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Abstract

Null Hypothesis Significance Testing (NHST) is widely used in criminology and
criminal justice journals. Where either random selection of a sample or random
assignment to treatment and control groups is absent, the meaning of inferential test-
ing becomes unclear. Using a sample of articles published in 18 of the top ranked
(h5-index) journals in criminology, criminal law, and policing, we examine (1) how
often authors use NHST after violating the assumption of random selection/assign-
ment, (2) whether authors focus more on statistical rather than substantive impor-
tance, and (3) whether this leads authors to ignore large statistically non-significant
effects based on a flawed test. Our results suggest that it is commonplace to apply
statistical procedures and interpret results with little attention to how data were gen-
erated and how results should be assessed. We recommend the use of exploratory
research methods, better statistical training for students, and addressing publishing
standards in our field.
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Introduction

Inferential statistical tests such as null hypothesis significance testing (NHST),
have been described as a mainstay of social sciences for empirically testing rela-
tionships and establishing the importance of empirical results (Bushway et al.,
2006). NHST is widely taught in criminology and criminal justice academic pro-
grams and widely used in journals in these fields. Yet, NHST has been criticized
virtually from its inception (Berkson, 1938; Blair, 2018; Boring, 1919; Carver,
1993; Cohen, 1994; Gigerenzer, 1987; Gill, 1999; Killeen, 2005; Kish, 2017;
Kringen et al., 2018; Levine et al., 2008; Morrison & Henkel, 2006; Nickerson,
2000; Rouder et al., 2009; Rozeboom, 1960). Among the criticisms of NHST are
the lack of a logically coherent framework, the meaninglessness of disproving a
point estimate of 0, the arbitrariness of the standard alpha level (i.e., p <0.05),
the use of a hard decision rule, p-values being a function of both sample and
effect sizes, and the widespread misunderstanding of p-values (Szucs & loan-
nidis, 2017).

More recently, scholars have pointed to the cumulative effect of these issues,
leading to concerns regarding confidence in the body of scientific evidence. This
is perhaps most evident in the “replication crisis” observed in psychology (Open
Science Collaboration, 2015; Szucs & loannidis, 2017). Research suggests the
fields of criminology and criminal justice are not immune to these concerns, con-
sidering the lack of replication studies in criminology (Pridemore et al., 2018),
evidence of publication bias (Crow et al., 2023), and the large portion of stud-
ies with low levels of statistical power in top criminology and criminal justice
journals (Barnes et al., 2020). Another potential concern, we argue, is the misap-
plication of NHST. Although researchers have examined the misuse of NHST via
questionable research practices, such as p-hacking and “HARKing” (i.e., Hypoth-
esizing After Results are Known) (Chin et al., 2023), little attention has been paid
to the extent of the misapplication of NHST within criminology and criminal
justice.

One exception is found in Bushway and colleagues’ (2006) attempt to assess
whether research within criminology and criminal justice follows best practices
for conducting NHST. The authors examined the flagship journals Criminology
and Justice Quarterly as well as a review of experiments in criminology to assess
whether the field appeared to be using statistical best practices when conducting
NHST. Their review was focused on four primary issues: (1) the availability of
the information necessary to determine the size of an effect; (2) the interpretation
of results informed by the size of the effect (i.e., not just statistical significance);
(3) correct handling of statistically non-significant results; and (4) the avoidance
of basic errors in the application of statistical significance testing.

Bushway et al.’s (2006) analysis suggested that articles did generally present
the information needed to determine effect sizes and avoided basic errors in sta-
tistical significance testing. Nevertheless, they often did not substantively inter-
pret effect sizes and often did not handle statistically non-significant results well.
The authors were particularly concerned with overreliance on binary accept/reject
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decisions in the interpretation of results and the lack of substantive interpretation
of the size of the reported effects. Bushway et al. argued that researchers seemed
to be focused on statistical instead of substantive significance. This makes con-
necting the results in question to other research difficult, and statistical signifi-
cance alone is not a sound foundation upon which policy should be based. Their
results suggest that the core practice of inferential testing in the field is soundly
conducted (at least in some of the top journals), although there is room for sub-
stantial improvement in how criminology and criminal justice researchers report
and treat inferential statistical tests.

Researchers in criminology and criminal justice may regularly fail to meet the
most basic assumption required to invoke inferential testing: randomization. Where
either random selection of a sample or random assignment to treatment and control
groups is absent, the meaning of inferential statical testing becomes unclear, and the
dismissal of variables as unimportant based on statistical significance is not justi-
fied. When this is coupled with Bushway et al.’s (2006) finding that researchers tend
to focus on statistical as opposed to substantive significance, it is possible that much
of our understanding of crime and the response to crime is distorted by inappro-
priately applied NHST. Given criminology and criminal justice are applied fields,
in which policy and practice are increasingly “evidence-based,” distortions in our
understanding can lead to ineffective (Lattimore et al., 2016), or even harmful poli-
cies, services, and interventions (Zane et al., 2016).

Inferential Testing

At its core, inferential testing attempts to guess from what we have observed to
something that we have not observed. This jump from what we observed to some-
thing else requires information that goes beyond the data. Specifically, the appropri-
ate use of inferential testing requires information about how the data were generated
(Berk, 2004).

In the social sciences, there are two common situations under which inferential
testing is done. The first is guessing what a population looks like from a sample.
The second is guessing the values that we are likely to observe if we were to repeat
an experiment many times. The first assumption necessary to invoke inferential test-
ing is slightly different in each of these cases. In the case of guessing from a sample
to a population, the assumption is that the sample was randomly drawn from the
population. In the case of guessing from an observed experiment to the range of
values that are likely to be obtained if the experiment were repeated many times,
the assumption is that participants were randomly assigned to conditions. For the
purposes of this paper, we will combine these different assumptions and refer to the
new construct as the assumption of random selection/assignment. Although these
assumptions serve distinct purposes, we justify their joint treatment in the following
discussion and analysis, as both represent essential first steps in observational and
experimental designs that aim to infer findings beyond the sample or setting.

