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Chapter 9
Statistical Controversies in Psychological 
Science

Andrew H. Hales and Natasha R. Wood

Abstract In this chapter, we provide an overview of some of the major historic and 
contemporary statistical controversies, including the use of qualitative versus quan-
titative methods, the role of description/exploration in research, and the nature of 
hypothesis testing. We also consider a number of statistical non-controversies that 
we believe are generally agreed upon, yet still worthy of consideration in the current 
overview, including the condemnation of fraud, the value of sharing data, and the 
use of broader/more diverse samples. Finally, we consider reasons why statistical 
debates can be surprisingly heated and conclude that—regardless of the reasons for 
controversy, or the tone of these debates—impressive progress has been made in the 
last decade. Given the tools that researchers now have to avoid the mistakes that led 
to the replication crisis, we expect the quality of research to improve. There will 
undoubtedly continue to be statistical controversy, but as new practices take hold, 
we may see a shift in the tone of these debates to being more civil.

Keywords Statistics · Quantitative · Qualitative · Hypothesis testing · Bayesian 
statistics · WEIRD samples

Background

Are humans blank slates, or do we have an essential nature? If humans have a 
nature, what characterizes that nature? Are people generally good and trustworthy? 
Can they change and improve? Do feelings, choices, and behaviors originate within 
a person, or do we mechanistically respond to our environment? These questions are 
at the very heart of ideological divides—both contemporary and classic. These 
questions are also at the very heart of psychological science. With such a polarizing 
and complicated subject matter, it is not surprising that the field often encounters 
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controversies both in its approaches to questions about people and in the methods it 
uses to answer those questions. Given psychology’s strong quantitative orientation, 
these are very often statistical controversies pertaining to the ways in which conclu-
sions should be drawn from data. In recent years, the amount of attention given to 
statistical best practices has ballooned in response to the replication crisis—itself a 
massive controversy composited of many specific statistical realizations, develop-
ments, and, of course, disagreements.

In this chapter, we provide an overview of some of the major statistical contro-
versies, with an emphasis on best research practices. If controversy is defined, sim-
ply, as a matter on which people strongly disagree, then the universe of statistical 
controversies ranges from the very broad (e.g., is it possible to better understand 
human nature through quantitative analysis?) to the very narrow (e.g., which post- 
hoc correction is most appropriate when group variances are unequal and sample 
sizes are balanced?). We will bounce around this broad-narrow continuum, but 
focus on the controversies that are most fundamental to the decisions that research-
ers make when planning and conducting their analyses, and the conclusions con-
sumers should draw when reading reports of others’ research.

We will also consider a number of statistical non-controversies. These are areas 
that we really do believe are uncontroversial, yet still worthy of consideration in the 
current overview—either because people may incorrectly assume there is contro-
versy where none exists or simply to celebrate that progress is being made in areas 
with surprisingly little institutional/systemic resistance.

This chapter does not directly address statistical controversies surrounding par-
ticular findings of substance. These controversies certainly abound: Does exerting 
effort on one activity deplete one’s ability to perform another (Carter et al., 2015; 
Hagger et al., 2016; Vohs et al., 2020)? Does contemplating one’s own death alter 
their worldview (Greenberg et al., 1994; Klein et al., 2019)? Does standing in an 
expansive super-heroesque pose change one’s physiology and performance (Credé 
& Phillips, 2017; Cuddy et al., 2018; Simmons & Simonsohn, 2017; Ranehill et al., 
2015)? These questions—and others—have stirred up their fair share of contro-
versy. It appears that in many cases these sorts of questions generated controversy 
not because of the actual empirical claims being promoted or rebutted (though this 
certainly happens; e.g., Bauer, 2020; AlShebli et al., 2020). Rather, these controver-
sies appeared to be expressions of deep underlying statistical disagreements. Exactly 
how strong does evidence need to be in order to endorse a research claim? Why does 
it seem that stronger evidence is required to refute an already-published research 
claim than to establish that claim (Ferguson & Heene, 2012; Gelman, 2016)? What 
should become of a research claim that was introduced in a zeitgeist of looser sta-
tistical standards than what the field currently observes? If nothing else, controver-
sies of substantive research claims remind us that there are stakes to the controversies 
of statistical practices that are the focus of this chapter, sometimes with serious 
policy implications (e.g., IJzerman et al., 2020; Van Bavel et al., 2020).
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 Controversies

 Quantitative Versus Qualitative Methods

Before considering controversies of how statistics should be applied, it is necessary 
to consider the most fundamental statistical controversy of all. Namely, whether 
statistics should be used in the first place. There has long been tension between 
quantitative research methods—those focusing on numerical summaries of observa-
tions—and qualitative research methods—those focusing on narrative and linguistic 
accounts of observations—a disagreement dubbed “the paradigm wars” 
(Gage, 1989).

