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Abstract 

‘Statistical significance’ is more than just a label. Cognitive 
psychological theories suggest it may represent a mental 
concept of a category of p-values due to the pervasive practice 
of dichotomous interpretation of p-values. This paper builds on 
previous research identifying categorical boundary effects in 
the initial information processing of p-values by examining the 
encoding and retrieval of p-values embedded in the context of 
scientific abstracts. A sample of 30 U.S. graduate students in 
the psychological sciences read blocks of abstracts, then were 
prompted to recall certain details, including p-values. Results 
show that memory for p-values was skewed away from the .05 
boundary, suggesting that training in dichotomous ‘p < .05’ 
thinking may lead to categorical biases in memory for p-
values. These results set up experiments to test mechanistic 
hypotheses of boundary effects on statistical cognition as well 
as the efficacy of teaching interventions to address and 
ameliorate these categorical biases.  

Keywords: statistical thinking; mathematical cognition; 
concepts and categories; memory errors 

Introduction 

‘Statistically significant’ –– two words that were always 

meant to be a simple guidepost in the interpretation of p-

values as probabilities –– have, since their introduction in the 

late 1800s, taken on a life of their own. Having sparked 

controversies (e.g., Hales & Wood, 2022) and questionable 

research practices (see John et al., 2012), scholars agree 

something must be done to change the current practice of 

statistical testing based on a dichotomous ‘p < .05’ boundary.  

Suggested solutions vary greatly. Cumming (2014) 

suggests an emphasis on confidence intervals and effect sizes. 

Kruschke and Liddell (2018) suggest a transition to the 

Bayesian school of statistics. Some statisticians advocate 

other statistics, such as second-generation p-values (SGPV; 

Blume et al., 2019), Shannon information (S-value; 

Greenland, 2019), and the false positive risk (FPR; 

Colquhoun, 2019).  

All these suggestions, without proper framing, may fall 

prey to the same dichotomization problem as p-values – all 

are artificial measures utilizing scales that require helpful 

guideposts to support scientists’ decision making, which in 

turn makes them susceptible to categorization by novices to 

facilitate interpretation. Lost in the midst is the core principle 

of statistical thinking – reasoning about uncertainty.  

What these recommendations fail to consider is what if any 

permanent damage has been done by the previous century of 

life in the ‘p < .05’ world. From a cognitive science 

perspective, there is reason to suspect that two innocuous 

words, ‘statistically significant’, have transcended to a 

category label impacting our cognitive processes. Indeed, 

words affect the way we think and process information 

(Hussein, 2012), and cognition may even fundamentally be 

an act of categorization (Harnad, 2017).  

If the past century of statistical practice has created a 

mental representation of ‘statistically significant’ p-values 

and those that are not, simply ceasing to use the term will not 

suffice in reversing the psychological effects of ‘p < .05’ 

dichotomous thinking. Furthermore, training efforts would 

require a cognitive component, to ensure that categorical 

boundary effects inherent to cognition can be developed in a 

manner consistent with recommendations for statistical 

practice. 

The purpose of this paper is thus to explore the potential 

cognitive effects of having lived, even if only a few years, in 

a ‘p < .05’ world. Specifically, we examine the potential 

effect of the ‘statistically significant’ category on early career 

researchers’ encoding and retrieval of p-values embedded 

within scientific abstracts. These results can inform whether 

further education and self-regulatory strategies alone will 

suffice in moving to a world beyond ‘p < .05’, or if additional 

cognitive training activities may be needed.  

Background 

Wasserstein et al. (2019), in addition to calling for an end to 

the era of ‘statistical significance’, give a warning for the 

future – “to preclude a reappearance of this problem 

elsewhere, we must not begin arbitrarily categorizing other 

statistical measures” (p. 2). However, to many cognitive 

scientists, cognition is categorization – perception of any 

stimulus, and in general the act of seeing a thing as 

‘something’, is at its heart an act of categorization (Goldstone 

et al., 2013). Categorization is fundamental to our interaction 

with any attribute to which we differentially respond 

(Harnad, 1987), such as the interpretation of a p-value (or 

effect size, Bayes Factor, etc.) based on its magnitude. 
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Categorical Thinking 