When conducting an inferential test, the researcher takes a random sample
from the population (or randomly assigns participants to conditions) and observes
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the value(s) of interest. These are usually some sort of central tendency and vari-
ance. This information, coupled with the size of the sample, is used to estimate
a confidence interval that represents the range of values that are likely within the
population (or numerous replications of the experiment). These are the values
that are being inferred.

In the NHST framework, if the confidence interval contains zero (indicating
no relationship) the conclusion is that we cannot be confident that a relationship
exists in the population (or that the result observed in the experiment was not the
product of chance). In many non-significant cases, it is possible that the observed
relationship is in the opposite direction of the relationship in the population (or
repeated experiments) (Gelman & Carlin, 2014; Gelman et al., 2020).

The probability theory that underlies inferential tests and the creation of confi-
dence intervals rests on the assumption of random selection/assignment. As Berk
(2004) notes, when the assumption of random selection/assignment is not met, to
what we are inferring is unclear. It is difficult to argue that the confidence inter-
vals that are the basis of NHST represent an expected range of values of the pop-
ulation (or experimental replications) when the most basic assumption of their
creation is not met. If the meaning of the test is unclear, basing judgments on that
meaning would appear to be unjustified.

Ultimately, many other assumptions must be met for inferential testing to func-
tion appropriately (see Berk, 2004 for an in-depth discussion of these assump-
tions and the consequences of violating them), but for the purposes of this paper,
we limit ourselves to assessing just the presence or absence of the random selec-
tion/assignment assumption because if this assumption is not met, statistical sig-
nificance testing for the purpose of inference is generally not justified. We will
not attempt to address whether the samples were actually randomly selected or
representative of the population that is purportedly being assessed (see Berk,
2004 for a discussion of some common issues). We simply assess if researchers
claim random selection/assignment.

It is important to note that arguments exist for the use of NHST in the absence
of random sampling (Berk, 2004; Gelman et al., 2020; Kass, 2011). For instance,
Gelman and colleagues (2020) argue that it is acceptable to use inferential test-
ing on a non-random sample if one acknowledges the weaknesses of the data
and makes specific adjustments to the sample to account for “certain known dif-
ferences between sample and population” (p. 56). In addition to having a priori
knowledge about a population, these adjustments present a host of other potential
difficulties (see Berk, 2004 for a discussion). Similar logic is used in defense of
NHST in the absence of random assignment: adjustments must be made for dif-
ferences in treatment and control groups (Gelman et al., 2020).

It is also worth noting Gelman and colleagues (2020) have argued that infer-
ence can be used on population data (e.g., data from consecutive elections, data
on all 50 states) if one thinks of this observed data and the associated outcome
as “a random sample from a hypothetical superpopulation” (p. 154). Stated more
explicitly, the errors are treated as “a random sample from the normal error distri-
bution” (Gelman et al., 2020, p. 154). According to Gelman et al., these methods
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are justified if one is interested in the hypothetical outcome in some future year
(see also Redelings et al., 2012).

Setting aside the veracity of the above arguments, the defense of NHST in these
contexts must be explicitly stated by scholars who wish to utilize them, and, in some
cases, adjustments must be made to the data. For instance, Gelman et al.’s argu-
ments for using NHST in the absence of random selection/assignment only apply if
a researcher (1) acknowledges the weaknesses of their data and (2) takes the neces-
sary steps to adequately adjust the data to account for differences between the sam-
ple and the population (or between the treatment and control groups) to the extent
necessary. If these steps are not taken, researchers cannot invoke these defenses.
Regarding population data, researchers must acknowledge that they are interested in
making predictions about a hypothetical outcome in the future. That is, if research-
ers simply use NHST on non-random samples or population data and report results
as if they had a simple random sample, the arguments made by Gelman et al. and
others do not apply. This is the misapplication of NHST that we are specifically
interested in assessing.

Because, to our knowledge, there has not been an attempt to identify how often
inferential testing is conducted without random selection/assignment in criminology
and criminal justice, we seek to answer the following research question:

RQ 1: How common is inferential testing without random selection/assignment
in criminology and criminal justice journals?

Common Violations of the Random Selection/Assignment Assumption

Our experience suggests two common situations where inferential testing is con-
ducted after violating the assumption of random selection/assignment. In the first,
researchers use a sample collected using a non-probability sampling method (e.g.,
convenience sampling, purposive sampling, quota sampling). The second involves
the use of population data.

Non-probability Samples A non-probability sample is best understood in rela-
tion to its opposite, a probability-based sample. For a sample to be considered a
probability-based sample, the method used for its construction must meet the fol-
lowing requirements: (1) all cases are selected randomly from the population and
(2) the probability of being selected is known (Singleton & Straits, 2010). In con-
trast, non-probability samples consist of cases for whom the probability of selection
is unknown due to the lack of random selection (e.g., convenience sampling, quota
sampling, purposive sampling). Consequently, the population to which any result
might be generalized is also unknown for non-probability samples meaning that “the
laws of probability do not apply” (Singleton & Straits, 2010, p. 158). Characteriza-
tion of non-probability samples using descriptive statistics is appropriate and easy
to understand. Inferential tests in such samples are inherently difficult (or inappro-
priate) to interpret given that the population to which one is inferring is undefined.
The experimental equivalent of non-probability samples are quasi-experimental
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designs. While there is substantial variation in these designs, they often involve non-
random assignment to conditions. These designs, therefore, violate the assumption
of random assignment. As with non-probability samples, the meaning of descriptive
analyses comparing the groups is still straightforward, but the meaning of inferential
testing is again unclear.