Despite the sharp contrast and apparent incompatibility between qualitative and 
quantitative methods (Jackson, 2015), it is easy to see how the two approaches are 
not only compatible, but symbiotic within a program of research (Landrum & 
Garza, 2015; Willig, 2019). Quantitative methods can provide somewhat objective 
and precise answers to specific questions. But insights from quantitative research 
are only as good as the questions being asked. Qualitative methods can provide rich 
insight and thick description (Ponterotto, 2006), while deftly capitalizing on unex-
pected insights as they arise in an investigation and through interaction with partici-
pants. With this approach, the answer to a research question is not necessarily bound 
by choices in experimental design or in survey content. This makes rigorous qualita-
tive studies well-suited for the generation of meaningful hypotheses, which can 
subsequently be confirmed or refuted through rigorous quantitative studies. Such 
triangulation of methods, especially with qualitative research preceding quantitative 
research, is a powerful recipe for building strong theories (and is analogous to the 
prescription in quantitative research to “explore small, confirm big”; Sakaluk, 2016).

To illustrate, this pattern appears to have played out in the scientific investigation 
of ostracism. Early inquiries embraced qualitative approaches in seeking to under-
stand the phenomenological experience of ostracism (Williams et al., 2000; Zadro, 
2004), and valued open-ended reports of when, why, and how people use and receive 
ostracism (Sommer et al., 2001; Williams et al., 1998). These investigations helped 
shape modern ostracism theory (Williams, 2009), and also informed the develop-
ment of quantitative experiments (e.g., Goodwin et al., 2010), and eventually meta- 
analysis (Hartgerink et al., 2015). An analogous trajectory characterizes the theory 
of cognitive dissonance, which began with the iconic qualitative case-study of the 
doomsday cult, the Seekers (Festinger et al., 1957; incidentally, this report was the 
first known use of the term “qualitative”; Jackson, 2015). This vivid, memorable, 
and richly described qualitative study initiated decades of quantitative experimental 
research on cognitive dissonance and related consistency theories. In short, qualita-
tive and quantitative methods can not only be compatible, but actually quite comple-
mentary, resulting ultimately in a stronger scientific understanding than either 
approach would allow on its own.

9 Statistical Controversies in Psychological Science
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 Descriptive Analysis Versus Hypothesis Testing

Both exploratory and confirmatory data analysis deserve our attention. Both detection and 
adjudication play crucial roles - in the progress of science as in the control of crime. To 
concentrate on confirmation, to the exclusion of exploration, is an obvious mistake. Where 
does new knowledge come from? How can an undetected criminal be put on trial? … There 
really seems to be no substitute for “looking at the data.” (Tukey, 1969, p. 83)

A commitment to quantitative methods is not necessarily a commitment to conduct-
ing hypothesis tests with p-values and the other machinery that we often automati-
cally associate with statistics. Conceptually prior to this formal testing stage is an 
entire world of description, exploration, visualization, and understanding that many 
have long plead for researchers to take more seriously (Meehl, 1978; Rozin, 2001; 
Scheel et al., 2020; Tukey, 1969, 1977).

Kerr (1998, p. 201), for example, observed how it is common for mentors to ask 
a student, what are your hypotheses?, but rare for them to ask do you have any 
hypotheses? Psychologists are deeply—and often implicitly—entrenched in the 
hypothetico-deductive tradition of first positing a hypothesis and subsequently sub-
jecting it to confirmatory test. As a result, researchers reflexively employ hypothesis 
tests (usually null hypothesis tests—discussed below), even in situations where it is 
unnecessarily, or even silly to do so. This might happen, for example, when one 
conducts a t-test to show that two groups that differ by several standard deviations 
on a manipulation check are statistically significantly different, or when two groups 
created through median-split on a continuous variable are significantly different 
(Abelson, 1995, p. 76). If inferential statistics are a tool to help advance argument 
(Abelson, 1995), then invoking them in situations when no reasonable person would 
disagree dilutes their meaning, and has the potential to create an artificial precision 
to a claim (Gigerenzer, 2018).

Descriptive statistical techniques are routinely taught in undergraduate and grad-
uate statistics courses, but very often as a steppingstone on the way to the (pre-
sumed) more relevant and useful inferential statistics employed to test hypotheses. 
Despite the ubiquity and knee-jerk use of hypothesis tests (Gigerenzer, 2004), there 
have been vocal and persuasive calls for a less rigid approach that is more explor-
atory and descriptive. For example, Rozin (2001) argued that psychology (particu-
larly social psychology) is a relatively young science, and that it is prematurely 
conducting experiments and hypothesis tests. Instead, psychology should follow the 
trajectory of other more mature sciences and first spend time fully describing phe-
nomena under investigation. Psychologists are often so interested in detecting sig-
nificant differences between groups on various dimensions, that they forget to 
identify the absolute values that typically characterize the groups being studied (i.e., 
important invariances—something hypothesis testing is not well-suited to do).