Categories provide structure to our interactions with the 

external world, facilitating the mapping of stimuli to 

responses by making connections between stimuli that may 

generate similar responses for a particular purpose. In this 

way, categorization can make different stimuli 

psychologically alike (Sloman, 1996). Some argue that the 

creation of a label initiates the creation of a mentally 

possessed notion, inviting categorization by creating both 

category and concept (Waxman & Markow, 1995). The 

existence of category labels then provides a psychological 

anchor for the subsequent development of a concept, as 

objects are determined to either be a member of the category 

or not (Clark, 1997). Providing redundant labels serves to 

reinforce concepts (Lupyan et al., 2007) – word labels 

accompanied by other symbolic or auditory labels lead to 

faster concept acquisition and increased robustness of the 

concept. By contrast, unlabeled stimuli have less influence on 

how people categorize than those reinforce with labels 

(McDonnell et al., 2012). This collectively suggests that 

labels indeed matter. 

The implications of a century of dichotomizing p-values 

are profound. Consider the modern graduate student. Even 

with the shifting landscape of statistical practice in the wake 

of the replication crisis, the fact remains that p < .05 is still 

widely taught even if for historical purposes, and the extant 

scientific literature of the past century is riddled with p-value 

categorization. Future students reading past literature will 

undoubtedly encounter the term ‘statistically significant’. 

Seeing p-values described as ‘statistically significant’ may 

still initiate the formation of a category and concept based on 

this label; in past literature, such p-values were typically not 

even reported exactly but rather simply as “p < .05” or “p > 

.05”. Similarly, seeing p-values represented by asterisks in a 

table, such as “*” for “p < .05” will reinforce these students’ 

concept of ‘statistically significant’. Furthermore, solely 

seeing (modern) papers without the label may not be enough 

to undo the formation of the concept. 

Benchmarks and Boundaries 

Simply refraining from specifying category-delineating 

boundaries (e.g., ‘p < .05’) in favor of category benchmarks 

(e.g., d = .5 is a ‘medium’ effect) will not obviate the 

problem. Collins & Watt (2021) have already found evidence 

of categorical effects in the interpretation of effect sizes based 

on Cohen’s (1988) suggested values of .2 for a small effect, 

.5 for medium, and .8 for large1. 

Even in the absence of pre-specified benchmarks, 

individuals build a notion of category typicality through 

repeated exposure; whether by accrual of exemplars 

(Nosofsky, 1986) or representing a prototype (Rosch, 1975), 

individuals learn to categorize novel stimuli based on their 

experience. Furthermore, even when boundaries are not 

 
1 It should be noted that Cohen (1988) explicitly warned against 

adopting these values as benchmarks, as they were purely 

hypothetical, and should vary by field.  

explicitly provided, stimuli at or near boundaries are often as 

effectively categorized as prototypes (e.g., Davis & Love, 

2010). This may be because individuals automatically 

generate reference points for the boundary in order to help 

them discriminate between categories (Pastore, 1987). 

Categorical Effects on Numerical Cognition 

As statistics is fundamentally based on the utilization of 

numbers to quantify probability and uncertainty, statistical 

cognition is thus fundamentally based on numerical 

cognition. The classical model for the mental representation 

of numeric stimuli is a logarithmically compressed mental 

number line (Log MNL; Dehaene et al., 1990; Moyer & 

Landauer, 1967). First established with whole numbers, the 

Log MNL has since been extended to include decimal 

representations of numbers (e.g., Dehaene, 1997; Varma & 

Karl, 2013).  

Specifically relevant for statistical cognition is the theory 

that the Log MNL is not a continuous representation, but 

rather, one with psychological boundaries based on our place-

value system. This is most readily observed by the decade-

crossing effect (Nuerk et al., 2015), the phenomenon by 

which determining the midpoint between two numbers is 

harder when the tens digits differ (i.e., bisecting ‘27 and 35’ 

is harder than bisecting ‘21 and 29’). Similarly, children and 

adults are faster to indicate which two-digit number is larger 

when both the decade and unit digits are compatible (e.g., 37 

> 25) than incompatible (e.g., 35 > 27), further suggesting 

that multi-digit numbers are not purely represented as holistic 

magnitudes (Nuerk et al., 2001). 