Sometimes when researchers violate the assumption of random selection/assign-
ment, they make an argument about why inferential testing is still valid. There are
different forms that this can take (including some very sophisticated statistical
arguments that no longer infer to a population but instead to a model), but each of
them involves bringing substantial information from outside of the data to argue
that inference is still valid (see Berk, 2004, chapter 4 for a thorough discussion of
these arguments and the problems with these approaches; see Gelman et al., 2020
for an example of adjustments made to allow inferences with a non-random sam-
ple). In the quasi-experimental case, sophisticated statistical measures (e.g., propen-
sity score matching) might be used to establish treatment and control groups that
are statistically equivalent. A researcher might also use statistical adjustments in
the results to try and control for differences in groups (e.g., multiple regression or
difference-in-differences).

While it is positive in these cases that the researchers at least recognize that they
have violated the assumption of random selection/assignment and try to correct for
this issue, it is not clear that these solutions allow for valid inference. In the exam-
ples above, the potential threat posed by unobserved variables looms large.! In the
following analysis, we will evaluate articles on whether the authors met the assump-
tion of random selection/assignment and, if they did not, if they justified their use of
NHST. When encountered, we did not attempt to assess the validity of such justifica-
tions. We simply noted that random selection/assignment was not met, and that the
researcher made some form of argument about why inference was justified.

Population Data The second situation in which NHST is used after violating the
assumption of random selection/assignment occurs when the researcher uses a sam-
ple that is, in fact, not a sample but a population. This occurs when data on the entire
entity one might wish to make inferences about is available (e.g., all officers in a
police department, all traffic stops in a city). In this instance, NHST is unwarranted
as any observed differences within the data are “real differences” in the population.
The application of NHST to a population is inappropriate because (1) there is not
a larger population that the results of NHST would apply to and (2) using NHST
would likely give extra weight to findings that is unwarranted and induce the reader
to assume the findings apply to different populations (which they do not).

A similar situation arises when two sets of population-level data are compared
using NHST to assess if they are different from one another. What such a test

! We are not arguing that these methods are invalid or undesirable, only that it is not clear that inference
to some larger population (or repetitions of the experiment) are justified.
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might reveal is also unclear. Observed differences between two populations are
real differences. A statistically significant test coefficient should not be needed (or
taken) as evidence that any differences between populations are more likely to be
real—they are real. Contrariwise, any statistically non-significant test coefficient
comparing two populations should not be taken as evidence that observed differ-
ences between populations are less likely to be real—they are still real. At the
level of populations, inferential tests usually only serve to muddy the interpreta-
tion of otherwise straightforward descriptive analyses.

We must again acknowledge the arguments of Gelman et al. and others for
the use of inferential testing on population data for the purposes of making pre-
dictions about hypothetical outcomes in the future. Whether or not one accepts
this argument as valid, we fear it may lead to scholarly “hand waiving” in which
authors cite the arguments as more or less an endorsement to use inferential test-
ing on population data in any circumstance.

No assessment to date has examined these situations, so we address these
issues as research questions:

RQ 2: How often is inferential testing used with non-probability samples or
populations?

RQ 3: When an inferential test is used with non-probability sample or a popu-
lation, how often is a justification not provided for why this was done?

The Impact on Interpretation

It may be that this inappropriate use of inferential testing is harmless, but as
Bushway et al. (2006) noted, researchers often appear to rely on statical signifi-
cance testing to determine substantive significance. Results that are found to be
statistically significant are considered substantively important but results that are
not statistically significant are not (or in some cases treated as zero effect). As
Bushway et al. note, statistical significance is not the same as substantive signifi-
cance. When the assumption of random selection/assignment is not met, it is diffi-
cult to argue that any importance should be placed upon statistical significance. If
statistical significance is used as the determinant of substantive significance when
the test is invalidly applied, this could mean that substantively important effects
are being ignored. If this occurs on a large scale, it is possible that large areas
of our knowledge are substantially distorted by the misuse of inferential testing.
Based upon Bushway et al.’s results, we expect to commonly find that statisti-
cal significance is substituted for substantive importance, but this issue has not
been explored in conjunction with violating the assumption of random selection/
assignment, so we address this issue as a research question:

RQ 4: When the assumption of random selection/assignment is violated, how

often are results treated as substantively important based solely/principally on
statistical significance?
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A corollary of equating statistical significance with substantive importance is
the issue of ignoring statistically non-significant effects altogether, even if they are
larger than the observed statistically significant ones. Because statistical significance
is impacted by variance, it is possible to have a statistically non-significant effect
that is larger in observed magnitude than a statically significant effect. When infer-
ential testing is performed correctly, discounting of the statistically non-significant
effect may be justified because we cannot be confident in the direction of the effect,
but when the assumption of random selection/assignment is not met, it is difficult
to justify ignoring a statistically non-significant effect that is large. When inferen-
tial testing is inappropriately used to determine whether a variable is substantively
meaningful, and this results in ignoring effects that are larger than the statistically
significant effects, researchers may be painting an inaccurate picture of the world.
Researchers may be ignoring large and substantively important effects simply
because they fail to reach statistical significance in an inappropriately applied test.
This leads to our fifth and final research question:

RQ 5: When the assumption of random selection/assignment is violated, how
often do researchers ignore statistically non-significant effects that are as large or
larger than the statistically significant effects?

While we have stated these issues as research questions, we suspect the following
are occurring frequently in the field: (1) researchers are using inferential tests when
they have violated the core assumption on which these tests are premised; (2) the
researchers then use these invalid tests to judge whether a variable has substantive
importance. If we are correct, the implication is that our knowledge of crime and
the criminal justice system may be substantially distorted by the misapplication of
inferential tests.

Methodology
Sample

We collected a sample of the 20 most cited journals in criminology and criminal jus-
tice. We used rankings provided by Google Scholar of the top 20 journals in a vari-
ety of fields based on their h5-index. The h5-index is defined as “the largest number
h such that at least h articles in that publication were cited at least h times each” for
only those articles published in the last five years (Google Scholar, 2024). We chose
the social science subcategory of “criminology, criminal law, and policing,” which
were posted May of 2021 (Table 1).