One area of psychology in particular, behavior analysis, has embraced descrip-
tive and graphical analyses and has largely eschewed hypothesis testing altogether 
(though see Fox, 2018 for a potential shift in this trend). The historical suspicion 
toward hypothesis testing dates back to B.  F. Skinner who regarded large-group 
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analysis, and statistics more generally, with some apparent strong dislike (Skinner, 
1963, pp. 507–508). Modern behavior analysts favor descriptive and graphical anal-
ysis of a few individuals—ideally replicated across organisms—and reject statisti-
cal testing (e.g., Branch, 2014; Perone, 1999). Under this approach, the idea is to 
conduct an experiment involving only 3 subjects—where the 2 and 3rd are essen-
tially replications of the single subject experimental design and observe a graph of 
the results (perhaps on an ongoing basis) and interpret it intelligently. “What is 
preferred [to numerical statistical analysis] is an experimental analysis so thorough, 
so powerful in its control over the subject matter of interested, that cause-effect rela-
tions are plain to see” (Perone, 1999, p. 114; also called the “inter-ocular traumatic 
test” because the result “hits you between the eyes”; Edwards et al., 1963).

This strategy is great when it works (i.e., when the experimental result is glar-
ing), and indeed, other areas of psychology could improve their visualization prac-
tices. Ideally this would involve greater emphasis on showing raw data points rather 
than bar graph summaries of results (e.g., McCabe et al., 2018). This would serve 
the dual benefit of (1) maintaining emphasis on the individuals rather than groups as 
the unit that psychologists typically care about (Branch, 2014), and (2) avoiding 
obscuring important trends and irregularities that may be present in the data (e.g., 
nonlinear patterns or unduly influential outliers; Anscombe, 1973). However, this 
strategy also assumes that the graphical display is honestly arranged, the subjects 
were representative of the populations, and accurately represents the magnitude of 
effects (e.g., with choices in the y-axis that neither artificially magnify trivial find-
ings, nor trivialize meaningful findings; Witt, 2019).

All of this assumes that researchers are bothering to look at any graph of their 
data before running hypothesis tests. Yanai and Lercher (2020) showed, amusingly, 
that when given a dataset and asked to answer a correlational question, several ana-
lysts advanced straight to computing a coefficient, and failed to notice that the data-
set contained an “invisible gorilla.” That is, had the researchers produced a 
scatterplot, they would have seen dots producing an image of a friendly gorilla 
waving at the researchers (in a nod to the iconic “gorilla” used to document the 
change-blindness phenomenon).

A final important message to take from the various discussions of how much 
emphasis to give to exploratory/non-hypothesis driven analysis concerns the extent 
to which group-level findings can meaningfully characterize individuals. Branch 
(2014) observed that statistical hypothesis testing is essentially actuarial. These 
analyses can reveal trends and patterns in groups, but there is no guarantee that 
those group-level differences generalize to specific individuals. Just as the “aver-
age” family has 1.93 children, yet no actual family has 1.93 children, so too do the 
mean descriptions of groups not necessarily characterize the individuals within 
those groups (Grice et al., 2020). It is entirely possible to use hypothesis tests to 
draw conclusions about groups of individuals that do not actually apply to the indi-
viduals within those groups (a phenomenon sometimes referred to as “Simpson’s 
paradox” or the “ecological fallacy”; Robinson, 1950; Simpson, 1951). In fact, early 
indications worryingly suggest this may be the case for typical psychology findings 
(Fisher et  al., 2018). This is not a trivial limitation of traditional group-level 
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hypothesis testing. In fact, comparing only groups that differ on average, while 
remaining agnostic as to processes for any given case, represents a major retreat 
from the assumed goal of psychology—to explain the behavior of an individual. It 
is worthwhile for researchers to regard hypothesis testing as one tool—of many—to 
be used when the time is right.

 Fisher Versus Neyman-Pearson

The currently ubiquitous system of testing psychological theories with p-values—
null-hypothesis statistical testing—has its historical origins in two competing sys-
tems (as discussed by Gigerenzer, 2004; Salsburg, 2002). The first, developed by 
R.A. Fisher, introduced the p-value as the probability that results as or more extreme 
than that which was observed, under the assumption that a null hypothesis is true. 
The second, developed by Jerzy Neyman and Egon Pearson, also involved testing 
the plausibility of a null hypothesis, and introduced the presence of an alternative 
hypothesis, as well as the concepts of power and alpha levels, to control long-run 
error rates (see Perezgonzalez, 2015 for a comprehensive comparison of the two 
systems). Fisher vigorously opposed the Neyman-Pearson approach leading to 
longstanding and acrimonious disagreement (Salsburg, 2002). Today’s commonly 
taught and practiced system of null hypothesis testing is a merging together of ele-
ments and interpretational practices from both systems.

