a desired outcome 

while ignoring others 

Thinking that P-values 

alone can provide a 

complete picture of the 

data analysis 

A p-value, or statistical 

significance, does not 

measure the size of an effect 

or the importance of a result 

Recognize that P-values 

indicate whether an effect 

exists, not its magnitude or 

practical significance 

Interpreting a significant P-

value as indicating a large or 

important effect 

Assuming that statistical 

significance implies 

practical or scientific 

significance 

By itself, a P-value does not 

provide a good measure of 

evidence regarding a model 

or hypothesis 

Use p-values in 

conjunction with other 

statistical measures like 

confidence, credibility, or 

prediction intervals and 

Bayesian methods to get a 

more comprehensive 

understanding of data 

Relying on P-values as the 

sole measure of evidence for 

or against a hypothesis 

Believing that a P-value 

can substitute for 

comprehensive 

statistical analysis and 

scientific judgment 
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According to Jessica Utts (Wasserstein & Lazar, 2016), the president of the American 

Statistical Association in 2016 the editorial bias in scientific literature has led to the "file-

drawer effect," where studies with statistically significant outcomes are more likely to be 

published than those with non-significant results. Additionally, overemphasis on small P-

values over other scientific and statistical reasoning as main indicators of successful research 

have resulted in questionable research practices such as "data dredging" and "P-

hacking,"(Fanelli, 2010b). 

 

2.9 Reporting of P-Values  
 

The reporting of P-values in academic literature is a critical aspect of statistical analysis and 

hypothesis testing. P-values help researchers determine the significance of their results, 

indicating whether the observed effects are likely due to chance or represent true relationships. 

Proper reporting of P-values ensures transparency, reproducibility, and accurate interpretation 

of research findings. The article "Standardized Reporting of Statistical Results in APA Format: 

Enhancing Clarity, Transparency, and Reproducibility in Research" by Sathyanarayana S and 

T. Mohanasundaram (2025) emphasizes the importance of accurately reporting statistical 

results to ensure clarity and reproducibility in research. According to the American 

Psychological Association (APA) it is essential to follow the guidelines discussed below when 

reporting P-values. 

• P-values larger than 0.01 should be reported to two decimal places (e.g., P = 0.17). 

• P-values between 0.01 and 0.001 should be reported to three decimal places (e.g., P = 

0.004). 

• P-values less than 0.001 should be reported as P < 0.001 

Researchers should report exact P-values rather than using approximate P-values (e.g., p <.05). 

Exact P-values enhance transparency and allow readers to better understand the statistical 



27 

 

significance of the result. Additionally, it is important to report the test statistic along with the 

P-value to provide complete information to the reader. For example, "A Chi-Square Test was 

used to assess if there was a significant difference between the two groups. There was a 

significant difference between the two groups, X² = 0.145, df (1) P = 0.004”. 

 

To enhance the reporting of P-values, researchers should also include effect sizes, confidence 

intervals, and the null hypothesis. This provides a more comprehensive understanding of the 

results and their practical significance. accurate and transparent reporting of P-values is 

essential for the integrity of scientific research. By adhering to standardized guidelines and 

providing additional statistical information, researchers can ensure their findings are clear, 

reproducible, and meaningful. 

 

Our study therefore aimed to evaluate the integrity of statistical reporting in the journal Pain by 

examining P-value reporting in original experimental research articles from 2009-2010 and 

2019-2020. It addressed concerns about the reliability of P-values and null hypothesis 

significance testing, which have been questioned due to issues of reproducibility and misuse 

across various disciplines. The investigation focused on the distribution of article types, 

significant and non-significant P-values, and the quality of null hypothesis significance testing, 

including the reporting of approximate versus exact P-values, test statistics, and sample sizes. 

Additionally, the study analyzed the distribution of exact P-values and potential P-hacking 

using P-curves, aiming to provide insights into the statistical reporting practices in this leading 

pain journal and highlight areas for improvement to enhance scientific rigor and transparency 
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Chapter 3: Methodology 
 

3.1 Data Acquisition 
 

All publications published in the journal Pain from 1 January 2009 to 31 December 2010, and 

1 January 2019 to 31 December 2020 were eligible for inclusion. The journal Pain was chosen 

as the target journal based on it being the premier specialist pain journal (based on journal 

impact factor) for both periods of assessment. All articles for the review periods were 

downloaded from the journal website 

https://journals.lww.com/pain/Pages/issuelist.aspx?mode=cover. The articles then underwent 

a screening process based on predefined inclusion and exclusion criteria (see below).  

3.2 Inclusion criteria 
 

• Original experimental research papers with at least one identifiable primary 

hypothesis/objective, and at least one p-value associated with that hypothesis/objective.  

 

3.3 Exclusion criteria 
 

• Original experimental research papers that did not have clearly identifiable primary 

hypotheses/objectives and/or at least one p-value associated with the primary 

hypothesis/objective; 

• Non-experimental studies (observational studies); 

• Reviews, including systematic reviews and meta-analyses; 

• Editorials; 

• Commentaries; 

• Clinical notes; 

• Letters to the editor; 

https://journals.lww.com/pain/Pages/issuelist.aspx?mode=cover
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• Errata/corrigenda; 

• Obituaries; 

• Book reviews. 

Systematic reviews, meta-analyses, editorials and all the other articles which did not meet our 

inclusion criteria were excluded in our study because they synthesize existing research findings 

rather than generate original experimental results, which means they do not involve primary 

hypothesis testing or direct P-value reporting in the same way original experimental studies do. 

 

3.4 Data Extraction Tool 
 

A standardized data extraction form was used for data capture (Appendix I). The form was 

developed based on the preliminary assessment of studies in the journal such that the first thirty 

articles from years 2009 and 2019 were used to inform design of the data capture form. The 

form was operationalized using the Research Electronic Data Capture (REDCap) application, 

a web-based electronic data capturing application. The data extraction form captured the 

following information: 

• Article Details: Author name(s), article title, year of publication, and volume, issue, 

page numbers, and DOI. 

• Type of study: The type of study based on predefined groups (see below). 

• Study Objectives: Whether there was a primary hypothesis/objective. 

• Statistical Information: Whether there was a P-value associated with the primary 

hypothesis/objective, and the format of the P-value (see below). 

3.5 Data Extraction 
 

All articles in the review periods were screened. Bibliometric data and type of article 

classification (e.g., narrative reviews, editorials, and letters to the editor, experimental research, 
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systematic reviews) was recorded for every article in the four years considered in the review. 

No further extraction was done on all the other articles except the original experimental 

research papers. Experimental research papers were then classified into sub-categories as per 

Table 2.1. Only articles fitting the classification of being a research paper underwent further 

review and had data on P-values extracted. 

 

Table 3.1: Classification of experimental research articles 

Category Description 

Basic Science 

Human/Animals  

 

Basic Science (other) 

 

Clinical science 

Publications with research on a particular topic focussing on 

knowledge creation in science without any particular application or 

use in view.  

Publications with research done outside a living organism using 

bacteria, animal and human cells, or tissues in culture.  

Publications with research that evaluates the effectiveness and safety 

of medication or medical devices by monitoring their effects in 

people. Reviews of patients’ clinical data were also recorded under 

clinical science.  

 

The primary hypothesis for each reviewed article was found by perusing the abstract and 

introduction section of the manuscript. The results section of each article, including figures and 

tables, was read, and the P-value for the primary hypothesis recorded. If multiple objectives 

were specified, only the first objective was noted, and only first P-value corresponding to this 

objective was recorded. To be eligible for selection, P-values had to be specified with the letter 

‘P’ or ‘p’, and the value described by an exact numeric value or a threshold value preceded by 

an inequality sign. General phrases such as ‘no change’ or ‘significant difference’ were not 

accepted. 

 

If the primary hypothesis was not clear, the article was noted accordingly, and no statistical 

data was recorded. Articles were also excluded if the primary hypothesis, even when clearly 
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indicated, did not require null hypothesis significance testing to be answered and hence no P-

value could be expected. Primary extraction was performed by me, and then the extraction 

verified by colleagues (Felicia Siboza, Dhuriya Cajee, and Courtney Jeffery). Conflicts were 

resolved through discussions with the research assistants. If an agreement could not be reached, 

the issue was escalated to Peter Kamerman, for resolution. The complete reference list of the 

selected articles is attached at the end of this dissertation in Appendix IV. 