To date, three studies have provided empirical credence to 

the potential of categorical distortions of the Log MNL. 

Landy et al. (2017) found evidence of a boundary effect 

between 999,999 and 1,000,000, conjecturing that the cause 

is likely to be the shift from the ‘thousand’ to ‘million’ 

category labels, and these labels’ inciting of categorical 

effects on the Log MNL.  

While prior research has identified a discontinuity around 

p = .05 in researchers’ confidence in an effect (e.g., Rosenthal 

& Gaito, 1963), we have recently embarked on a series of 

lower-level examinations of researchers’ initial processing of 

the p-values themselves. In two previous studies, we 

examined the effect of ‘statistically significant’ as a category 

on the initial processing of p-values (i.e., within the first 

seconds after exposure to the stimulus; Rao et al., 2022; 

2024). We found evidence of a boundary effect at .05 in 

graduate students in the psychological sciences, even after 

adjusting for general landmark boundary effects inherent to 

the Log MNL; undergraduates only showed a tiny such 

effect, presumably based on the natural boundary of 5 in a 

base-10 system. Our conjecture was that the cause of this 

effect is training and exposure to the ‘statistically significant’ 

6155



category and its ‘p < .05’ boundary, and this category’s 

inciting of categorical effects on the Log MNL. 

Taken together, and in combination with the psychological 

theories of categories as well as numerical cognition, the 

empirical evidence from these studies supports the 

development of the following theory:  

1. Exposure and training in the ‘p < .05’ world incites a 

mental concept of ‘statistical significance’. 

2. This mental concept produces a psychologically real 

boundary at .05 delineating different categories of p-values, 

i.e., those that are ‘statistically significant’ and those that are 

not. 

3. This psychologically real boundary governs individuals’ 

interaction with p-values as numerical stimuli. 

What remains to be seen is how much and over what time 

course such boundary effects occur for interpreting p-values. 

Here, we set out to test whether such effects occur in people’s 

encoding and retrieval for specific p-values in scientific texts. 

Problem Statement 

Despite the ubiquity of categorization and the prevalence of 

the dichotomous interpretation of p-values in practice, it is 

important to note that statisticians and researchers do not, and 

(for the most part) never have, recommend the blind use of 

categories to interpret statistical measures – a cursory search 

of the literature will find many papers decrying such practices 

(e.g., Shaver, 1993). Why then do we still categorize 

statistical measures? 

Based on psychological theories of categories and 

concepts, there are three key reasons why the categorization 

of statistical measures may be psychologically unavoidable. 

First, as some cognitive scientists have argued, 

categorization, including that based on numeric magnitude, 

may be innate to human psychology (Harnad, 2017). 

Alternatively, categorization may be a direct consequence of 

exposure to a past literature base that has extensively utilized 

categorical boundaries and benchmarks to guide the 

interpretation of statistical measures, such as ‘p < .05’, 

‘RMSEA > .10’, or ‘d = .20’. And finally, categorization may 

be a direct consequence of instruction and training that (by 

necessity) helps students learn how to differentially respond 

to statistical measures based on their numeric magnitude.  

These accounts provide us with potential insights into how 

we move to a world beyond statistical dichotomization. If the 

categorization of statistical measures is inescapable, the goal 

should not be to avoid categorization, but rather to avoid 

letting categorization become a problem. In order to avoid 

repeating past mistakes akin to that of the p-value 

controversy, we must further investigate statistical cognition 

to better understand how and when the categorization of 

statistical measures lead to suboptimal outcomes in statistical 

thinking. 

 
2 The study also included two additional tasks whose results are 

not reported here due to space limitations.  

Research Question 

The process of science is not one on the order of milliseconds, 

but often is on the order of months and years. On this 

timescale, a categorical boundary effect at .05 in the initial 

processing of p-values as stimuli (Rao et al., 2022; 2024) is 

only problematic for statistical and scientific practice if that 

categorical boundary also exists on these longer time scales, 

or if it has downstream effects on cognitive processes that are 

on those longer timescales. Cognition on these longer time 

scales utilizes additional cognitive faculties, such as memory, 

than those used in initial information processing.  