For each journal, we selected the most recent regular, complete issue of that jour-
nal and then randomly selected 5 articles in that issue for a total initial sample of 100
articles. We believe that this stratified random sampling strategy provided us with
an accurate snapshot of the most cited journals in criminology and criminal justice
and allowed us to keep coding at the article level instead of having to aggregate
results by journal because of the different numbers of articles in each journal issue.
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Table 1 The top 20 criminology and criminal justice journals and their contribution to the analytic sam-
ple

Rank! Name Volume Issue Articles
Number Number in Issue
1 British Journal of Criminology 61 3 14
2 Journal of Criminal Justice 73 - 17
3 Criminal Justice & Behavior 48 6 8
4 Crime & Delinquency? 67 6,7 11
5 Law & Human Behavior 45 1 5
6 Justice Quarterly 38 4 7
7 Criminology & Public Policy 20 1 6
8 Journal of Quantitative Criminology 37 1 10
9 Criminology 59 1 6
10 Journal of Experimental Criminology 17 1 8
11 Journal of Research in Crime & Delinquency® 58 3,4 7
12 Sexual Abuse 33 4 5
13 European Journal of Criminology 18 3 8
14 International Journal of Offender Therapy & Com- 65 8 8
parative Criminology

15 Policing & Society 31 4 7
16 Theoretical Criminology 25 2 8
17 Criminology & Criminal Justice 21 2 7
18 Criminal Justice Policy Review 32 5 6
19 Youth Violence & Juvenile Justice 19 2 5
20 American Journal of Criminal Justice 46 2 9

'Ranked according to the h5-index as of May 2021

2The selected issue from the journal Crime & Delinquency was actually a combination of two issues (#6
and #7)

3Issue 4 of Volume 58 in the Journal of Research in Crime and Delinquency only contained three arti-
cles. To account for this, we combined issues 3 and 4 for a total of seven articles, from which we ran-
domly selected five articles

The number of articles in each issue is often dependent on the number of issues
released annually. Most of the journals included in the sample release issues either
bi-monthly (n=28, 40%) or quarterly (n=238, 40%). The number of articles included
in each journal in the sample ranged from 5 to 17 with a mean of 8.1 articles. In the
issues limited to five articles, all articles in the issue were selected for inclusion in
the sample.

Article Coding
For each article, we applied decision rules that allowed us to dichotomize articles

in a manner that coincided with our research questions (Table 2). This approach
allowed us to progressively categorize articles according to how they met/departed

@ Springer



American Journal of Criminal Justice

Sunsey ooueoyrudis sisoypodAy [(nu= [ SHN ‘so[dwexa aI1e Spoyjoul SILIdS-owWI) IO UrIsakeg
Sursn 3asoy) pue sa[onIe [BIISo[opoyIal A[2Ing "PIsn poyIaw 3y} JO INJeU Y} 0} NP UOHBIIPISUOD ISYLIN WO} PIPN[OXS SI3M JNq SONSTIL)S [BIUIUI PISN SI[ONIB SWOS

[opout
Q) Ul $309JJ9 JuedoyIuSis A[[eonsne)s uey) JoSre[ Jo a3re[ Sureq 9idsop
JueoyTudts A[[RONSIIRIS JOU SI9M JeY) S)[NSAI PAIouS1/Pojunodsip (S)Ioyny

{$1993J9 1ueoyTUSTS A[[ROTISTIE)S ) URY) JoSIR]

0=ON woyvayusnl v apraoid jou pip puv 10 931e[ SB QIR JBY) S109JJ9 JUBOYIUSIS-uoU AJ[eO1ISIIR)S QI0UST SISYIILISI Op
1 =Sox suoyvindod 40 sa)dwws K1j1gpqosd-uou w1 JSHN pasn 1vyj $2]o14p 40]  U)JO MOY ‘PIJR[OIA ST JUSWIUTISSL/UOIO[IS wopuel Jo uondwnsse oY) UdYA\ G

({,90ueOYTUSIS [eoNSIIe)S

0=ON Qoued uo Aqrediourid/Afeos peseq jueiroduwir A[oAnueIsSqns se pajear) sjnsal aIe
1=s0x  -yruSis [eonsne)s paseq A[redrourid 10 A[90s s)nsax pojordIolur (S)IOyINy  USJO MOY ‘PIIR[OIA SI JUSWUSISSE/UONI[AS Wwopuel Jo uondwnsse oy) USYA,  §

0=ON uonerndod e yyim Jo orduwres Aiq {ouop sem s1yy Aym 10 papraoid jou uoneoynsnl e SI U9}jo moy
1=s0x -eqoid-uou e yym JSHN JO asn 10§ uoneoynsnl opraoid oy payrej (s)loyny  ‘uone[ndod e 10 ojdwres K)iqeqoid-uou yirm pasn SI JS9) [ENUSIJUT U USYA, ¢

0=ON uonendod e yym 10 poyow Jurdwes (suon
1=Sox Aynpiqeqoxd-uou e Jursn pajo9[od opdwes € yiim JSHN sosn (s)ioyiny  -e[ndod 1o sojdwes Aijiqeqoid-uou yjim pasn Jurisd) [BIUIJUL ST UJJO MOH T

0=ON ¢ sreuanol aonsn( feurwurd pue A3o[ouriLId
1=S0K JUSWUSISSE/UOT)OAAS WOPURI JNOYIM L SHN $osn (S)Ioyiny ur JUSWIUSTSSE/UOT}OI[S WOPUELT JNOYIIM SUI)SI) [BIUSISJUT ST UOWIWIOD MOH |

100§ BLISIID)

Surpo) oponry uonsang) Yoreasay]

+(0S =u) sonsness [enuaieyur Sursn sa[oNIR J0J pasn Jurpoo Surpuodsariod oy pue suonsanb yoreasay g 3ajqeL

pringer

AQs



American Journal of Criminal Justice

from proper use of inferential statistics under the assumption of random selec-
tion/assignment. For research questions 1-3, simple decision rules allowed for the
dichotomization of articles according to whether they violated the assumption of
random selection/assignment (RQ 1), used non-probability samples or populations
(RQ 2), or provided justifications for their use of NHST (RQ 3).