 

3.6 Data Analysis 
 

 

Data from REDCap was exported into an Excel spreadsheet. The R Statistical Computing 

Platform (v4.4.2) was used for data cleaning, data analysis, and plotting.  

 

Descriptive statistics were used to present the results, and frequency distributions were used to 

describe the analysis done for 2009-2010 and 2019-2020 periods.  A P-value of less than 0.05 

was considered the threshold for statistical significance in our analysis. P-curves, which show 

the distribution of exact P-values was analyzed to assess evidential value and detect the 

presence of P-hacking. To validate the observed P-curves, we conducted a binomial test at 60% 

and 90% power for specific P-value bins ([0.03, 0.04), [0.04, 0.05), [0.05, 0.06)) using R 

packages. A binomial test is a statistical method which is used to determine if there is a 

significant difference in proportions between an observed sample and a hypothesized sample. 

A significant P-value with a positive difference in probability indicates that there is a significant 

increase in observed frequencies from expected frequencies suggesting potential P-hacking or 

selective reporting.  
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3.7 Ethics Clearance 
 

 

The articles for this study are made available to the public on the Pain website 

https://journals.lww.com/pain/Pages/issuelist.aspx?mode=cover. Therefore, an ethics waiver 

was granted from the University of Witwatersrand Human Research Ethics Committee 

(Medical), reference number W-CP-191108-1(Appendix II).  
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Chapter 4: Results 
 

 

4.1 Study selection 
 

Figure 4.1 illustrates the study selection process. We extracted all articles published in the 

journal Pain from 2009 to 2010 and 2019 to 2020, yielding a total of 1,342 articles. The number 

of publications was 746 for 2009-2010 and 596 for 2019-2020. After excluding 451 non-

experimental research articles (2009-2010: 269; 2019-2020: 182), 26 articles without a clear 

primary hypothesis (2009-2010: 9; 2019-2020: 17) and 127 articles without a P-value linked 

to the primary hypothesis (2009-2010: 74; 2019-2020: 53), 738 articles met our selection 

criteria. This study sample comprised of 394 articles from 2009-2010 and 344 from 2019-2020. 

Of the 738 articles with a P-value linked to the primary hypothesis, 277 articles recorded exact 

P-values, while 461 recorded approximate P-values: 146 exact P-values in 2009-2010, and131 

exact P-values in 2019-2020. The exact P-values were used to construct the P-curve for each 

period, which were used to detect the presence of possible P-hacking.  

 

 

 



34 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: Flowchart of the selection process of the articles, illustrating the number of articles remaining after each step (See Appendix 

III, Table A1 for the count of the distribution of articles with a P-values linked to the primary hypothesis) 
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4.2 Distribution of all articles 
 

 

The descriptive data and results for all 1,342 articles are presented in Table 4.1, categorizing 

the articles by type and year of publication (2009, 2010, 2019, and 2020). There was no 

systematic pattern of change in article type, expressed as a percentage of articles published 

each year. Clinical science articles constituted the largest proportion of all experimental 

research articles accounting for 26%. Clinical science also makes up the largest proportion of 

articles each year, peaking at 30% in 2019. However, in 2009 25% of the articles were basic 

science (animals) making it the largest proportion for that year.  Basic science (animal) articles 

fluctuated slightly, with a low of 22% in 2010, peaking at 26% in 2019. Basic science (human) 

articles decreased from 18% in 2009 to 8.8% in 2020. Basic science (other) articles increased 

from 1.1% in 2009 to 5.4% in 2020. Commentaries, editorials, letters, and errata collectively 

comprised 21% of all articles, with a notable drop from 29% in 2009 to 12% in 2019, before 

slightly increasing to 14% in 2020. Narrative reviews increased from 4.7% in 2009 to 10% in 

2020 with a low of 4.1% in 2010. Non-experimental (human) articles were 0.3% in 2009, 2.6% 

in 2010, and none were published in 2019, but 3.7% of published articles in 2020 were non-

experimental (human) studies. Systematic reviews (animals) were very low, making up 0.3% 

of articles in both 2019 and 2020, with none in 2009 and 2010. Systematic reviews (human) 

increased from 2.5% in 2009 to 5.7% in 2020. 
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Table 4.1: Distribution of all articles by type and year  

Characteristic 

Overall   

N = 1,3421 

2009   

N = 3601 

2010   

N = 3861 

2019   

N = 2991 

2020   

N = 2971 

Article type      

Basic science (animal) 320 (24%) 90 (25%) 84 (22%) 77 (26%) 69 (23%) 

Basic science (human) 184 (14%) 63 (18%) 53 (14%) 42 (14%) 26 (8.8%) 

Basic science (other) 43 (3.2%) 4 (1.1%) 12 (3.1%) 11 (3.7%) 16 (5.4%) 

Clinical science 344 (26%) 70 (19%) 101 (26%) 89 (30%) 84 (28%) 

Commentary/editorial/letter/erratum 284 (21%) 106 (29%) 100 (26%) 36 (12%) 42 (14%) 

Narrative review 91 (6.8%) 17 (4.7%) 16 (4.1%) 27 (9.0%) 31 (10%) 

No experimental (human) 22 (1.6%) 1 (0.3%) 10 (2.6%) 0 (0%) 11 (3.7%) 

Systematic review (animal) 2 (0.1%) 0 (0%) 0 (0%) 1 (0.3%) 1 (0.3%) 

Systematic review (human) 52 (3.9%) 9 (2.5%) 10 (2.6%) 16 (5.4%) 17 (5.7%) 

1n (%) 
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4.3 Outcome analysis 
 

 

4.3.1 Distribution of experimental research article type 

 

Figure 4.2 shows the distribution of experimental research article types within and across the 

two periods.  

Within period: In 2009-2010, basic science (animal) had the highest number of articles (174), 

followed by clinical science (171). Basic science (human) had 116 articles and basic science 

(other) had the least number of articles at 16. In 2019-2020, clinical science had the highest 

number (173), followed by basic science (animal) with 146 articles. Basic science (human) 68 

articles and basic science (other) had the least number with 27 articles.    

Across periods: The number of articles in basic science (animal) decreased from 174 in the 

2009-2010 to 146 in the 2019-2020, reflecting a reduction of 2% over the decade from 37% to 

35%. Basic science (human) articles saw the biggest decline, dropping from 116 articles in 

2009-2010 to 68 articles in 2019-2020, which corresponds to a reduction of 8% from 24% to 

16%. In contrast, basic science (other) articles increased from 16 in 2009-2010 to 27 in 2019-

2020, indicating a rise of 4% over the decade from 3% to 7%. Clinical science articles also 

increased with 171 articles in 2009-2010 and 173 articles in 2019-2020, showing an increase 

of 6% from 36% to 42%. 
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Figure 4.2: Frequency distribution of experimental research article types (477 articles in 2009-

2010 and 414 articles in 2019-2020). (See Appendix III, Table A2 for actual count of articles) 

 

4.3.2 Analysis of P-value reporting in experimental research articles 

 

4.3.2.1 Distribution of significant and non-significant P-values 

Figure 4.3 compares the number of articles reporting significant (P < 0.05) and non-significant 

(P ≥ 0.05) P-values across different article types for 2009-2010 and 2019-2020. In 2009-2010, 

84% of P-values were significant compared to 81% in 2019-2020. Basic science (animal) 
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maintained a high proportion of significant results, increasing from 87% in 2009-2010 to 90% 

in 2019-2020. Basic science (human) consistently reported 82% significant results during both 

periods. Basic science (other) showed an increase from 80% in 2009-2010 to 95% in 2019-

2020. Clinical science studies showed a higher proportion of non-significant results in 2019-

2020 (29%) compared to 2009-2010 (19%). Table 4.2 shows the statistical analysis of non-

significant and significant P-values across both periods per article type. Chi-squared tests were 

used for basic science (human), basic science (animal), and clinical sciences groups. Our 

analysis revealed that none of the article types showed statistically significant differences after 

applying the Holm P-value adjustment for multiple comparisons. We used the Fisher’s exact 

test for basic science (other) because our sample size was less than ten, and the results also 

support that there is no significant difference in this group of articles. The overall statistical 

analysis of non-significant and significant P-values across both periods did not show a 

significant association, χ² = 0.559, df = 1, P = 0.455. 
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Figure 4.3: Frequency distribution of significant (P < 0.05) and non-significant P-values (P ≥ 