While Fisher’s model and the Neyman-Pearson model are based on fundamen-
tally different assumptions about the mathematical nature of probability (Schneider, 
2015), the most important consequence for the application of their models is that 
Fisher’s system treats p-values as providing gradations of evidence against a null 
hypothesis; a p-value of 0.04 is stronger than a p-value of 0.05, but not that much 
stronger. In contrast, the Neyman-Pearson approach is concerned with controlling 
error rates in the long run. This necessitates treating a pre-determined alpha level, as 
a hard cutoff. In this model, a decision must be made, and the threshold must be 
determined a priori. Evidence either meets the standard or it doesn’t. This approach 
has the advantage of putting null hypothesis testing on more solid mathematical 
grounding, by explicitly treating probability in the frequentist sense, the long-run 
frequency of events (Salsburg, 2002). In contrast, Fisher’s system is vague in regard 
to its handling of probability, treating it more as a subjective degree of confidence 
in a hypothesis (Perezgonzalez, 2015). While the Neyman-Pearson approach 
brought mathematical coherence to hypothesis testing, it can reasonably be blamed 
for the widely-recognized practice of regarding p-values below a specific threshold 
has qualitatively more convincing than those just above that threshold, which itself 
is thought to be the very source of questionable research practices to begin with 
(Giner-Sorolla, 2012; Nosek et al., 2012). Given that null hypothesis testing emerged 
out of two contradictory frameworks, it is not surprising that it has been the target 
of fierce criticism for decades (e.g., Bakan, 1966; Cohen, 1994; Lykken, 1968; 
Nickerson, 2000).

A. H. Hales and N. R. Wood
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 Null Hypothesis Statistical Testing Versus the World

In 1997, weary of the debate on the merits of null hypothesis statistical testing, 
Robert Abelson titled his defense of the practice, “On the surprising longevity of 
flogged horses.” The controversy has not calmed since. In fact, it has been revived 
with renewed urgency as the replication crisis revealed that the abuse of null hypoth-
esis testing leads not only to theoretically-prophesied false positives (Ioannidis, 
2005; Kerr, 1998; Simmons et al., 2011), but actually flesh-and-bone verification 
that rates of replicability in psychology are disappointing at best (Open Science 
Collaboration, 2015).

So what exactly is the problem with traditional null hypothesis testing? For one 
thing, people don’t seem to understand it. This is predictable, given that the system 
itself is an amalgam of two opposing and incompatible systems (Schneider, 2015). 
Numerous commenters have catalogued the many misunderstandings that are com-
mon in the null-hypothesis testing framework (Branch, 2014; Goodman, 2008; 
Greenland et al., 2016). Chief among these is the extraordinary difficulty with con-
veying the correct meaning of a p-value (Anderson, 2020; namely, the likelihood of 
the given results, given that the null hypothesis is true). This confusion appears to 
be tracible back to the original incompatibilities between Fisher’s original concept 
of the p-value as an index of the implausibility of the null hypothesis, and Neyman- 
Pearson’s competing concept of the alpha level, or long-run rate of false positives 
given properties of the test situation (their system does not accommodate p-values). 
Today researchers commonly confuse one for the other (Hubbard, 2004).

But, even when properly understood, criticisms of null hypothesis testing abound. 
For example, it’s been observed that the null hypothesis is never actually true 
(Lykken, 1968), at least not when comparing two groups in a population. If one 
were omnisciently able to know the value of every unit in a population, it’s exceed-
ingly unlikely that two groups being compared would have the exact same mean. 
So, the argument goes, it is pointless to test a null hypothesis to begin with because 
it is already known to be false. There are solutions to this criticism that involve 
recasting hypothesis tests as giving information about how confident one can be that 
they have correctly identified the direction of an effect rather than just its presence 
(Jones & Tukey, 2000). Even critics grant that null hypothesis testing can be useful 
for this purpose (e.g., Cohen, 1995). It is also worthwhile to note that there are in 
fact situations in which the null hypothesis is a tenable starting point—among them, 
the research claim that sparked the replication crisis: Bem’s (2011) claim that peo-
ple can “respond” to future events at above-chance levels.