The decision rule used to dichotomize articles based on the sole reliance of statis-
tical significance (RQ 4) was adapted from Bushway et al. (2006) and included two
criteria. The first criterion dealt with the statistical significance of the model. We
examined if authors, after reporting the statistical significance of a variable, went on
to describe their findings in the context of the overall model using metrics such as
explained variance (i.e., R%). The second criterion dealt with statistical significance
of individual variables. We examined if authors used statistical significance as the
primary method for evaluating the importance of variables in the discussion/conclu-
sion section of the paper. In step with Bushway et al., this variable captured whether
authors evaluated the importance of key independent variables outside of statistical
significance. If an article did not meet either criterion, we coded the article as solely/
principally relying on statistical significance.

Lastly, we examined if articles using non-probability samples or populations
treated large statistically non-significant effects as substantively unimportant (RQ
5). We made this determination by converting reported coefficients into elasticities
(% change in Y divided by % change in X) or using reported effect sizes. We com-
pared the statistically significant coefficients with the statistically non-significant
ones. If the elasticity or effect size of the smallest statistically significant coefficient
was smaller than the elasticity or effect size of the largest statistically non-significant
coefficient, and the paper discounted the substantive importance of the large statis-
tically non-significant variable, then we coded the article as meeting this decision
rule.

Reliability

One coder coded all 100 articles. A second coder coded a randomly selected subset
of 20 articles. The intraclass correlation coefficient of the coders was 0.881, which
is considered good reliability (0.75>1CC>0.90) (Koo & Li, 2016), and Krippen-
dorft’s alpha was 0.79, indicating acceptable reliability (o> 0.60) (De Swert, 2012).
Where there were disagreements, the lead author on the paper discussed the disa-
greement with the coders and the group arrived at a consensus.

Results
How Prevalent was NHST in Criminal Justice/Criminology?
Since Bushway et al.’s (2006) initial investigation, little attention has been paid to the

misapplication of NHST in the fields of criminology and criminal justice. Specifi-
cally, it is unclear the extent to which criminologists and criminal justice researchers
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are conducting inferential tests when violating the basic assumption upon which
these tests are based. Of the 100 randomly selected articles from the field’s top 20
journals, 63 articles used inferential testing. The types of articles excluded from
the sample include qualitative pieces (n=20), theoretical pieces (n=13), or strictly
methodological pieces (n=4). Further, several inferential articles were excluded
from the final sample because they used time series analysis (n=35), Bayesian sta-
tistics (n=1), meta-analysis (n=3), or were strictly methodological pieces (n=4)
(e.g., using inferential testing on model-generated simulation data). Two issues of
the journals included in the sample did not include any inferential articles (Theoreti-
cal Criminology, volume 25, issue 2; Criminology & Criminal Justice, volume 21,
issue 2). Thus, the final sample was comprised of 50 articles from 18 most-cited
journals in criminology, criminal law, and policing.

How Often Was NHST Used Without Random Assignment or Selection?

In the 18 most-cited journals in the field, nearly three-quarters of articles that used
inferential testing did not meet the assumption of random selection/assignment.
In fact, only 13 articles (26%) met the assumption of random selection/assign-
ment (Fig. 1, Panel A). Among these 13 articles, seven used some method of prob-
ability sampling to randomly select units from the population of interest, five ran-
domly assigned units to treatment or control conditions, and one article employed
both methods. These results suggest that using inferential tests without meeting the
requirement of random selection/assignment is common in the most-cited criminol-
ogy/criminal justice journals.

How Often Was NHST Used with Non-Probability Samples or Populations?

Of the 37 articles that inappropriately used inferential tests, 24 used a non-probabil-
ity sample. Thirteen used inferential testing on population data. Again, we acknowl-
edge Gelman et al.’s (2020) arguments regarding superpopulations. If authors used
population data and cited Gelman et al.’s arguments for doing so, this was coded as
a justification for inference. Notably, no articles using inferential testing on popula-
tion data provided any such justification.

Was Justification Provided for the Misapplication of NHST?

Of the 37 articles that used inferential testing without random selection/assign-
ment, 31 did not offer any justification for this practice. Among the six articles
that attempted to justify this practice, five provided justifications for using data
that were not randomly assigned, and one provided a justification for using data
that were not randomly selected. Regarding the content of justifications, authors
cited the use of quasi-experimental methods, such as matching procedures. More
specifically, two studies used covariate exact matching, whereas three stud-
ies used propensity score matching. Generally, the justifications for using these
methods note random assignment is not feasible in certain contexts and these
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Fig.1 Sankey plot (Panel A) showing the flow of included articles (n=50) across research questions
1-4. Flows representing articles that did not meet the NHST assumption of random selection/assignment
are filled in red; flows representing articles that did meet the assumption or provided a justification for
not meeting it are filled in grey. Numbers in parentheses correspond to the number of articles at each
stage. Research question 5 was examined using effect sizes (Panel B) and elasticities (Panel C) that were
extracted/calculated using information from articles that did not (1) meet the random selection/assign-
ment assumption, (2) provided no justification for continued use of NHST, and (3) relied solely/princi-
pally on statistical significance (n=20). The points on Panels B and C correspond to statistically non-
significant coefficients reported in analytic models of each article. Effect sizes were typically reported
as odds ratios or incidence rate ratios. Elasticities were calculated when articles reported only unstand-
ardized regression coefficients from linear models. Effect sizes/elasticities were centered by taking the
absolute value of all coefficients in a model and then subtracting the smallest statistically significant coef-
ficient for that model (all models from a given article are plotted on the same vertical line). We took
the natural log of effect sizes prior to taking the absolute value to ensure sensible comparisons of posi-
tive and negative coefficients. Abbreviations: NHST =null hypothesis significance testing; RQ =research
question; SS =statistically significant

quasi-experimental methods “mimic random assignment and balance covariates
across treatment and control groups” (Levchak, 2021, p. 2). In terms of justifica-
tions for the use of inferential testing on data that were not randomly selected,
one article cited several factors, including costs for travel for the research teams
and other practical limitations. Overwhelmingly, though, authors did not provide
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an argument for using inferential testing when the assumption of random selec-
tion/assignment was violated.