0.05) in 738 experimental studies, stratified by research type (330 significant P-values, 64 

non-significant P-values in 2009-2010; 280 significant P-values and 64 non-significant P-

values in 2019-2020). (See Appendix III, Table A3 for the article counts) 
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Table 4.2: Comparison of significant and non-significant P-values across 2009-2010 and 2019-

2020 periods for each article type 

Article type χ2 (df=1) P-value 
Holm-adjusted 

P-value 

Basic science (animal) 0.004 0.948 ≈ 1 

Basic science (human) 0.011 0.918 ≈ 1 

Clinical science 3.581 0.058 0.232 

Basic science (other) (Fisher’s test)  0.237 0.711 

 

4.3.2.2 Distribution of the type of P-values 

 

Figure 4.4 shows the comparison of articles reporting approximate (P-values reported as an 

inequality) and exact P-values across different article types for 2009-2010 and 2019-2020. In 

this study, all P-values reported as P < 0.001 were treated as approximate P-values. There is a 

shift towards reporting exact P-values from 2009-2010 (33%) to in 2019-2020 (42%). The 

results indicated a significant shift towards reporting exact P-values compared to approximate 

P-values over the decade, χ² = 6.234, df = 1, P = 0.013. Basic science (animal) showed a slight 

increase in exact P-values from 20% to 25% in 2019-2020. Basic science (human) increased 

from 42% to 48%. Basic science (other) increased in the proportion of exact P-values from 

20% to 38%, and clinical science increased from 43% to 56%. The overall trend indicates a 

move towards the recommended method of reporting P-values as exact values. Table 4.3 

compares the distribution of approximate and exact P-values between 2009-2010 and 2019-

2020 for each article type. The P-values for all article types was not statistically significant 

after adjusting for multiple comparisons.  

 

 

 



42 

 

 

 

 

 

Figure 4.4: Frequency distribution of the type of P-values (exact or approximate) in 738 

experimental studies, stratified by research type (131 exact P-values, 263 approximate P-values 

in 2009-2010 and 146 exact P-values, 198 approximate P-values in in 2019-2020) (See 

Appendix III, Table A4 for the counts of approximate and exact P-values by article type). 

 

 

Table 4.3: Comparison of approximate and exact P-values for each article type between 

2009-2010 and 2019-2020 periods 

 

Article type χ2 
P-value 

(df=1) 

Holm-adjusted 

P-value 

Basic science (animal) 0.621 0.431 ≈ 1 

Basic science (human) 0.289 0.591 ≈ 1 

Clinical science 4.600 0.032 0.128 
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Article type χ2 
P-value 

(df=1) 

Holm-adjusted 

P-value 

Basic science (other) (Fisher’s test)  0.429 ≈ 1 

4.3.2.3 Distribution of approximate P-values (per article type) 

 

Figure 4.5 illustrates the prevalence of reported approximate P-values (P < 0.001, P < 0.01, P 

< 0.05, and P > 0.05) across various article categories during 2009-2010 and 2019-2020. There 

is a substantial increase in “highly” significant P-values (P < 0.001), rising from 39% in 2009-

2010 to 55% in 2019-2020. This trend was observed across all article types. Specifically, in 

basic science (animal) research, the proportion of P < 0.001 values increased from 27% to 49%, 

while basic science (human) increased from 52% to 69%. Basic science (other) articles showed 

an increase from 38% to 46%, and clinical science articles increased from 50% to 60%. The 

observed general increase in “highly” significant results could suggest an improvement in the 

rigor and robustness of research findings over the examined period, or an increase in selective 

reporting of only “highly” statistically significant studies. Our analysis of the difference 

between each article types across the 2009-2010 and 2019-2020 periods showed mixed results 

in terms of statistical significance as shown in Table 4.3. For basic science (animal) the Fisher’s 

exact test yielded a P-value, indicate that the observed increase from 27% in 2009-2010 to 49% 

in 2019-2020 of basic science (animal) articles showing highly significant p values (p<0.001) 

was statistically significant.  The P-values for basic science (human), basic science (other) and 

clinical science were all not statistically significant (i.e., they did not fall below 0.05).  We then 

compared the distribution of P < 0.05 to all the other P-values for basic science (animal) since 

our results showed that there is a statistically significant difference in the data between the two 

periods. The Chi-square test yielded a value of χ2=8.601with a P-value of 0.003, and the Holm-

adjusted P-value was 0.012. This indicates that the observed differences are statistically 

significant even after adjusting for multiple comparisons. The significant difference in the 

distribution of P < 0.05 compared to all other P-values for basic science (animal) suggests that 
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there could have been notable changes in the research, for example change in methodologies, 

reporting standards and polices, influencing the outcomes of basic science (animal) studies 

over the decade.  

 

Figure 4.5: Frequency distribution of approximate P-values per article type. In 2009-2010, 123 

approximate P-values were recorded for basic science (animal), 52 basic science (humans), 8 

basic science (other) and 80 for clinical science. In 2019-2020, 94 approximate P-values were 

recorded for basic science (animal), 29 basic science (humans), 13 basic science (other) and 62 

for clinical science. (See Appendix III, Table A5 for the article counts) 
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Table 4.4: Comparison of the distribution of approximate P-values between 2009-2010 and 

2019-2020 for each article type 

Article type P-value (Fisher’s test) Holm-adjusted P-value 

Basic science (animal)  0.001 0.005 

Basic science (human) 0.477 0.954 

Basic science (other)  0.766 0.954 

Clinical science 0.207 0.621 

  

 

4.3.2.4 Reporting of test statistics with P-values 

 

In the 2009-2010 period, out of 131 exact P-values included in our study, 45% had a 

corresponding test statistic, while 32.7% of approximate P-values has a corresponding test 

statistic reported. A Chi-squared test was performed to determine if there was a significant 

association between reporting an exact or approximate P-value and including a corresponding 

test statistic. The results indicated a significant association, χ² = 5.206, df = 1, P = 0.023. For 

the 2019-2020 period, 45.2% of the 146 exact P-values had a test statistic, while 33.3% of 198 

approximate P-values has a corresponding test statistic reported. The Chi-squared test results 

again showed a significant association, χ² = 4.519, df = 1, P = 0.0034. 

A comparative analysis of 2009-2010 versus 2019-2020 showed that out of 131 exact P-values 

2009-2010 included in our study, 45% the P-value had a corresponding test statistic, while 

45.2% exact P-values in 2019-2010 had a corresponding test statistic, A Chi-squared test was 

performed to determine if there was a significant association between reporting an exact P-

value in a specific period and including a corresponding test statistic. The results indicated a 

non-significant association, χ² = 0.000., df = 1, P ≈ 1. For the approximate P-values in 2009-

2010, 32.7 % of the 262 approximate P-values had a corresponding test statistic, while 33.3 % 
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of 198 approximate P-values in 2019-2020. The Chi-squared test results again showed a non-

significant association, χ² = 0.002., df = 1, P = 0.966. 

These analysis shows that that while the type of P-value is associated with the likelihood of 

reporting a test statistic, this reporting practice did not significantly change over time. 

4.3.2.5 Reporting of sample size with P-values 

 

In the 2009-2010 period, out of 131 exact P-values included in our study, 98.5% had a 

corresponding sample size, while 87.8% of 262 approximate P-values has a corresponding 

sample size reported. A Chi-squared test was performed to determine if there was a significant 

association between reporting an exact or approximate P-value and including a corresponding 

sample size. The results indicated a significant association, χ² = 11.243, df = 1, P < 001. For 

the 2019-2020 period, 96.6 % of the 146 exact P-values had a test statistic, while 93.9% of 198 

approximate P-values has a corresponding sample size reported. The Chi-squared test results 

again showed a non-significant association, χ² = 0.745, df = 1, P = 0.388. 