To address this critical gap, the current study investigates 

the following research question: after controlling for 

boundary effects in numerical cognition, do graduate students 

with statistical training show categorical boundary effects at 

.05 in the recall of the numeric magnitude of p-values that are 

embedded in scientific abstracts? 

Methods 

The key experimental stimuli were a series of scientific 

abstracts that contained exact p-values. The experiment 

employed a within-participants design in order to control for 

individual differences in encoding and retrieval strategy and 

working memory. 

Participants 

We recruited 30 graduate students from the psychological 

sciences from two large public research-oriented universities 

in the United States. Eligible participants were those who 

reported having at least one full year of experience with 

hypothesis tests and p-values, as well as at least one year 

reading scientific abstracts through coursework, research, or 

teaching. Consenting participants were paid $25 USD for 

completing the 60-min study2. 

Materials 

Each stimulus presented to participants was in the form of a 

short scientific abstract. All abstract vignettes contained 

information about a fictional study and were written to 

control for several key covariates in encoding and retrieval of 

texts (e.g., text structure, experimental vs. correlational 

design, IVs and DVs, sample size, etc.). The key attribute of 

each stimulus was the numerical value of the p-value 

contained therein. 

We created the p-value stimuli to embed in scientific 

abstracts according to multiple criteria. First, due to the effect 

of leading zeros on numerical cognition (Schulze et al., 

1991), all target p-value stimuli were between .010 and .099. 

Numeric values with repeated digits were excluded from 

consideration, as were values ending in 5, as such stimuli are 

easier to recall (Milikowski & Elshout, 1995). To reduce 

demand characteristics due to the similar range of target p-
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values, we also included four distractor stimuli with values 

below .010 or above .100. 

Furthermore, to counter a possible ‘rounding’ strategy 

whereby participants may round each p-value to the nearest 

hundredths digit, or a possible ‘hundredths digit’ strategy 

whereby participants truncate and ignore the thousandths 

digit of the p-value, numerical values for the p-value stimuli 

were carefully selected to distinguish between predictions of 

a ‘rounding’ strategy, ‘hundredths digit’ strategy, and the 

‘categorical boundary’ conjecture (see Table 1). Specifically, 

p-value pairs were presented to participants such that for a 

given pair, each p-value will be equidistant from .05, e.g., ‘p 

= .027’ and ‘p = .073’. All participants were presented with 

the same p-value stimuli, but each p-value in a pair was 

counterbalanced to different abstract across participants.  

 

Table 1: Numeric values of p-value stimuli. 

 

Stimuli Group Numeric Values 

Pair #1 .014, .086 

Pair #2 .021, .079 

Pair #3 .027, .073 

Pair #4 .036, .064 

Pair #5 .039, .061 

Pair #6 .042, .058 

Distractors .003, .172, .491, .528 

 

The manner in which these stimuli controlled for the three 

possible recall strategies is as follows. For example, if 

participants employed a ‘rounding’ strategy, their category 

bias for Pair #1 would be -.008 (i.e., [.010 - .014] - [.090 - 

.086]). However, their category bias for Pair #3 would be 

.008 (i.e., [.040 - .036] - [.060 - .064]). In this manner, their 

average category bias would be 0. As a secondary protection 

against a ‘rounding’ strategy leading to a non-zero sample 

statistic, three of the ‘statistically significant’ p-value stimuli 

‘round up’ while three ‘round down’, with the same balance 

in rounding for the ‘not statistically significant’ stimuli. 

Similarly, if participants employed a ‘hundredths digit’ 

strategy, their category bias for Pair #1 would be .002 (i.e., 

[.010 - .014] - [.080 - .086]), while their category bias for Pair 

#3 would be -.002 (i.e., [.030 - .036] - [.060 - .064]), again 

leading to an average category bias of 0.  

