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The first course in statistics plays an important role in many graduate programs, but instructors face
challenges. One is that the standard curriculum in many undergraduate statistics courses overem-
phasizes traditional significance testing, which fills students’ head with myths that work against the
development of statistical literacy. There is also great variety in the quality of undergraduate
courses, so new graduate students can vary markedly in their knowledge about statistics at the
beginning of a graduate course. The aim of this article is to offer constructive advice for those who
teach first courses in graduate statistics, including suggestions about how to assess background
statistical knowledge and take early corrective action to address knowledge deficits. Essential topics
that should be covered in a reform-oriented, post p value graduate statistics course are also
recommended. The aim is help instructors promote a more modern—and truly graduate-level—
understanding of statistics among their students.

Public Significance Statement
How to better educate student researchers in psychology and related disciplines in modern
methods of statistics and data analysis that also promote better practices, such as replication, is
the focus of this work. Suggestions about how to modernize course content and deal with
potential obstacles that can arise in teaching graduate-level statistics courses are also considered.
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The windows must be flung open again, we must see the world, the
sky and the earth once more.

—Emeritus Pope Benedict XVI (Waters, 2017, ¶13)

The replication crisis in psychology is characterized by recent
failures to reproduce findings from classical laboratory studies
(e.g., Open Science Collaboration, 2015; but see also Gilbert,
King, Pettigrew, & Wilson, 2016) and a longer-term dearth of
published studies explicitly devoted to replication (e.g., Makel &
Plucker, 2014). It is part of an even bigger credibility crisis about
psychology research and also the wasting of perhaps most of the
research funds in some areas (Szucs & Ioannidis, 2017). Other
aspects of the credibility crisis about psychology research include
the following:

1. Measurement crisis, or the widespread failure of re-
searchers to estimate and report the reliabilities of scores

analyzed, even when using statistical techniques, such as
multiple regression, that allow for no measurement error
in predictors (e.g., Aguinis, Edwards, & Bradley, 2017;
Meier, 1994). An aggravating factor was the disappear-
ance in the 1980s–1990s of psychometrics courses from
many undergraduate and graduate psychology programs
in North America (Aiken et al., 1990). Although a slight
improvement in measurement training was reported in a
follow-up survey by Aiken, West, and Millsap (2008),
the median length of measurement-related course work
was only 4.5 weeks (i.e., still inadequate).

2. Reporting crisis, or the realization that critical informa-
tion supporting replication, results synthesis (i.e., meta-
analysis), and scientific transparency is omitted in too
many journal articles for empirical studies, such as ran-
domized clinical trials (e.g., Grant, Mayo-Wilson,
Melendez-Torres, & Montgomery, 2013).

3. Significance testing crisis, or the ongoing controversy, now
occurring in many disciplines, about the proper role of
statistical significance testing, if any, in data analysis (e.g.,
Amrhein, Greenland, & McShane, 2019; Gelman, 2018;
Wasserstein, Schirm, & Lazar, 2019).
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Journal article reporting standards for both quantitative and
qualitative research in psychology (Appelbaum et al., 2018; Levitt
et al., 2018) and other disciplines, such as those available on the
Enhancing the Quality and Transparency of Health Research
(EQUATOR) Network (n.d.), should address the reporting crisis.
One hopes that improved reporting about psychometrics would
help to ease the measurement crisis and also that more complete
and transparent reporting in general would facilitate replication—
for example, see Appelbaum et al. (2018, pp. 7, 17) for reporting
standards on, respectively, psychometrics and replication.

The significance testing controversy actually consists of three
overlapping subcrises, all of which contribute to the replication,
reporting, and measurement crises. They are briefly stated and
elaborated afterward:

1. Many, if not most, p values reported in empirical studies
could be wrong.

2. Misinterpretation of p values is widespread, and alto-
gether they can create false confidence in analysis results.

3. Through p-hacking, significance testing can engender
scientific fraud, intentional or unintentional, which can
also seriously erode the credibility of psychology
research.

Outcomes of significance testing in the form of p values have
been reported in most published empirical studies in psychology
since about the mid-1950s (e.g., Hubbard & Ryan, 2000). Many—
and perhaps most—of those p values, though, could be wrong due
to violations of core assumptions in significance testing—such as
random sampling from population distributions with known char-
acteristics (e.g., normality, homoscedasticity) and absence of all
sources of error other than sampling error—that are generally
implausible. For example, too many researchers fail to verify
distributional or other requirements of significance tests and, if
they actually do report such results, incorrect methods may have
been used (e.g., significance tests for normality; Hoekstra, Kiers,
& Johnson, 2012; Kline, 2013).