A comparative analysis of 2009-2010 versus 2019-2020 showed that out of 131 exact P-values 

2009-2010 included in our study, 98.5% had a corresponding sample size, while 96.6% of 146 

exact P-values in 2019-2010  had a corresponding sample size. A Fisher’s exact test was 

performed to determine if there was a significant association between reporting an exact P-

value in a specific period and including a corresponding sample size. The results indicated a 

significant association, with P = 0.039. For the approximate P-values in 2009-2010, 87.8% of 

the 262 approximate P-values had a sample size, while 96.6% of 198 approximate P-values in 

2019-2020. The Chi-squared test results again showed a significant association, χ² = 4.250., df 

= 1, P = 0.039. Our results show an increase in the reporting of samples sizes for the P-values 

in both period with approximate P-values showing the higher increase. The Chi-squared results 

for the association between an approximate P-value and a corresponding sample size is 
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significant showing a change in reporting of statistics over time. There was consistent in the 

reporting of exact P-values and a corresponding sample size between the two period as shown 

by the insignificant P value obtained. 

4.3.2.6 Distribution of exact P-values by article type 

 

The percentage of articles reporting exact P-values across different article types for the 2009-

2010 and 2019-2020 periods is shown in Figure 4.6. In the 2009-2010 period, 33% of articles 

reported exact P-values, which increased to 42% in the 2019-2020 period, indicating a general 

trend towards more precise P-value reporting. The number of articles in basic science (animal) 

remained constant at 20% in both periods, basic science (human) saw an increase from 42% in 

2009-2010 to 48% in 2019-2020. In basic science (other), the number of articles increased from 

20% to 38%, and from 43% to 56% in clinical science.   
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Figure 4.6 : Distribution of all exact P-values by article type (131 in 2009-2010 and 146 in 

2019-2020. In 2009-2010, 31 articles were recorded for basic science (animal), 38 basic science 

(humans), 2 basic science (other) and 60 for clinical science. In 2019-2020, 31 articles were 

recorded for basic science (animal), 27 basic science (humans), 8 basic science (other) and 80 

for clinical science. (See Appendix III, Table A6 for the article counts) 

 

4.3.2.7 Distribution of all exact P-values by period 

 

Figure 4.7 shows the histogram of all exact P-values for 2009-2010 and 2019-2020. The shape 

of the distribution is similar across both periods with a large proportion of studies reporting 

small P-values. The insert in each panel shows the distribution of the exact P-values between 

[0, 0.06).  The extremely small P-values (lower than 0.001) were dominant in both periods. 

The proportion of studies reporting P-values just under 0.05 ([0.04, 0.05)) is higher (10%) in 

2009-2010 period compared to 2.5% in 2019-2020.  
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Figure 4.7 : Distribution of all exact P-values by period. (Insert) Distribution of exact P-values 

between [0, 0.06) 

 

The distribution of exact P-values between [0, 0.06) for both periods were plotted on a p-curve. 

A P-curve traditionally refers to the distribution of statistically significant p-values (usually < 

0.05) from a set of studies. The idea is to assess whether the findings reflect true effects or are 
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likely due to P-hacking or publication bias. However, for our analysis, we included near-

significant P-values (e.g., < 0.06) because P-hacking often results in a clustering of P-values 

just below 0.05. Including values up to 0.06 can help identify this pattern more clearly. The P-

curves for both 2009-2010 and 2019-2020 are shown in Figure 4.8. The count of P-values in 

each bin is expressed as a percentage of the exact P-values for the given period are shown in 

table 4.5. The count of P-values in each bin per article type per period. are shown in Appendix 

III, Tables A7(i)-7(iv). The observed P-value distribution in both periods shown in solid red 

line is right-skewed, several P-values at 0 and 0.001, indicating a high frequency of very small 

P-values. As discussed earlier, a right skewed P-curve with a high concentration of small P-

values and flattening tail as the P-values increases, suggests that the reported P-values are likely 

to be due to true effects rather than P-hacking. The flattening tail towards higher P-values may 

indicate publication bias, where studies with non-significant results are less likely to be 

published (Simonsohn, Nelson and Simmons, 2014). The dotted blue lines show the 

distribution of simulated P-values at 60%, and 90% power. Power refers to the probability that 

a test will correctly reject a false null hypothesis (i.e. detect a true effect when there is one). A 

higher power (closer to 100%) means the test is more likely to detect a true effect. For example, 

a power of 90%means there's a 90% probability of correctly identifying a true effect. Higher 

power is important because it reduces the risk of Type II errors, ensuring that true effects are 

not overlooked. A binomial test, which is a statistical method used to determine if there is a 

significant difference in proportions between an observed sample and a hypothesized sample 

was used to assess whether the reported distribution of P-values significantly differed from the 

hypothesised distribution at 60% and 90% power. The Binomial test was done for the P-value 

bins of [0.03, 0.04) [0.04, 0.05) and [0.05, 0.06). 
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Figure 4.8 : P-curve illustrating the frequency distribution of reported exact P-values between 

[0, 0.06) for 2009-2010 and 2019-2020 period (solid red line). The dotted lines represent 

simulated P-curves for a null effect, and when statistical power is 60%, and 90% to detect a 

true difference. 

: 
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Table 4.5: Frequency distribution of P-values  

Period P-value bin Count Total Percent 

2009-2010 [0,0.01) 46 131 35.1 

[0.01,0.02) 16 131 12.2 

[0.02,0.03) 7 131 5.3 

[0.03,0.04) 2 131 1.5 

[0.04,0.05) 11 131 8.4 

[0.05,0.06) 3 131 2.3 

[0.06,1] 46 131 35.1 

2019-2020 [0,0.01) 47 146 32.2 

[0.01,0.02) 10 146 6.8 

[0.02,0.03) 11 146 7.5 

[0.03,0.04) 13 146 8.9 

[0.04,0.05) 4 146 2.7 

[0.05,0.06) 6 146 4.1 

[0.06,1] 55 146 37.7 

 

 

Analysis of the 2009-2010 P curve 

Table 4.5 and Figure 4.8 show the distribution of exact P-values between. The distribution of 

reported P-values for 2009-2010, is right skewed showing more smaller P-values (e.g. 0.01) 

than the higher ones (e.g. 0.04) which may suggest the presence of a true effect. 35.1% of the 

reported P-values fall below P < 0.01, 19% of the P-values fell within the range 0.01 ≤ P < 

0.04. The P-curve shows general decrease of the distribution of the observed P-values; 

however, it shows an increase of P-values in the bins just below the significance threshold and 

a decrease just after the significance threshold 0.05. The frequency of the observed P-values is 

1.5% [0.03, 0.04), 8.4% [0.04, 0.05), and 2.3% [0.05, 0.06). The high proportion of P-values 

just under 0.05 and a decrease in the proportion just over 0.05 suggests potential P-hacking 

and/or publication bias. 

Table 4.6 below shows the results of the binomial tests which we performed to assess the 

distribution of our reported P-values for 2009-2010 to those of a hypothesised distribution at 
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60% and 90% power. The table shows the observed frequencies versus the expected 

frequencies for the bins around the significance threshold, the difference in probability, the 

95% confidence interval and the associated P-values. At 60% power, bin [0.03,0.04), the 

observed probability of 0.015 with a 95 % confidence interval of [0.002 to 0.054] is not 

statistically significantly different to the hypothesized probability of 0.046 (P = 0.097). At 90% 

power, bin [0.03,0.04), the observed probability of 0.015 with a 95 % confidence interval of 

[0.002 to 0.054] is not statistically significantly different to the hypothesized probability of 

0.025 (P = 0.777). At 60% power, bin [0.04;0.05), the observed probability of 0.084 with a 95 

% confidence interval of [0.043 to 0.145] is statistically significantly different to the 

hypothesized probability of 0.037 (P = 0.001). At 90% power, bin [0.04;0.05), the observed 

probability of 0.084 with a 95 % confidence interval of [0.0043 to 0.145] is statistically 

significantly different to the hypothesized probability of 0.017 (P <0.001). The observed 

positive difference in probability at bin [0.04;0.05), suggests that that the observed frequency 

of the reported P- value is higher than the excepted frequency. These binomial test results and 

visual analysis of the P-curve confirm that the reported frequency of P-values is higher than 

the expected frequency supporting the evidence of potential P-hacking and publication bias 

obtained by analysing the frequency of P-values in the bins around the threshold of 0.05. At 

60% power, bin [0.05,0.06), the observed probability of 0.023 with a 95 % confidence interval 

of [0.005 to 0.065] is not statistically significantly different to the hypothesized probability of 