Importantly, only through the conjectured ‘category 

boundary’ effect at .05 would participants have a non-zero 

average category bias across all 6 pairs. If the .05 boundary 

does impact participants’ recall, we would expect a positive 

average category bias for ‘not statistically significant’ p-

values, akin to the .05 boundary ‘pushing’ participants’ recall 

away from .05 (e.g., .052 may be falsely recalled as .058). 

Similarly, we would expect a negative average category bias 

for the ‘statistically significant’ p-values, akin to the .05 

boundary ‘pushing’ participants’ recall away from .05 (e.g., 

.048 may be falsely recalled as .042). If this were true, 

participants’ category bias for Pair #1 would be negative, 

perhaps -.008 as in the previous example (i.e., [.010 - .014] - 

[.090 - .086]), and their category bias for Pair #3 would also 

be negative, perhaps -.008 (i.e., [.032 - .036] - [.068 - .064]), 

uniquely leading to a negative average category bias. 

As all p-value stimuli were embedded in text in the form of 

a scientific abstract, we also created the texts for each 

stimulus according to multiple criteria. In order to control for 

variation in text comprehension, all stimuli followed the same 

text structure (see Figures 1 and 2). All stimuli utilized 

contexts that were designed to be accessible and easily 

understandable for all study participants.  

 

Does yoga reduce 5k running time? A recent study 

recruited 84 adults and randomly assigned them to either a 

20-minute yoga group or a control group. Participants then 

completed a 5k race. Relative to the control group, 

participants in the yoga group had statistically 

significantly lower 5k run times (p = .039). Results suggest 

that yoga may decrease 5k running time.   

Figure 1: Example experimental study abstract stimulus. 

 

 

Is students’ college GPA related to their graduate school 

GPA? A recent study recruited 597 students from across 

the US. Researchers collected their GPA at the time of 

graduation from college and grad school. Students’ college 

GPA was not statistically significantly correlated to their 

grad school GPA (p = .064). Results suggest that students’ 

college GPA may not be related to grad school GPA.   

Figure 2: Example observational study abstract stimulus. 

 

Each abstract began with a research question, in 

interrogative form, listing the two factors being studied. Half 

of these questions implied an experimental study by framing 

the question causally (e.g., “reduce”, Figure 1), while the 

other half implied an observational study by framing the 

question correlationally (e.g., “related to”, Figure 2). Next, 

the abstract provided information about the sample size and 

study method, which reinforced either the experimental 

framing (e.g., “randomly assigned”, “control group”) or 

observational (e.g., “collected”). The abstracts then presented 

the results of the statistical analysis in the form of a p-value. 

Finally, the abstracts ended by drawing a conclusion based 

on the statistical analysis.  Importantly, no special attention 

was drawn to any specific element of the abstract. As prior 

knowledge and level of interest in the contexts utilized may 

also affect the encoding and retrieval of p-values, we isolated 

the effect of context by counterbalancing the p-value and 

context pairings when presenting stimuli to participants.  

Procedure 

Participants were given a single practice stimulus to 

familiarize themselves with the format of the study. The 

practice stimulus contained an excerpt from a poem by Maya 

Angelou, and participants were subsequently asked three 

short questions about the excerpt. After completing this 

practice stimulus, participants were then presented the 16 
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abstract stimuli in four blocks of four abstracts each. Stimuli 

were a priori assigned to a block based on the stimuli 

characteristics (e.g., research question, p-value, study 

design), but the order of stimuli within each block was 

randomly presented to participants. Participants were 

instructed to “Remember to pay attention when reading each 

abstract in order to answer questions about them later in the 

study”. Again, no special attention was called to the p-values 

relative to the other features of the abstracts. 

Within each block, participants were shown each abstract 

one at a time and were allowed to read each abstract for as 

long as they desired. After the text of the fourth abstract in 

the block, participants completed a Flanker Task (Wilhelm et 

al., 2013), responding to 20 stimuli each time they completed 

the task. The purpose of completing the Flanker Task was to 

tax participants’ working memory, minimizing rehearsal of 

the information contained in the abstract stimuli, ensuring 

that their answers to the recall questions elicited encoding and 

retrieval cognitive processes. A non-verbal, non-numerical 

distractor task was used to minimize potential carryover 

effects from the distractor task to their memory for the 

abstracts. 