How Often did Researchers Equate Statistically Significance and Substantive
Importance?

Of the 31 articles that did not use random selection/assignment nor offer a justifi-
cation, 24 appeared to use statistical significance as the sole measure of substan-
tive importance. Specifically, five articles (16%) did not consider the importance of
the variables outside of statistical significance (e.g., explained variance), 13 articles
(42%) used statistical significance as the principal means for assessing the impor-
tance of key variables, and six articles (19%) engaged in both practices. Of the 19
articles that did use random selection/assignment or offered a justification for not
using it, 13 (68%) appeared to use statistical significance as the sole measure of sub-
stantive importance. Specifically, eight articles (42%) did not consider the impor-
tance of the variables outside of statistical significance, two articles used signifi-
cance as the principal means for assessing the importance of key variables (11%),
and three articles (16%) had evidence of both. Consistent with Bushway et al.’s
(2006) findings, it appears that researchers still place a premium on the statistical
significance of variables when assessing substantive importance.

How Often Did Researchers Ignore Statistically Non-Significant Effects that Were
as Large or Larger than the Reported Statistically Significant Effects?

We extracted information from reported results of each article to produce effect sizes
(e.g., odds ratios, incidence rate ratios) or elasticities, as well as their reported statis-
tical significance. Next, we (1) compared the effect size/elasticity of the independent
variable with the smallest statistically significant coefficient to the largest statisti-
cally non-significant coefficient and (2) determined whether the paper discounted
the substantive importance of a larger statistically non-significant effect.

Twenty-four articles both violated the assumption of random selection/assign-
ment (without including any justification) and used statistical significance as the sole
measure of substantive importance. From these, we were able to obtain effect sizes
(or calculate elasticities) for 20 articles. Four articles were not included because one
article did not report any multivariate results, one did not have any statistically non-
significant results, another did not report summary statistics (preventing the calcula-
tion of elasticities), and the final article reported results from a structural equation
model with latent variables that do not lend themselves to the calculation of elastici-
ties. We removed these four articles from this portion of the analysis. We addition-
ally did not consider individual models within articles that contained multiplicative
interaction terms as these shift the interpretation of coefficients in the model.

Of the 20 remaining articles, 16 (80%) reported statistically non-significant effect
sizes/elasticities that were as large or larger than the smallest statistically significant
effects in the model (Fig. 1, Panels B & C), and 12 (60%) of these articles appeared
to discount these large statistically non-significant effects.
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Discussion

Our review of the most cited journals in criminology, criminal law, and policing
according to Google Scholar (as of May 2021) found that almost three-fourths of
these articles used null hypothesis significance tests (NHST) after violating their
most basic assumption: the assumption of random selection/assignment. Further,
most authors of these articles (~75%) used NHST as the primary determinant of
substantive importance. Almost the same proportion of articles that did not violate
the assumption of random selection/assignment also appeared to use statistical sig-
nificance as the primary arbiter of substantive significance. Additionally, more than
half of the articles that violated the assumption and relied primarily on statistical
significance also contained non-significant effects that were larger in effect size than
at least some of the statistically significant effects. That is, these articles ignored
observed effects that were larger than effects that were statistically significant based
on a flawed test.

Given the nature of our stratified random sample of published journal articles,
we could have reported 95 percent confidence intervals and conducted significance
tests on all reported proportions. Had we done so, it would have begged the ques-
tion: to what are we inferring? Some readers might assume that these confidence
intervals would reflect the range of likely values for the entire population of crimi-
nology and criminal justice journals. In fact, such inferences would only apply to
the remaining articles in the journal issues that were not included in our sample.
Yet, the addition of such statistics would likely have had the effect of adding extra
weight to our results. Indeed, the addition of statistical tests to the above descriptive
analysis would have added almost no additional information because most of the
articles from most of the journal issues were initially included in our sample. As we
have done here, we advocate for researchers to avoid using NHST like the proverbial
drunkard uses a lamppost: “for support rather than for illumination” (Lang, as cited
in Lowndes, 1970, p. 6).

Overall, the findings of the current paper suggest our field appears to be engaged
in the widespread ...ritualization of null hypothesis significance testing” (Cohen,
1994, p. 997). Often, we appear to be applying statistical procedures and interpret-
ing the results mechanically with little attention to how data were generated and
how results should be assessed. The implications are far from inconsequential, as
these practices may have created substantial distortions in our understanding of, and
responses to, crime.

Entrenchment of NHST in Criminal Justice/Criminology

To be sure, some scholars are doing thoughtful and well applied analysis in our field.
This does not seem to be the norm, however. As we noted in the introduction, NHST
has been criticized almost since its inception. These criticisms have been raised spe-
cifically in criminology and criminal justice for nearly two decades, yet it appears
that our field is still widely, and often inappropriately, engaged in NHST. Bushway
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et al.’s (2006) suggestion that substantive significance should outweigh statisti-
cal significance appears to have been largely disregarded. Likewise, Berk’s (2004)
observation that regression is very useful as a descriptive tool, less useful for popu-
lation inference, and very questionable for causal inference, appears to have been
overlooked.