0.031 (P = 0.802). At 90% power, bin [0.05, 0.06], the observed probability of 0.023 with a 95 

% confidence interval of [0.005 to 0.065] is not statistically significantly different to the 

hypothesized probability of 0.013 (P= 0.260). 
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Table 4.6: Binomial test for 2009-2010 frequency distribution of reported P-values (test for P-hacking) 

 

 

P-value bins 

Observed 

number in 

bin 

Total sample size 

(number of exact 

P-values) 

Observed probability 

(95% Confidence 

Interval) 

Hypothesized* 

probability 

Difference in 

Probability (95% 

Confidence Interval) 

 

P-value 

60% power [0.03,0.04) 2 131 0.015 [0.002 to 0.054] 0.046 -0.031 [-0.044 to 0.008] 0.097 
 [0.04,0.05) 11 131 0.084 [0.043 to 0.145] 0.037 0.047 [ 0.006 to 0.108] 0.001 
 [0.05,0.06) 3 131 0.023 [0.005 to 0.065] 0.031 -0.008 [-0.026 to 0.035] 0.802 

90% power [0.03,0.04) 2 131 0.015 [0.002 to 0.054] 0.025 -0.010 [-0.023 to 0.029] 0.777 
 [0.04,0.05) 11 131 0.084 [0.043 to 0.145] 0.017 0.067 [ 0.025 to 0.128] <0.001 
 [0.05,0.06) 3 131 0.023 [0.005 to0.065] 0.013 0.010 [-0.009 to 0.052] 0.260 

 

*Based on 100000 repeats simulation at each power 
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Analysis of the 2019-2020 P curve  

Table 4.6 and figure 4.8 show the distribution of exact P-values between [0, 0.06). The distribution 

of reported P-values for 2019-2020, is right skewed showing more smaller P-values (e.g. 0.001) 

than the higher ones (e.g. 0.04) which may suggest the present of true effect. 32.2% of the reported 

P-values fall below P <0.01, 23% P-values fell within the range [0.01 ≤ P < 0.04). Looking closely 

at the frequency of P-values around the significance threshold, we found more P-values in the 

(8.9%) P-values in the bin [0.03;0.04), 2.7% in the bin [0.04, 0.05], and 4.1% in the bin [0.05;0.06). 

These results of our analysis suggests that there is no evidence of p-hacking in the 2019-2020 data 

but supports the presence of true effects. The increase of the frequence of the P-values just above 

the significance level suggest that there is an increase in the number of articles published with non-

significant results which could be due to changes in journal policies and attitude towards 

publishing negative results as well as researchers submitting all their research regardless of the 

outcome.  

 

Table 4.7 below shows the results of the binomial tests which we performed to assess the 

distribution of our reported P-values for 2019-2020 to those of a hypothesised distribution at 60% 

and 90% power. The table shows the observed frequencies against the expected frequencies for 

each bin, the difference in probability, the 95% confidence interval and the associated P-values. At 

60% power, bin [0.03,0.04), the observed probability of 0.089 with a 95 % confidence interval of 

[0.046 to 0.147] is statistically significantly different to the hypothesized probability 0.046 

(P=0.026). At 90% power, [0.03,0.04), the observed probability of 0.089 with a 95 % confidence 

interval of [0.048 to 0.147] is statistically significantly different to the hypothesized probability of 

0.025 (P < 0.001). Our results mean that observed frequency has more concentration of P-values 
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than the expected. Generally, the overrepresentation of P-values appears just below the threshold 

which is consistent with questionable research practices. Our results show evidence of P-hacking 

in the 2009-2010 and no evidence of P-hacking a decade later (2019-2020). However, our results 

show a shift in the high concentration of the P-value from the bin just below the significance [0.04, 

0.05) to the lower bin [0.03, 0.04). At 60% power, bin [0.04, 0.05), the observed probability of 

0.027 with a 95 % confidence interval of [0.008 to 0.069] is not statistically significantly different 

to the hypothesized probability of 0.037 (P-=0.825). At 90% power, bin [0.04, 0.05), the observed 

probability of 0.027 with a 95 % confidence interval of [0.008 to 0.069] is not statistically 

significantly different to the hypothesized probability of 0.017(P = 0.324). At 60% power, bin 

[0.05, 0.06), the observed probability of 0.041 with a 95 % confidence interval of [0.015 to 0.087] 

is not statistically significantly different to the hypothesized probability of 0.031 (P =0.464). At 

90% power, bin [0.04, 0.05), the observed probability of 0.041 with a 95 % confidence interval of 

[0.015 to 0.087] is statistically significantly different to the hypothesized probability of 0.013 (P = 

0.015). These findings align with our previous findings from Table 4.8.



57 

 

 

Table 4.7: Binomial test for 2019-2020 frequency distribution of reported P-values (test for P-hacking) 

 

 

 

P-value bins 
Observed 

number in bin 

Total sample size 

(number of exact 

P-values) 

Observed probability 

(95% Confidence 

Interval) 

Hypothesized* 

probability  

Difference in 

Probability (95% 

Confidence Interval) 

 

P-value 

60% power [0.03, 0.04) 13 146 0.089 [0.048 to 0.147] 0.046 0.043 [ 0.002 to 0.101] 0.026 
 [0.04, 0.05) 4 146 0.027 [0.008 to 0.069] 0.037 -0.010 [-0.030 to 0.032] 0.825 
 [0.05, 0.06) 6 146 0.041 [0.015 to 0.087] 0.031 0.010 [-0.016 to 0.057] 0.464 

90% power [0.03, 0.04) 13 146 0.089 [0.048 to 0.147] 0.025 0.064 [ 0.023 to 0.122] <0.001 
 [0.04, 0.05) 4 146 0.027 [0.008 to 0.069] 0.017 0.010 [-0.010 to 0.051] 0.324 
 [0.05, 0.06) 6 146 0.041 [0.015 to 0.087] 0.013 0.028 [ 0.002 to 0.074] 0.015 

 

*Based on 100000 repeats simulation at each power 
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Chapter 5: Discussion 

  
The reporting of P-values in research has been a topic of significant interest, particularly in the 

context of ensuring the integrity and reliability of research findings. The aim of my study was to 

assess the quality and integrity of statistical reporting in the journal Pain by reviewing P-value 

reporting in the journal to establish how P-values were being presented, if there was evidence of 

good reporting practices, and whether there was evidence of any questionable research practices 

over two distinct periods (2009-2010 and 2019-2020).  

 

As mentioned earlier, P-hacking is identified by an overabundance of P-values just below the 

significance threshold of 0.05 compared to those just above it (Head et al., 2015). To detect P-

hacking, researchers look for an excess of P-values, compared to what you would expect for a 

given level of statistical power, in the range [0.04, 0.05). An excess of P-values in the [0.04, 0.05) 

range suggests either P-hacking, where significant results are favoured for publication. A higher 

number of P-values just below 0.05 indicates P-hacking, as researchers stop adjusting their 

analyses once they achieve significance. A significant drop in P -values above the significance 

threshold of 0.05, is interpreted as evidence of bias. P-curve analysis has also revealed P-hacking 

psychology (Masicampo and Lalande, 2012). 

 

We plotted the distribution of exact P-values in the range [0, 0.06) to identify if there were 

anomalous concentrations around the 0.05 threshold. The right-skewed P-curves indicate that the 

reported findings are likely to reflect true effects.  
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Our results show evidence of P-hacking in the 2009-2010 and no evidence of P-hacking a decade 

later (2019-2020). However, our results show a shift in the high concentration of the P-value from 

the bin just below the significance [0.04, 0.05) to the lower bin [0.03, 0.04). The ongoing discourse 

in the scientific community regarding the misuse and misinterpretation of P-values has led to 

significant changes in research practices. One possibility is that in an effort to avoid scrutiny, 

researchers have shifted their focus from the traditional 0.05 threshold to a slightly lower threshold 

of 0.04. This adjustment could be as a result of pressure to produce statistically significant results, 

which can sometimes lead to questionable research practices. However, our sample size is too 

small to make a definitive interpretation of this result. Future research could involve looking more 

closely at specific articles that report P-values in this specific range, examining factors such as 

sample sizes, statistical tests used, article types, and whether funding sources were involved.  