Null hypothesis testing has also been blamed for focusing attention on statistical 
significance to the exclusion of practical significance. By anointing p-values above 
the common—yet arbitrary—threshold of 0.05 as significant, researchers often 
overlook the question of how big an effect is (Cumming, 2014a, 2014b). This is 
unfortunate not only because it incites the motivation for p-hacking, but also because 
it creates difficulty for policy makers who need to know not only whether an effect 
exists, but also whether it is large enough to justify the expense of implementation. 
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And indeed, defenders of null hypothesis testing loudly acknowledge the need to 
pair p-values with indices of effect size (e.g., Abelson, 1997; Lakens, 2020).

A final criticism of null hypothesis testing worth mentioning here is the contin-
ued misinterpretation of many researchers that a p-value greater than 0.05 repre-
sents evidence in favor of a null hypothesis (Goodman, 2008), and, more generally, 
that null hypothesis testing provides no ready way to provide evidence for a null 
hypothesis. Happily, the first issue is a matter of better statistical education (Lakens, 
2020), which is difficult but possible (e.g., Nisbett, 2015). And the second issue 
actually can be addressed within the usual null hypothesis testing framework 
(Lakens, 2017). One simply has to designate as a null hypothesis an effect size that 
would be considered unmeaningful, and show that the true effect is smaller than 
this. In essence, one can’t use p-values to show a “significant null effect,” but one 
can use p-values to show that an effect is significantly smaller than “small.”

 Bayesian Statistics Versus Null Hypothesis Testing

One of the harshest complaints about null hypothesis testing is that people mistak-
enly take p-values to represent the probability of the null hypothesis. People fail to 
appreciate that the p-value is the probability of the observed data, given that the null 
hypothesis is true. Since we don’t (and can’t) know whether the null hypothesis is 
true, this is a strange thing on which to condition our test. So, many have argued, a 
better framework would be one that conditions our test on something we do have: 
our data. The Bayesian statistical framework does just this. Rather than telling the 
analyst the probability of their results, given a hypothesis, it does the reverse, and 
indicates the probability of a hypothesis, given the results that were observed. Based 
on this apparently more logical approach, many have argued that Bayesian analyses 
should be used as a default rather than the classical null hypothesis testing approach.

The Bayesian approach treats probability not as the hypothetical long run fre-
quency of events (as in the Neyman-Pearson framework), but something more like 
a well-informed personally held subjective degree of credence given to a hypothesis 
(Edwards et al., 1963; in this sense the Bayesian view is closer to Fisher’s treatment 
of p-values than Neyman-Fisher). As Edwards and colleagues put it, “The Bayesian 
approach is a common-sense approach. It is simply a set of techniques for orderly 
expression and revision of your opinions with due regard for internal consistency 
among their various aspects and for the data” (Edwards et al., 1963, p. 195).

An appealing feature of Bayesian analysis is its emphasis on the cumulative 
updating of beliefs as more and more data become available on a given issue. 
Because this is embedded into the nature of the framework, Bayesian analysts are 
relatively free to collect data and stop when satisfied (Rouder, 2014)—a practice 
that is highly problematic in the traditional frequentist framework (Wagenmakers, 
2007). The Bayesian framework also has the advantage of allowing the researcher 
to directly assess evidence in support of the null hypothesis that there is no 
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difference or relationship (Rouder et al., 2009), and to do so without the awkward 
step of identifying the smallest effect size of interest mentioned above (Dienes, 2014).

Given these advantages, one might wonder why Bayesian analysis is not ubiqui-
tous. Aside from the usual inertial/sociological forces that make change slow, the 
Bayesian approach has a key limitation: “priors.” In Bayesian analysis, the final 
outcome of a hypothesis test is highly contingent on the presumed prior probability 
of that hypothesis (i.e., the researcher’s belief in the hypothesis prior to seeing the 
data). This itself is contingent on the researcher’s beliefs or analytic choices. Daryl 
Bem may well have assigned a modest prior probability to the existence of psi/
extrasensory perception. Other researchers would have put extremely small prior 
probability on this possibility, defensibly even zero, fating the posterior probability 
to also be zero (Abelson, 1995, p. 44; Wagenmakers et al., 2011). This subjectivity 
seems undesirable in a framework for making statistical decisions, especially con-
sidering that one of the main advantages of quantitative over qualitative methods is 
relatively greater objectivity. And indeed, there does seem to be evidence that when 
researchers employ Bayesian methods their conclusions vary as a function of indi-
vidual characteristics, such as confidence in oneself and potentially even gender 
(Dunn et al., 2020). Despite all of the problems of null hypothesis testing and its 
over-use, the “sharp null hypothesis” (Edwards et al., 1963) starts to look like an 
appealing starting point in comparison to prior odds, which differ from researcher 
to researcher.