After completing the Flanker Task, participants were then 

asked six questions about each of the four abstracts in the 

block (see Table 2), in the order in which the abstracts were 

originally presented. The participants were instructed to 

“Provide your best guess when answering the questions” and 

“Only if you truly do not remember at all, please write ‘don’t 

remember’.” Additionally, after completing the recall 

questions for the second block, participants were also told 

that “You may now take a short break of 2-3 minutes”. This 

instruction was provided in order to mitigate any working 

memory fatigue participants may have experienced. 

 

Table 2: List of recall questions. 

 

Recall questions 

What were the variables being considered? 

What was the study design?  

Who were the participants?  

What was the sample size? 

What was the result/finding of the study? 

What was the p-value? 

Please write anything else you remember about the study: 

Note. As in the abstract stimulus presentation, no special 

attention was called to the p-value at recall. 

Power Analysis 

Participants’ recall bias was calculated as the numeric value 

the participants recalled minus the actual numeric value of the 

stimulus. In a study in which each participant sees 12 

experimental stimuli (i.e., six p-value pairs), in order to detect 

a medium effect quantified as an average categorical bias of 

.001 against random errors distributed normally with mean 0 

and standard deviation of .002 in the between-participant 

paired difference in average categorical bias with 90% power 

and 90% accuracy, at least 32 participants would need to be 

recruited. Participant recruitment was temporarily stopped at 

n = 30 due to payment funds lapsing at the end of the year; a 

follow-up study is currently planned.  

Results 

After adjusting for other potential effects, participants’ recall 

of the numerical magnitude of the p-value stimuli were biased 

away from the .05 boundary (see Figure 3 and Figure 4). 

‘Statistically significant’ p-values were on average recalled 

as a lower numerical magnitude than presented (average 

percent error in recall = -4.6%), while ‘not statistically 

significant’ p-values were on average recalled as a slightly 

higher numerical magnitude (average percent error = 0.3%). 

This is unlikely due to participants rounding to the nearest 

hundredths digit, as on average, participants’ recall of the 

stimuli p=.027, p = .036, and p = .039 were all ‘rounded 

down’, while their recall of the stimuli p=.061, p = .064, and 

p = .073 were all ‘rounded up’ (see Table 2).  

Additionally, this effect is not consistent within each p-

value category – the closer the numerical magnitude of a p-

value is to the boundary, the larger the error in recall, with 

larger negative errors for the ‘statistically significant’ p-

values just below .05, and larger positive errors for the ‘not 

statistically significant’ p-values just above .05 (see Figure 

4). This is akin to a repelling effect of the .05 boundary, 

consistent with the cognitive theory of category boundaries.  

 

 

 
Figure 3: Participants’ average recall by p-value category. 

 

 

 
Figure 4: Participants’ recall error by p-value magnitude. 
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Table 2: Average recall error by p-value stimuli. 

 

Stimuli Pair Avg. Percent Error 

.014, .086 -3.2%, -2.3% 

.021, .079 0.7%, -7.1% 

.027, .073 -4.0%, 2.0% 

.036, .064 -3.9%, 6.0% 

.039, .061 -6.8%, 2.5% 

.042, .058 -6.5%, 1.0% 

 

Interestingly, the pattern appears to hold true for those p-

value pairs closest to the .05 boundary, but not those pairs 

further away – this is also consistent with the theory of 

benchmarks and boundaries in which the boundary facilitates 

efficient categorization, and all members of categories are 

‘pushed’ or ‘pulled’ towards benchmark values within each 

category. 

Finally, we fit a linear mixed effects model with the percent 

error in recall as the response variable, the p-value category 

and the numerical magnitude of the p-value as a fixed effects, 

and the participant ID and the stimulus pairings as random 

effects. Results from the model suggest that there is indeed 

on average a categorical boundary effect in the retrieval of 

the numerical value of p-values. Per the model results, 

‘Statistically significant’ p-values were more likely to be 

recalled as a lower numerical magnitude than ‘not 

statistically significant’ p-values by a difference of 

approximately -13.6% error (95% CI: -22.0% – -5.1%; p = 

.0019).  