 

The P-curve analysis for 2019-2020 shows that the distribution of P-values is right-skewed, 

indicating a high frequency of very low P-values, which suggests the presence of true effects in 

the data rather than P-hacking, indicating a positive change in the reporting of statistics within the 

decade. The change in results suggests that researchers in the 2009-2010 period may have been 

more likely to P-hack their analysis methods to achieve statistically significant results. It is 

impossible to tell if these practices were inadvertent (e.g., because of lack of knowledge about 

what analytical approaches are appropriate) or deliberate. In contrast, the absence of P-hacking in 

2019-2020 implies that research practices may have improved, with researchers adhering more 

strictly to unbiased and transparent methods. The improvement in the transparency of reporting 

statistics could be due to increased awareness of P-hacking and its negative impact on scientific 

integrity, as well as the implementation of stricter guidelines and better practices in the research 
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community. Our results reflect a positive trend towards more reliable and reproducible research 

findings.  

 

Enhancing research transparency, one of the suggested ways of dealing with questionable research 

practices, is critically important in all research, including pain research, which can be achieved by 

practices such as the use of registered reports, and the public sharing of data and code (Chavalarias 

et al., 2016). A registered report is a journal article where authors detail their study plan, methods, 

and analyses. The report goes through peer review, and if approved, the journal commits to 

publishing the results regardless of the outcome. Journals play a pivotal role in promoting research 

transparency, especially through the implementation of policies and mandates. The Pain journal 

does not explicitly require the pre-registration of protocols or reports for all submissions. However, 

it encourages transparency and adherence to ethical guidelines. The journal's guidelines on 

transparency may be contributing to the improved characteristics of P-value reporting found in our 

study for 2019-2020. The Pain journal's guidelines on clinical trials and data sharing emphasize 

data transparency, data citation, analytical code and research materials transparency, and adherence 

to reporting guidelines. The journal encourages pre-registration of animal and human research 

studies and requires authors to indicate pre-registration in their manuscripts. In psychology, 

registered report studies have shown significantly fewer positive results (44%) compared to non-

registered report studies (96%), where "positive" refers to statistically significant findings (Scheel 

et.al 2021). We did not assess whether studies included in our sample were pre-registered, which 

could have provided more clarity to our results.   
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Our P-curve analysis had some limitations; our sample size was small and limited the effectiveness 

of our analysis. One of the reasons we had a small sample size was because we manually extracted 

the P-values as opposed to using text mining. This approach was labour-intensive limiting the dates 

we assessed to two two-year periods. Indeed, our original design only required the assessment of 

two one-year assessment periods, but the lack of data made us extend our investigation to two two-

year periods. However, the use of manual assessment had benefits. Simonsohn et al. (2014) 

stressed that for P-curve analysis to be valid, selected P-values must (1) relate to the hypothesis, 

(2) be statistically independent, and (3) follow a uniform distribution under the null hypothesis. 

Since our P-values were manually extracted, they were all linked to a primary hypothesis, a level 

of accuracy that text mining cannot achieve.  

 

Our study focused exclusively on experimental research articles. We found that 98% of the 

experimental research articles published in 2009-2010 and 95% of those published in 2019-2020 

reported a clear primary hypothesis. The high percentage of articles which stated the primary 

hypothesis highlights the critical role of a well-defined hypothesis in guiding research design, 

focusing data collection, facilitating analysis, and enhancing interpretation, collectively 

contributing to the robustness and reliability of experimental research which is crucial for 

advancing scientific knowledge (Bulajic, 2012).However, 16% of the studies in 2009-2010 and 

13% of studies in 2019-2020 had no P-values linked to the primary hypothesis. Since experimental 

research, by definition, involves experimenter manipulations with the objective being to assess the 

effect of the manipulation on a defined outcome, it is surprising that so many primary hypotheses 

were not accompanied by P-values; an indirect assessment of whether a comparison was made 

between the interventions.   
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P-curves have limitations for example; the estimates a of a p curve are not robust when the sample 

size is small and only statistically significant results are used for analysis. Using a Z-curve method 

of analysis could have been advantageous for our study as it includes both significant and non-

significant results, thus offering a larger sample size. Unlike p-curve, which focuses only on 

significant p-values and may limit its ability to detect p-hacking, the Z-curve adjusts for 

publication bias by estimating the proportion of studies missing due to non-significant results. This 

provides a clearer picture of the data's reliability. 

 

The proportion of significant P-values remained high across both periods (83% overall), with a 

slight increase in non-significant results from 16% in 2009-2010 to 19% in 2019-2020. The high 

proportion of significant results suggests potential issues with selective reporting or publication 

bias. Alternatively, it could mean that most studies are well powered to detect the effect of 

experimental interventions. Consistent with our data, Head et al. (2015) found that the proportion 

of significant results in biomedical research has increased over time. They speculated that the 

elevation could potentially be due to publication bias. However, the increase in non-significant 

results, particularly in clinical science articles, found in our study may reflect more robust 

experimental design.  

 

Our study showed an increase in the reporting of exact P-values and towards more precise 

statistical reporting. These changes in statistical reporting may be driven by evolving guidelines, 

increased awareness of best practices, and advancements in statistical methods. This aligns with 
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the recommendations by the American Statistical Association (Wasserstein & Lazar, 2016), 

emphasizing the need for more accurate and transparent reporting practices. Improved statistical 

reporting can enhance the reliability and reproducibility of research findings, which is crucial for 

advancing scientific knowledge. Wasserstein & Lazar (2016) emphasized the importance of 

context and the limitations of relying solely on P-values for scientific conclusions. However, the 

trend of better statistical reporting observed over the decade might be influenced by the increasing 

pressure to produce significant results in the competitive scientific environment the introduction 

of stricter guidelines  (Chavalarias et al., 2016, American Statistical Association, 2022, Hesson-

McInnis, 2025 ) ASA&APA guidelines. Reporting the exact P-values helps readers understand the 

results better, considering the specific details of the research setting or study design.  Similar 

studies in other fields have reported varying trends in P-value reporting. For instance, a study 

published in the JAMA Network analysed the evolution of P-value reporting in the biomedical 

literature from 1990 to 2015 and found that the proportion of articles reporting at least one 

statistically significant P-value (≤0.05) remained relatively stable over time. However, the study 

also noted an increase in the reporting of exact P-values, which aligns with the findings of this 

study in pain research (Chavalarias et al., 2016). In the field of medical research, (Kruschke, et al., 

2012) discussed the importance of reporting exact P-values and the potential issues associated with 

the misuse of P-values. They emphasized that while P-values themselves are not flawed, their 

misuse can lead to misleading conclusions.  

 

Our results for the reporting practices for P-values and their corresponding test statistics over the 

two periods, 2009-2010 and 2019-2020 show that there is a significant association between the 

type of P-value (exact or approximate) and whether a corresponding test statistic was also reported. 
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This finding implies that researchers were more diligent in reporting test statistics when exact P-

values were provided. For the 2019-2020 period, there was an improvement in reporting practices, 

with 66% of the exact P-values having a corresponding test statistic which reflects a positive trend 

towards better reporting standards over the decade. The consistent finding of a significant 

association between the exact P-value and a corresponding test statistic across both periods 

highlights the importance of exact P-values in promoting comprehensive reporting of statistical 

analyses. The improvement in reporting practices over time may be attributed to increased 

awareness and emphasis on research transparency and reproducibility within the scientific 

community. However, the fact that a substantial proportion of approximate P-values still lack 

corresponding test statistics indicates that there is room for further improvement. Future efforts 

should focus on encouraging researchers to consistently report test statistics for all types of P-

values, whether exact or approximate. 

 

A similar trend was found for the reporting of sample size with p-values. The reporting of sample 

sizes with P-values is of critical importance because for a given effect size, the power to detect a 

statistically significant difference increases with sample size. Thus, with a large enough sample 

size, a statistically significant effect may be detected, but the magnitude, and therefore the practical 

significance of the effect may be minor.  This relationship obviously also works in the opposite 

direction such that large effect sizes may be rejected as being statistically significant (false 

negatives) because the sample size is inadequate and the statistical power too low. Thus, both too 

larger sample size (which is an ethically questionable practice in its own right) may lead to false 

positive and too small sample size may lead to false negatives (use of an inappropriately small 

sample size is also ethically questionable). It is a limitation of this study that we only looked at the 
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relationship between P-values and sample size, and did not include effect sizes, but the array of 

effect sizes used (standardised and unstandardised) made extracting these data difficult.  