There are likely many reasons for the widespread misapplication of NHST in
criminology and criminal justice, including social factors in research (Sweeten,
2020). For instance, some have suggested an academic culture of “publish or perish”
may contribute to other issues observed in the field, such as the lack of replication
studies in criminology and criminal justice journals (Losel, 2018) and the rarity of
null findings published in top journals (Crow et al., 2023). This culture may contrib-
ute to the misapplication of NHST. Specifically, the pressure to publish may facili-
tate the routinization of NHST. This ever-increasing pressure to produce a steady
stream of publications lends itself well to “cookbook” statistics. At the very least,
the pressure to produce is unlikely to encourage any challenges to the current status
quo.

Addressing the Misuse of NHST in Criminology/Criminal Justice

If a simple solution existed to the misapplication of statistics in criminological
research, the problem would not persist, and there would be no need for the cur-
rent paper. Gelman et al. (2020) argued that we should forget about statistical sig-
nificance altogether because the tests waste information, the models are noisy, our
populations do not contain true zeros, and comparisons and effects vary by context.
Given the difficulty we seem to have in moving away from NHST as the default
for statistical analysis and the associated “star chasing,” it may be that this extreme
approach is ultimately warranted. Indeed, qualitative data gathered from different
stakeholders in the scientific system revealed several perceived obstacles to mov-
ing away from a reliance on NHST (Stunt et al., 2021). The most central theme was
“reactivity”, in which individuals are “disinclined to take responsibility and await
external signals and initiatives of others” (p. 13). Stunt et al. concluded that a par-
adigm shift in the short term is not realistic; however, through small steps, “it is
possible to decrease the scientific community’s strong dependence on NHST and
p-values” (p.22).

Many recommendations have been put forth to address disciplinary overuse of
NHST, including pre-registration of hypotheses and analysis parameters, publish-
ing raw data, increasing statistical power, better training, and teaching alternative
approaches (Szucs & loannidis, 2017). Like crime and every other “wicked” prob-
lem the social sciences attempt to study/ameliorate, the misapplication of NHST
will undoubtedly require a complex, multimodal approach to shift the culture in the
discipline that gives it purchase. Though each facet of such an approach is worthy of
an in-depth treatment, we limit ourselves to describing three that we believe would
substantively and positively contribute to a culture shift toward better (and more
limited/appropriate) use of NHST.
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Suggestion #1: Embrace the EDA-CDA continuum One reason for the misuse of
NHST in our field is the misalignment of statistical tools and researchers’ inten-
tions. For instance, criminologists often do not have the data, evidence base, or
theories mature enough to support the strictest application of statistical tools like
NHST—tools that are designed, at their core, for causal inference based on probabil-
ity theory. Despite being the most coveted of statistical claims in all of science, we
seriously doubt that causal inference is what most criminologists attempt to achieve
with the data and theories they have at hand. Instead, we believe that most crimi-
nological research contains some portion—perhaps a major portion—of explora-
tion (i.e., it is not solely confirmatory). Far from a negative, exploratory research
is exceedingly valuable for a discipline that is not what Fife and Rodgers (2022)
refer to as a “mature” science (i.e., having widely accepted and codified theories that
generate testable predictions). What is problematic, however, is when criminologists
(1) consciously or unconsciously ignore the exploratory nature of their research, (2)
misapply statistical tools like NHST, and (3) infer beyond what their data and theory
can support.

One approach to addressing the problem of misaligned tools and intentions is to
embrace the exploratory/confirmatory data analysis (EDA-CDA) continuum (Fife &
Rodgers, 2022). Most criminologists are familiar with CDA because, as was shown
in this paper, they regularly use tools designed for it (e.g., t-tests, ANOVA, multi-
ple regression). What most criminologists do not appreciate about these tools, as
was also shown in this paper, are the strict assumptions that underly their use (e.g.,
random selection/assignment). CDA, sometimes referred to as “strict” CDA, repre-
sents one pole of the EDA-CDA continuum and is rarely (faithfully) used in prac-
tice, except in “mature” scientific disciplines (e.g., physics)—even disciplines like
genetics rarely engage with strict CDA. Rather, they engage in “rough” CDA, where
assumptions are relaxed somewhat, and inferences are (or should be) severely cur-
tailed. A prime example of rough CDA is the process of model fitting for the latent
variable models common in psychology. This iterative process includes specifica-
tion, identification, estimation, re-specification, and replication (Bollen, 1989). By
listening to the data, researchers are engaging in some degree of exploration and
thus depart (however minutely) from strict CDA. Inferences may still be made based
on rough CDA; they are more limited and local to the data used, but they provide
support to their underlying theories and illuminate the way for future research (per-
haps using strict CDA).

In contrast to rough CDA, criminologists rarely knowingly engage in the most
basic form of research, that of EDA. EDA has existed for well over a century (Rodg-
ers, 2010), though it was first codified into a philosophy/group of principles by
Tukey in the 60’s and 70’s (e.g., Tukey, 1977). EDA uses several tools (e.g., box-
plots, histograms) though it is best thought of as a general approach and not a set of
specific tools. The goal of EDA is to search one’s data for patterns of interest while
honestly reporting the results of each step in the journey. It takes a certain amount
of academic humility to conduct EDA because it requires a researcher to admit that
they either (a) do not have good theories or (b) that their theories are tired and in
need of new insights.
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EDA is a method for probing data for relationships of interest by “listening to
one’s data” (Fife & Rodgers, 2022, p. 6). Because discovery is at the core of EDA,
those who employ it are obliged to also respect their data and avoid double-dip-
ping by engaging in (rough) CDA after a relationship of interest has been identified.
Relationships observed using the tools of EDA are of unknown reality until they are
validated using tools designed for confirmation in a different dataset from the one in
which they were originally discovered. The separation of discovery and validation
datasets (common in machine learning contexts) is undoubtedly an added burden for
researchers; without such separation, however, researchers run the risk of compro-
mising yet another assumption of CDA.