Discussion 

This study expands on our previous work (Rao et al., 2022; 

2024) by examining whether the categorical boundary effect 

at p = .05 found in emerging scientists’ initial information 

processing of p-values as numeric stimuli extends to their 

cognition on longer and more ecologically valid time-

horizons. Specifically, this study attempted to identify the 

presence of a categorical boundary effect at p = .05 in the 

encoding and retrieval of the numeric magnitude of p-values 

embedded within scientific abstracts. In fact, such an effect 

was present.  

The finding of a categorical boundary effect suggests that 

the category membership of a p-value as either ‘statistically 

significant’ or ‘not statistically significant’ exerts an effect on 

the way statistically trained graduate students remember p-

values across a timescale of several minutes.  

We hypothesize that this may be due to a discontinuity in 

graduate students’ mental representation of the p-value 

continuum causes a distorted initial information processing 

of the numeric magnitude of p-values (as found in our 

previous studies) which subsequently is encoded and 

retrieved in a distorted manner. Additionally, it is possible 

that the ‘p < .05’ heuristic, combined with the semantic 

category label ‘statistically significant’, is too pervasive for 

graduate students to override via self-regulation during the 

encoding process. These hypotheses can be tested in future 

studies. Specifically, if the latter hypothesis is true, graduate 

students’ scores on a measure of inhibitory control (such as 

the Flanker Task) should be correlated with their average 

categorical bias in p-value recall. We will test this prediction 

in a study with a larger number of participants.  

Additionally, if the former hypothesis is true, the 

categorical boundary effect in graduate students’ initial 

information processing of p-values in a task such as those 

used in our previous studies should be correlated with their 

average categorical bias in p-value recall in the abstract task 

utilized in this study. We plan to assess this possibility in an 

upcoming follow-up to our current sample. 

Furthermore, graduate students exposed to a categorical 

training activity (such as those conducted by Goldstone, 

1994, but adapted for p-value stimuli) should show a reduced 

categorical boundary effect in their initial information 

processing of p-values, and should thus also show a reduced 

average categorical bias in p-value recall. We plan to test 

these predictions in future studies. 

The current experiment has several limitations. Most 

significantly, it only included results from 30 participants 

who were only provided 12 experimental stimuli each. Thus, 

the patterns identified in the data cannot confidently be 

separated from expectations due to random variation and 

inherent individual differences. Additionally, this smaller-

than-intended sample size inhibited our planned analysis. 

Future analyses will explore patterns with more sophisticated 

statistical models. Finally, absent a control group, it is 

difficult to determine the extent to which the identified effect 

is due to a categorical bias due to statistical training and 

practice in a ‘p < .05’ world, against the extent to which it is 

a natural consequence of Log MNL on encoding and retrieval 

of numeric magnitudes in general, although this possibility is 

somewhat minimized by our prior research (Rao et al., 2024) 

in which we found that statistically-untrained undergraduates 

show only a minimal boundary effect around .05. 

Summary and Conclusion 

Recently, Wasserstein et al. (2019) called for an end to the 

era of ‘statistical significance’, urging that p-values always 

be presented as a numeric magnitude, rather than a priori 

categorized as ‘p < .05’ or ‘p < .01’. This advice is meant to 

eschew dichotomous statistical thinking and decision making 

in favor of ‘Accepting uncertainty’, ‘being Thoughtful’, 

‘being Open’, and ‘being Modest’ – ATOM. However, 

categorizations are generally helpful to novices (Gibson, 

1969), and once entrenched do not easily fade (McDonnell et 

al., 2012), although they can be mitigated with targeted 

training (e.g., Goldstone, 1994). 

This study provides an initial investigation into the mental 

processes associated with reading and remembering p-values 

as part of scientific abstracts. The results show that 

categorical biases based on the ‘p < .05’ boundary may exist 

for emerging psychological scientists even when p-values are 

presented as numeric magnitudes. Our results set the stage for 

future research on the cognitive processes underlying 

statistical thinking as well as educational interventions to 

support moving to a world beyond ‘p < .05’. 
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