 

The distribution of article types showed a shift in research focus over the decade, with an increase 

in clinical science and a decrease in basic science (human) articles. The increase in clinical research 

publications may reflect the growing emphasis on clinical applications and translational research 

in pain management. This trend may also reflect changes in funding priorities, emerging research 

areas, or evolving scientific questions. Similar trends were observed by Chavalaris et.al (2016) 

who noted an increase in clinical research publications in medical journals. Understanding the shift 

in research focus can help policymakers and funders for example, to allocate resources more 

effectively to address current and future research.  

 

In conclusion, our study shows a general improvement in the reporting of statistics over the decade 

studied, particularly in reporting exact p-values along with their corresponding sample sizes and 

test statistics. Notably, the potential p-hacking and publication bias observed in the 2009-2010 

period were not found in the 2019-2020 period. 

 

While we used p-curve analysis, which has its limitations, our findings highlight potential issues 

that need to be addressed to maintain the integrity of research. Continuous education on the correct 

use and reporting of p-values is necessary to eliminate the use of approximate p-values and ensure 

p-values are reported with corresponding statistics and sample sizes. Researchers should be 

equipped with the skills to conduct rigorous and transparent studies, interpret statistics accurately, 
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and report findings responsibly. Journals can play a leading role by providing workshops and 

comprehensive guidelines on ethical research practices and conduct. They can also make it 

mandatory for all research to include a detailed research report. 

 

Our study assessed data from the journal Pain and focused on two specific periods: 2009-2010 and 

2019-2020. While Pain may not represent all pain-related research, it was selected for this study 

due to its status as the leading journal in the field by impact factor ranking. Future studies should 

include a wider range of journals to provide a more comprehensive overview of statistical reporting 

in pain-related research. Additionally, future research should compare the p-values of articles with 

pre-registered reports to those without. Increasing the sample size in future studies is also 

important to ensure all categories of articles have sufficient sample sizes, as this affects statistical 

power and the ability to detect differences. 

 

The findings of this study have important implications for future research in pain management. 

The improvement in the statistical reporting as shown by the general leaning towards more precise 

statistical reporting and the absence of P-hacking or publication bias in 2019-2020 as compared to 

2009-2010 enhance the credibility of the research in this field. Future studies should continue to 

prioritize transparency and methodological rigor to build on these findings and further advance the 

field. Exaggerating the effects and distorting evidence for scientific claims can lead to the 

misallocation of resources, as researchers may pursue areas with minimal evidence. Additionally, 

promoting unproven or ineffective treatments can harm the public and diminish trust in scientific 

institutions. 
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Appendix III: Frequency tables 
 

 

Table A1: Frequency distribution of articles with a P-value linked to the primary 

hypothesis by article type and period (Data for Figure 4-1) 

 

 P-value for primary 

hypothesis 
No (%) Yes (%) Total 

2009-2010 Total 74 (16%) 394 84% 468 
 Basic science (animal) 15 (9%) 154 (91%) 169 
 Basic science (human) 23 (20%) 90 (80%) 113 
 Basic science (other) 6 (38%) 10 (62%) 16 
 Clinical science 30 (18%) 140 (82%) 170 

2019-2020 Total 53 (13%) 344 (87%) 397 
 Basic science (animal) 9 (7%) 125 (93%) 134 
 Basic science (human) 12 (18%) 56 (82%) 68 
 Basic science (other) 5 (19%) 21 (81%) 26 
 Clinical science 27 (16%) 142 (84%) 169 

Total All Periods 127 (15%) 738 (85%) 865 

 

Table A2: Frequency distribution of experimental research article types (Data for Figure 4-

2) 

 Clear hypothesis         No (%) Yes (%)       Total 

 

2009-2010 Total 9 (2%) 468 (98%) 477 
 Basic science (animal) 5 (3%) 169 (97%) 174 
 Basic science (human) 3 (3%) 113 (97%) 116 
 Basic science (other) 0 (0%) 16 (100%) 16 
 Clinical science 1 (1%) 170 (99%) 171 

2019-2020 Total 17 (4%) 397 (96%) 414 
 Basic science (animal) 12 (8%) 134 (92%) 146 
 Basic science (human) 0 (0%) 68 (100%) 68 
 Basic science (other) 1 (4%) 26 (96%) 27 
 Clinical science 4 (2%) 169 (98%) 173 

Both Periods  26 (3%) 865 (97%) 891 
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Table A3: Frequency distribution of significant and non-significant results by article type 

and period (Data for Figure 4-3) 

 

2009–2010  All Articles 64 (16%) 330 (84%) 394 
 Basic Science (Animal) 20 (13%) 134 (87%) 154 
 Basic Science (Human) 16 (18%) 74 (82%) 90 
 Basic Science (Other) 2 (20%) 8 (80%) 10 
 Clinical Science 26 (19%) 114 (81%) 140 

2019–2020 All Articles 64 (19%) 280 (81%) 344 
 Basic Science (Animal) 13 (10%) 112 (90%) 125 
 Basic Science (Human) 10 (18%) 46 (82%) 56 
 Basic Science (Other) 1 (5%) 20 (95%) 21 
 Clinical Science 41 (29%) 101 (71%) 142 

Both Periods   128 (17%) 610 (83%) 738 

 

 

Table A4: Frequency distribution of approximate and exact P-values results by article type 

and period (Data for Figure 4-4) 

Time Period Article Type Approximate (%) Exact (%) Total 

2009–2010 All Articles 263 (67%) 131 (33%) 394 
 Basic Science (Animal) 123 (80%) 31 (20%) 154 
 Basic Science (Human) 52 (58%) 38 (42%) 90 
 Basic Science (Other) 8 (80%) 2 (20%) 10 
 Clinical Science 80 (57%) 60 (43%) 140 

2019–2020 All Articles 198 (58%) 146 (42%) 344 
 Basic Science (Animal) 94 (75%) 31 (25%) 125 
 Basic Science (Human) 29 (52%) 27 (48%) 56 
 Basic Science (Other) 13 (62) 8 (38%) 21 
 Clinical Science 62 (44%) 80 (56%) 142 

Both Periods  461 (62%) 277 (38%) 738 
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Table A5: Frequency distribution of approximate P-values results by article type and 

period (Data for Figure 4.5) 

Period  P < 0.001 (%)   P < 0.01 (%) 
 

P < 0.05 (%)  
  P > 0.05 (%)    Total 

2009-2010                                               103 (39%) 42 (%16) 101 (38%) 17 (6%)    263 

 Basic science (animal) 33 (27%) 14 (11%) 69 (56%) 7 (6%)    123 

 Basic science (human) 27 (52%) 12 (23%) 11 (21%) 2 (4%)       52 

 Basic science (other) 3 (38%) 0 (0%) 4 (50%) 1 (13%)       8 

 Clinical science 40 (50%) 16 (20%) 17 (21%) 7 (9%)        80 

2019-2020  109 (55%) 25 (13%) 58 (29%) 6 (3%)      198 

 Basic science (animal) 46 (49%) 14 (15%) 33 (35%) 1 (1%)       94 

 Basic science (human) 20 (69%) 5 (17%) 3 (10%) 1 (3%)       29 

 Basic science (other) 6 (46%) 1 (8%) 6 (46%) 0 (0%)       13 

 Clinical science 37 (60%) 5 (8%) 16 (26%) 4 (6%)       62 

Both 

Periods 
 212 (46%) 67 (15%) 159 (34%) 23 (5%) 

461 

 

 

Table A6: Frequency distribution of significant and non-significant exact P-values results 

by article type and period (Data for Figure 4.6) 

 

Period       Not Significant (%)         Significant (%) 

 

Grand 

Total 

2009-2010 Total 47 (36%) 84 (64%) 131 
 Basic science (animal) 13 (42%) 18 (58%) 31 
 Basic science (human) 14 (37%) 24 (63%) 38 
 Basic science (other) 1 (50%) 1 (50%) 2 
 Clinical science 19 (32%) 41 (68%) 60 