Given the non-probabilistic nature of much of the data used in criminological
research, as well as relative “immaturity” of the discipline, we believe that EDA—
or at least an honest acceptance of the more limited inferences afforded by rough
CDA—will be crucial to improving the state of criminological research. Updating
graduate curricula and publishing standards will be important for ensuring a new
appreciation for the EDA-CDA continuum. Our following suggestions focus on
these areas.

Suggestion #2: Revise graduate statistics training to emphasize real data, EDA, and
alternatives to NHST Graduate training in statistics would benefit from substan-
tive changes to both content and pedagogy. Echoing the American Statistical Asso-
ciation’s GAISE recommendations for undergraduate instruction (2016), graduate
programs should engage students with real-world data. Unlike sanitized textbook
examples, real data often include missingness, outliers, and violations of model
assumptions—complexities that reflect the messiness of applied research. Early
exposure to these challenges prepares students to think critically about data, rather
than relying on mechanical or decision-tree approaches to analysis.

This shift naturally fosters the use of EDA, which promotes data familiarity, high-
lights assumption violations, and enhances model development. When students are
taught to document and justify decisions made during the exploratory process (e.g.,
how outliers were handled), programs also instill habits of transparency and rigor in
reporting. These same principles extend beyond the modeling stage: EDA provides
essential tools for post-estimation diagnostics, including residual analysis, identifi-
cation of influential cases, and assessment of model fit. Incorporating EDA more
explicitly into graduate curricula can build the analytic flexibility and justification
skills that are foundational to responsible inference.

In tandem with EDA, statistical instruction should expand to include modern
alternatives to NHST. Despite its ubiquity, NHST is frequently misunderstood—stu-
dents often misinterpret p-values and receive little guidance on the actual inferen-
tial scope of the test. Bayesian and likelihood-based approaches offer more coherent
inferential frameworks by modeling uncertainty and incorporating prior knowledge.
These approaches complement EDA especially well, as exploratory analyses can
inform the specification of prior distributions and highlight model assumptions that
merit adjustment.
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Together, these reforms—emphasizing real data, formalizing EDA, promoting
transparency, and integrating modern inferential tools—can improve students’ statis-
tical literacy and cultivate more thoughtful, flexible researchers.

Suggestion #3: Reform publishing standards to support methodological alignment
and transparency Efforts to implement the EDA-CDA continuum and improve
graduate training are important steps forward. However, changes to the publication
process are also necessary if the field is to shift away from the ritualized use of
NHST. We offer two recommendations. First, editors and reviewers should require
that manuscripts meet the assumptions necessary for inferential testing if authors
wish to report inferential results. Journals can support this expectation by clearly
articulating these requirements in their author guidelines and requiring authors to
acknowledge them during the submission process.

When the assumptions of NHST are not met—random selection or assignment
being only one example—authors should be encouraged to report descriptive find-
ings or exploratory regressions (see Berk, 2004). In these cases, statistical signifi-
cance testing should be avoided, as it is unclear to what these tests are inferring.
Importantly, authors who choose to use NHST should be required to explicitly jus-
tify its use. For example, authors might acknowledge a violation of a model assump-
tion but provide a defensible argument (e.g., via simulation or prior literature) that
the violation does not substantively bias their results.

This approach encourages authors to argue for the relevance and importance of
their findings based on context, design, and theory, rather than simply defaulting
to statistical significance. In doing so, the field can begin to reframe many pub-
lished studies for what they often are: context-bound case studies, offering mean-
ingful insight within specific samples but not necessarily justifying population-
level inferences. Such research is still valuable and should not be discounted by
editorial staff solely for lacking a conventional inferential frame.

Our second recommendation pertains to the role of editors and reviewers in guid-
ing disciplinary norms. Editors devote substantial effort to ensuring the theoretical
and historical quality of manuscripts, but statistical rigor is often overlooked due
to tradition or inertia. While editors face real pressures—ensuring a steady flow of
publishable material, navigating the"publish or perish"environment—they also have
a responsibility to address issues arising from the replication crisis and the misuse
of inferential tests, as underscored in this paper.

We are not advocating for a rigid prohibition of NHST. Instead, we encourage
editors to publicly support the submission and publication of EDA-focused research,
particularly when CDA assumptions cannot be met. Doing so would reduce pressure
to"star chase"and expand the types of rigorous empirical work journals are will-
ing to publish. However, we also urge editors to extend this responsibility to their
reviewer pool. Resistance to EDA-focused analyses often originates from reviewers
steeped in an NHST-centric publishing culture. Editors must be prepared to mediate
these conflicts, advocate for methodological appropriateness, and uphold standards
that reflect both statistical integrity and disciplinary advancement.
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Conclusion

Do our findings extend beyond the specific journals and issues that we selected?
Our sample was undoubtedly representative of our specified population of journals/
issues because we sampled almost all the articles it contained; whether our defined
population was reflective of an even larger population of journals/issues (e.g., a
super population of journals over time), however, is a judgement beyond the scope
of this study. Despite this, we believe that the findings shared here would prove to
be “typical” should our approach be replicated in the future with new samples. If
anything, we suspect that the situation is more extreme in the less cited journals,
although we have no way to examine this with our current sample.

It is possible that another study with a different sample might produce findings
that conflict with those reported herein. If that occurs, our hope is that it will gen-
erate more discussion and facilitate more research on the extent of misapplication
of statistical testing within criminology and criminal justice. Hopefully our efforts
will be replicated to slowly chip away at the replication crisis in our field. Given the
numerous critiques leveled against NHST, coupled with the findings of the current
study, we recommend a shift away from NHST unless strict adherence to CDA prin-
ciples is achieved. Ultimately, we hope that by no longer relying on tests that have
unclear meanings, we will develop a deeper understanding of reality and better tools
for addressing the causes and consequences of crime.
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