 Non-Controversies

There is danger in declaring any issue of non-controversy; one only needs to iden-
tify a single dissenting voice to create an impression that a given position is mean-
ingfully in-question. For the topics that follow, we do not deny that such dissenting 
voices may exist. But we were surprised, and sometimes pleased, to see that these 
topics have received relatively little pushback and in many cases are now taken as 
simple common practice.

 Fraud

First and foremost, fraud is fraud. It is a serious concern, but one that is separable 
from the more ubiquitous problem of questionable research practices. Because a 
highly-publicized case of fraud coincided with the beginning of the replication cri-
sis (Levelt committee, 2012), there was some possibility that people might conflate 
questionable research practices with fraud, and fail to distinguish major malfea-
sance from common and well-intentioned practices that nevertheless cause prob-
lems (i.e., undisclosed researcher degrees of freedom). Part of what made the 
original false-positive discovery so impactful was the recognition that the practices 
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described in the paper (Simmons et  al., 2011) really were widespread, and not 
something that people considered fraudulent.

Sometimes fraud is categorized as a questionable research practice. In our view 
this is a mistake. No reasonable person would question whether fraud is an accept-
able practice in science. As the replication crisis has emerged, researchers have 
generally been restrained in reserving accusations of fraud for truly fraudulent 
behavior. This is good because it is true/promotes clear thinking and preserves the 
strength of the “fraud” concept (Haslam, 2016) by reserving its use for truly fraudu-
lent cases. It is also good, because for a topic that is already rife with moralizing, it 
is wise to assure people that you are not accusing them of fraud when you are actu-
ally persuading them to take up practices to increase replicability.

 Data Sharing

In 2011 it was rare to publicize the data corresponding to a research report for a 
published empirical article. Today it is entirely common, and we predict that in a 
few short years it will be strange for a paper to be published without a link to materi-
als including an accompanying datafile. In fact, some journals now require posted 
data for publication (Grahe, 2021), while many others recognize this and other 
desiderata with badges. No doubt, a big reason for this shift in expectations is that 
new resources such as the Open Science Framework (osf.io) and ResearchBox 
(researchbox.org) have made it trivially easy for researchers to post a datafile and 
link to it in an accompanying researcher report.

This is a good thing, because making data available to other researchers pro-
motes transparency, allows for quicker detection of errors, accelerates the pace of 
science, and can increase the knowledge-yield from a given study (Perrino et al., 
2013; Simonsohn, 2013; Wicherts & Bakker, 2012). However, at the beginning of 
the replication crisis it was not at all obvious that researchers would take heed of the 
call to post their data. Journals did not require it, the infrastructure didn’t exist to 
accommodate it, and it seemed quite effortful. Moreover, some expressed reason-
able reservations that privacy concerns would not make it possible for all areas of 
social science to comply (Finkel et  al., 2015). But researchers soon learned that 
these logistical issues, while present, are easily navigable and the transparency is 
worth the effort (Meyer, 2018). Even when researchers post data, it’s not guaranteed 
to be in a form that allows for immediate reproduction of analyses by others (Obels 
et al., 2020), but the fact that people are routinely preemptively posting data is itself 
major progress. Also, readers will have to trust that this was a controversial proposal 
at the time. Today it seems hard to imagine anyone objecting to this simple 
prescription.

A. H. Hales and N. R. Wood
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 Non-WEIRD Samples

In 2010 Henrich and colleagues published a seminal article discussing social scien-
tists’ overreliance on WEIRD (Western, Educated, Industrialized, Rich, Democratic) 
samples in research. The authors argued that, modeling the physical sciences, psy-
chologists attempt to explain universals—define psychological phenomena that 
describe all of humanity—but do so with data from WEIRD people, a narrow and 
odd sample of the world population (see also Norenzayan & Heine, 2005). To be 
even more specific, most empirical work uses undergraduate subject pools from 
United States universities (Peterson, 2001; Wintre et al., 2001). However, people 
from WEIRD societies tend to be at the outlying end of the distribution on a variety 
of measures, suggesting they are highly distinguishable from other people, and thus 
findings from studies using these samples cannot, and should not, be generalized to 
humans at large (Henrich et al., 2010). The argument implies that instead of study-
ing human nature, we study the psychological processes of only WEIRD people. We 
miss important variation when samples are restricted to only WEIRD societies and 
thus limits our understanding of psychological phenomena.