2019-2020 Total 58 (40%) 88 (60%) 146 
 Basic science (animal) 12 (39%) 19 (61%) 31 
 Basic science (human) 9 (33%) 18 (67%) 27 
 Basic science (other) 0 (0%) 8 (100%) 8 
 Clinical science 37 (46%) 43 (54%) 80 

Grand Total All Periods 105 (38%) 172 (62%) 277 
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Table A7(i)-7(iv) Frequency distribution of significant exact P-values results by article type 

and period (bins) 

A7(i). Basic science (human) 

Period P-value bin Count Total Percent 

2009-2010 [0,0.01) 10 38 26.3 

[0.01,0.02) 3 38 7.9 

[0.02,0.03) 3 38 7.9 

[0.03,0.04) 1 38 2.6 

[0.04,0.05) 5 38 13.2 

[0.05,0.06) 2 38 5.3 

[0.06,1] 14 38 36.8 

2019-2020 [0,0.01) 6 27 22.2 

[0.01,0.02) 5 27 18.5 

[0.02,0.03) 3 27 11.1 

[0.03,0.04) 3 27 11.1 

[0.04,0.05) 1 27 3.7 

[0.05,0.06) 0 27 0.0 

[0.06,1] 9 27 33.3 

 

 

A7(ii). Basic science (animal) 

Period P-value bin Count Total Percent 

2009-2010 [0,0.01) 11 31 35.5 

[0.01,0.02) 4 31 12.9 

[0.02,0.03) 2 31 6.5 

[0.03,0.04) 1 31 3.2 

[0.04,0.05) 0 31 0.0 
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Period P-value bin Count Total Percent 

[0.05,0.06) 0 31 0.0 

[0.06,1] 13 31 41.9 

2019-2020 [0,0.01) 12 31 38.7 

[0.01,0.02) 0 31 0.0 

[0.02,0.03) 4 31 12.9 

[0.03,0.04) 0 31 0.0 

[0.04,0.05) 1 31 3.2 

[0.05,0.06) 3 31 9.7 

[0.06,1] 11 31 35.5 

 

A7(iii). Basic science (other) 

Period P-value bin Count Total Percent 

2009-2010 [0,0.01) 0 2 0.0 

[0.01,0.02) 1 2 50.0 

[0.02,0.03) 0 2 0.0 

[0.03,0.04) 0 2 0.0 

[0.04,0.05) 0 2 0.0 

[0.05,0.06) 0 2 0.0 

[0.06,1] 1 2 50.0 

2019-2020 [0,0.01) 5 8 62.5 

[0.01,0.02) 0 8 0.0 

[0.02,0.03) 0 8 0.0 

[0.03,0.04) 2 8 25.0 

[0.04,0.05) 0 8 0.0 

[0.05,0.06) 1 8 12.5 
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Period P-value bin Count Total Percent 

[0.06,1] 0 8 0.0 

 

 

A7(iv). Clinical science 

 

Period P-value bin Count Total Percent 

2009-2010 [0,0.01) 25 60 41.7 

[0.01,0.02) 8 60 13.3 

[0.02,0.03) 2 60 3.3 

[0.03,0.04) 0 60 0.0 

[0.04,0.05) 6 60 10.0 

[0.05,0.06) 1 60 1.7 

[0.06,1] 18 60 30.0 

2019-2020 [0,0.01) 24 80 30.0 

[0.01,0.02) 5 80 6.2 

[0.02,0.03) 4 80 5.0 

[0.03,0.04) 8 80 10.0 

[0.04,0.05) 2 80 2.5 

[0.05,0.06) 2 80 2.5 

[0.06,1] 35 80 43.8 
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Appendix IV: List of articles in study 

First Author 

Publication 

Year 

Volume 

Number 

Issue 

Number 

Page 

Numbers doi 

Ho T.W. et. al., 2009 141 1 19-24 doi:10.1016/j.pain.2008.07.013 

Masheb R.M. et. al., 2009 141 1 31-40 doi.10.1016/j.pain.2008.09.031 

Banik R.K. et. al., 2009 141 1 41-51 doi:10.1016/j.pain.2008.10.004 

Wrigley P.J. et. al., 2009 141 1 52-59 doi:10.1016/j.pain.2008.10.007 

Gazerani P, et. al., 2009 141 1 60-69 doi:10.1016/j.pain.2008.10.005 

Wang S. et. al., 2009 141 1 97-103 doi:10.1016/j.pain.2008.10.021 

Velduijzen D. et. al., 2009 141 1 104-113 doi:10.1016/j.pain.2008.10.027 

Walker S.M.et. al., 2009 141 1 79-87 doi.10.1016/j.pain.2008.10.012 

Cabanero D. et. al., 2009 141 1 88-96 doi.10.1016/j.pain.2008.10.011 

Sullivan M.J.et. al., 2009 141 1 70-78 doi.10.1016/j.pain.2008.10.017 

Campbell C.M. et al., 2009 141 1 114-118 doi.10.1016/j.pain.2008.10.023 

Oliveira M.C.G. et al., 2009 141 1 127-134 doi:10.1016/j.pain.2008.10.024 

Keeble J.E. et al., 2009 141 1 135-142 doi:10.1016/j.pain.2008.10.025 

Sandor K. et al., 2009 141 1 143-150 doi:10.1016/j.pain.2008.10.028 

Tucker K.J. et al., 2009 141 1 151-155 doi:10.1016/j.pain.2008.10.029 

Olechowski C.J. et al., 2009 141 1 156-164 doi.10.1016/j.pain.2008.11.002 

Wollgarten-Hadamek I. et 

al., 2009 141 1 165-172 doi:10.1016/j.pain.2008.11.008 

Hollins M. et al., 2009 141 3 215-221 doi:10.1016/j.pain.2008.10.003 

McDougall J.J. et al., 2009 141 3 222-232 doi:10.1016/j.pain.2008.10.013 

Knabl J. et al., 2009 141 3 233-238 doi:10.1016/j.pain.2008.10.015 

Brenchat A. et al., 2009 141 3 239-247 doi. 10.1016/j.pain.2008.11.009 

Wicksell R. K. et al., 2009 141 3 248-257 doi:10.1016/j.pain.2008.11.006 

Ogawa A. et al., 2009 141 3 269-275 doi:10.1016/j.pain.2008.11.015 

Trost Z. et al.,  2009 141 3 276-282 doi:10.1016/j.pain.2008.11.016 

Obara I. et al., 2009 141 3 283-291 doi:10.1016/j.pain.2008.12.006 

Agostini S. et al., 2009 141 3 292-299 doi:10.1016/j.pain.2008.12.007 

Honore P. et al., 2009 142 1 27-35 doi:10.1016/j.pain.2008.11.004 

Mewes R. et al., 2009 142 1 36-41 doi:10.1016/j.pain.2008.11.007 

Khatibi A. et al., 2009 142 1 42-47 doi:10.1016/j.pain.2008.11.020 

Amaya F. et al., 2009 142 1 59-67 doi:10.1016/j.pain.2008.11.013 

Frew A.K. et al., 2009 142 1 68-74 doi:10.1016/j.pain.2008.11.014 

Peng H. et al., 2009 142 1 75-88 doi. 10.1016/j.pain.2008.11.017 

Kupers R. et al., 2009 142 1 89-93 doi:10.1016/j.pain.2008.12.008 

Rezende R. et al., 2009 142 1 94-100 doi:10.1016/j.pain.2008.12.005 

McGowan N. et al., 2009 142 1 101-107 doi:10.1016/j.pain.2008.12.009 

Wang N. et al., 2009 142 1 108-115 doi. 0.1016/j.pain.2008.12.016 

Cottrell J.A. et al., 2009 141 1 116-126 doi.10.1016/j.pain.2008.12.019 

Maeda Y. et al., 2009 142 1 127-132 doi:10.1016/j.pain.2008.12.021 

Poh K. et al., 2009 142 1 133-141 doi.10.1016/j.pain.2008.12.016 

Vervoot T. et al., 2009 142 1 142-148 doi:10.1016/j.pain.2008.12.028 

Valmunen T. et al., 2009 142 1 149-158 doi:10.1016/j.pain.2008.12.031 

MacDonald D. et al., 2009 142 3 183-188 doi:10.1016/j.pain.2008.12.002 
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