Accuracy issues arise when researchers claim their findings from WEIRD sam-
ples are universal principles that generalize to a global population. Additionally, for 
applied research, it is problematic if policies that affect a diverse group of people are 
enacted based on the results of a series of studies using only WEIRD individuals. 
The overuse of WEIRD samples and the tendency to generalize from narrow popu-
lations is non-controversial and most social scientists—including not only psychol-
ogists, but also anthropologists, economists, and sociologists—would agree that our 
WEIRD-dominated data is a crisis. In the same issue of Behavioral and Brain 
Sciences as the original Henrich et al. (2010) article, dozens of commentators con-
curred and further elaborated with their argument. They suggest that in addition to 
using WEIRD samples of odd people, social scientists also rely on experimental 
designs that are culture-specifically contrived (Baumard & Sperber, 2010) and lack 
correlation with real-world situations (Rai & Fiske, 2010). It is important to note 
that some researchers disagree with the claim that WEIRD samples are problem-
atic—suggesting that while behavior might differ, humans are all the same species 
thus WEIRD samples can represent universal human processes (Gaertner et  al., 
2010)—though this argument is in the minority.

The WEIRD sample problem is exacerbated by the over-representation of 
WEIRD researchers within the field (Meadon & Spurrett, 2010). These researchers 
share cultural similarities with their participants, which hinder their ability to break 
from their intuition when theorizing and choosing research questions (Fessler, 
2010). Additionally, WEIRD researchers have a “home culture bias” of methods 
and result interpretation within cross-culture comparisons (Bennis & Medin, 2010). 
Many commentators suggest that a potential solution of the WEIRD sample reliance 
is expanding research capabilities in non-WEIRD societies.
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While the Henrich et al. (2010) article shook the psychological world, it should 
not have come as a surprise that researchers were vocalizing the issue of making 
broad generalizations based on narrow samples. Psychologists have been comment-
ing on this problem for decades (Rozin, 2001; Smart, 1966). The gap in income, 
education, and physical health (which all contribute to psychological processes) 
between WEIRD and non-WEIRD societies is widening, in turn exacerbating the 
crisis. Thus, the need to use diverse samples in psychological research is at an all- 
time high, a conclusion with which most psychologists would agree (Arnett, 2008).

Interestingly, though generalizing from narrow samples is non-controversial, 
there seems to be a disconnect between admitting psychology has a problem and the 
application of solutions (Rad et al., 2018). We have known for a long time that psy-
chological research relies too heavily on WEIRD samples (and US undergraduates, 
in particular; Sears, 1986), yet decades later this issue continues (Arnett, 2008; 
Henrich et al., 2010), and abounds further even after highly cited articles kickstart 
the discussion again (Rad et al., 2018). Analyses of the top journals in the psycho-
logical subdisciplines suggest that most authors and samples are based in the United 
States (73% and 68% respectively in the mid-2000s; Arnett, 2008). The use of 
WEIRD samples is so pervasive that our implicit assumption is that research find-
ings result from a US or WEIRD sample (titles and abstracts typically only mention 
sample characteristics if the sample is non-WEIRD; Cheon et al., 2020).

While the overabundance of WEIRD samples is not a controversy among psy-
chologists, it seems that pressures from the field prohibit researchers from imple-
menting solutions to the problem. WEIRD samples are convenient, which allows for 
a greater volume of research to be produced. Due to favoritism toward multistudy 
articles in high-impact journals and publication pressure needed for job procure-
ment and career advancement, we continue to publish papers and award grants that 
allow WEIRDness to prosper in psychology (Rozin, 2009). However, many 
researchers have suggested ways to alleviate the over-representation of WEIRD 
samples. Authors should always report sample characteristics, WEIRD and non- 
WEIRD samples alike (Rad et  al., 2018). Similarly, others suggest including a 
“Constraints on Generality” statement in the discussion section that emphasizes 
why the sample was chosen and justifies the generalizability of findings to the target 
population (Simons et al., 2017). Like the 21-word solution for data collection and 
analyses (Simmons et al., 2012), a Constraints on Generality statement normalizes 
the recognition of WEIRD sample limitations. One of the frequently mentioned 
solutions to expand sampling is to use internet-based data collection (Gosling et al., 
2010), though this recommendation should be taken with caution as psychology is 
experiencing an influx of online studies which limits the scope and real-world simi-
larity of experimental designs (Anderson et al., 2019). At the journal level, special 
issues focused on studies using methods with diverse samples written and edited by 
non-WEIRD researchers should become more regular (Arnett, 2008).

In sum, we should obviously be cautious about generalizing findings from a nar-
row sample, but that does not mean that studies conducted using a US 
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undergraduate subject pool or WEIRD participants are useless. To the contrary, the 
convenience provided by WEIRD sampling can allow researchers to explore new 
theories and draw tentative conclusion (Khemlani et  al., 2010). However, it is 
important to recognize the limitation of narrow samples to universal generalizability 
and thus even robust findings should continue to be explored in diverse 
populations.

 One-Tailed Tests

In the past—prior to the ability to preregister an analysis plan—a one-tailed hypoth-
esis test could be viewed with skepticism. Is the researcher just trying to scoot an 
inconvenient “marginal” p-value below 0.05? How can we know that they really 
intended to perform a one-tailed test? The choice of one- versus two-tailed tests is a 
prototypical researcher degree of freedom, and skeptics would be entirely justified 
in wondering if the result of the test affected the decision to report it as one-tailed 
instead of two-tailed.

In recent years however, many have noticed that (1) one-tailed tests are a free and 
effortless way to increase power, and (2) preregistration makes it possible and easy 
to certify that the decision to use a one-tailed test preceded the data (Hales, 2016; 
Hales et al., 2019; Lakens, 2016; Maner, 2014). We are not aware of anyone who 
has argued (at all, let along convincingly) that researchers should continue to be 
compelled to run two-tailed tests, even when they are willing to perform a risky 
preregistered one-tailed test. Our view on this matter is one of statistical libertarian-
ism; researchers who want to risk a one-tailed test should be permitted to do so. 
Reasons to do this include: a study being a direct replication (in which case, a sig-
nificant effect in the unexpected direction would be so confusing it still would prob-
ably not lead to a rejection of the null hypothesis), a study testing an intervention 
against another that is already known to be effective (in which case the decision is 
simply whether the new intervention is better than the old one), or simple confi-
dence in one’s hypothesis. Whatever the reason for the researcher’s decision, it is 
not controversial to say that a researcher who preregisters and then properly con-
ducts a one-tailed hypothesis test is playing by the rules of null hypothesis testing, 
and has not inappropriately inflated their chance of a false positive. Moreover, 
they’ve probably run a more powerful test.

Even before the widespread adoption of preregistration, there were cogent argu-
ments for one-tailed tests (Cho & Abe, 2013; Jones, 1952). Now that preregistration 
is commonplace, one-tailed tests should be as well (provided that is how a researcher 
elects to distribute their alpha, in the spirit of statistical libertarianism). While it is 
still not common to see one-tailed tests in the literature, when we do encounter pre-
registered one-tailed tests, it seems to be an unremarkable and clearly justified ana-
lytic decision (e.g., Effron, 2018). We expect to see more of these in the future.
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 Conclusion

Statistical disagreements have been surprisingly contentious in psychology, espe-
cially in recent years (in fact, more so than this chapter has conveyed; skeptical 
readers can google the term “methodological terrorists” for evidence). Perhaps this 
is surprising, given statistic’s reputation for being dry and mathematical. So why are 
statistical issues so controversial?

One reason for the contention relates to the unique position that statistics and 
methodology hold in the psychology curriculum. Psychologists are well-aware of 
the naturalistic fallacy (Hume, 1969/1739; Moore, 1903/1996), and are proscribed 
from directly drawing any moral conclusions from their empirically descriptive 
research, at least not in heavily-policed peer-reviewed outlets. Statistical methods 
represent an exception to this ban on prescriptive language. Psychologists writing 
on this topic are free to say that one ought to analyze their data a certain way, or that 
one ought not to engage in certain research practices. Of course, these statements 
are based on the (often) unstated premise that doing so will lead to unreliable con-
clusions which—assuming one values reliable research—“ought” to be avoided. 
Relative to other topics in psychology, in statistical debates, the taboo against 
“should” and “ought” statements is relatively thin. This has led to some unhelpful 
moralizing at times (e.g., causing people to think of preregistration as a morally 
virtuous thing to do, rather than just one way to rule out analytic flexibility as one 
potential pesky alternative explanation for findings; see Simmons et al., 2017 for 
this alternative-explanation perspective). The freedom to make prescriptive state-
ments has also likely contributed to the heated nature of debates on this topic, mak-
ing statistics, surprisingly, one of the more controversial areas of psychology.

A second potential reason for the contentiousness concerns the stakes of statisti-
cal practices. Controversies of substantial research findings are local, in that they 
affect only the theories and topics that they touch. Statistical controversies, on the 
other hand, are global, in that they affect quite literally the entire field, and raise the 
possibility that the whole enterprise could be “rotten to the core” (Motyl et  al., 
2017). This helps explain why there is much hand-wringing about the implications 
of the replication crisis not only in-house but also for how psychology is viewed by 
the public and by policy-makers (e.g., Mede et al., 2020).

Regardless of the reasons for controversy, or the tone of the debate, it is hard to 
deny that impressive progress has been made in the last decade, and this is certainly 
cause for optimism. We believe that informed researchers are now armed with the 
tools to avoid the mistakes that led to the replication crisis (Hales et  al., 2019). 
There will undoubtedly continue to be statistical controversy. But as these new prac-
tices take hold, we may see a shift in the tone of these debates to being more civil. 
Either way, scientific progress will not only continue, but, we predict, accelerate.
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