Most researchers do not correctly understand p values, even
among researchers with the highest levels of statistical training
(McShane & Gal, 2016). For example, about half of psychology
professors—including those who teach statistics or methods courses—
endorsed the false belief that 1 � p is the probability that a result
in one sample will replicate in a new sample (Haller & Krauss,
2002; Oakes, 1986). This misconception can lead to the false hope
that “stylized facts” gleaned from applying significance tests to
noisy data in small samples will replicate but, alas, they generally
do not (Gelman, 2018). Authors in 402 of 791 (51%) empirical
studies reviewed by Amrhein et al. (2019) committed the zero
fallacy, which means that the absence of statistical significance is
wrongly interpreted as meaning that the population effect size is
zero. There are many other cognitive distortions associated with
significance testing (Cumming & Calin-Jageman, 2017; Kline,
2013; Lambdin, 2012), and most involve exaggerating what can be
inferred from either rejecting or failing to reject a null hypothesis.1

This myriad of false beliefs can lead to confirmation bias where
evidence that supports the researcher’s hypotheses is accepted

uncritically but evidence to the contrary is overlooked—see Calin-
Jageman and Cumming (2019) for examples.

The phenomenon of p-hacking is now more widely known, and
it concerns the fact that basically any result can be presented as
“significant” through decisions, such as score transformations or
covariate selection, that are not always disclosed (Simmons,
Nelson, & Simonsohn, 2011). Such flexibility may encourage
harking (hypothesizing after the results are known), or the presen-
tation in a research report of a post hoc hypothesis informed by
data analysis as if it were an a priori hypothesis. There is evidence
that both p-hacking and harking are relatively common (John,
Loewenstein, & Prelec, 2012; Kerr, 1998; Masicampo & Lalande,
2012), and these insidious practices are expected to generate false
positive results where population effect sizes are routinely over-
estimated (Gelman, 2018; Ioannidis, 2005). Study preregistration,
or the practice of publicly stating hypotheses and the analysis plan
before data are analyzed, may counter both p-hacking and harking
(Gehlbach & Robinson, 2018), but preregistration of analysis plans
is yet relatively uncommon. Some research journals, such as
Psychological Science, award open science badges to authors who
preregister the design and analysis plan, share the data, or make
study materials or stimuli publically available. Each badge has a
specific graphical design by the Centre for Open Science (https://
cos.io/our-services/open-science-badges/), and there is evidence
that awarding badges actually works at least for data or materials
sharing (Kidwell et al., 2016).

Of course, p values can be hacked in the other direction, too, that
is, increased so that a significant finding is rendered as a nonsig-
nificant result in a reanalysis. Of special concern is when a
significant result that is unfavorable for some hypothesis or pur-
pose is not reported or, even worse, intentionally made nonsignif-
icant without disclosing the manipulation. In health research, such
“reverse” p-hacking can have disastrous consequences, if adverse
results are dropped or omitted (e.g., the Vioxx tragedy; Ziliak &
McCloskey, 2008). Another example where results that are not
statistically significant actually favor researchers’ hypotheses is
the model chi-square test in structural equation modelling (SEM).
In this case, a significant chi-square statistic provides covariance
evidence against the model because the null hypothesis of exact fit
is rejected. But it is often possible to render a significant model
chi-square statistic as nonsignificant by adding effects to the model
(specifying free parameters), even if those additions make little
theoretical sense. This is because increased complexity itself will
typically improve model fit (Kline, 2016). Thus, the temptation for
model-hacking in SEM: Through haphazard respecification, basi-
cally any model can be made to fit the data. Reporting standards
for SEM call for researchers to explain their rationales for model
respecification (Appelbaum et al., 2018), which may help to pre-
vent model-hacking.

The ease with which results can be skewed in one way or
another in significance testing can also facilitate intentional scien-
tific fraud. This is why Ziliak (2016, p. 83) remarked that a
“science, business, or law that is basing its validity on the level of
p values, t statistics and other tests of statistical significance is
looking less and less relevant and more and more unethical.” Ziliak

1 Widespread misunderstanding of confidence intervals is a related prob-
lem (e.g., Hoekstra, Morey, Rouder, & Wagenmakers, 2014).
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also called on university research centers and government agencies
to add the misuse of statistical significance to definitions of sci-
entific misconduct. Kmetz (2019) described steps to counter the
corrupting effects of p-hacking and other poor practices in data
analysis.

Remediation and Prevention

Remediation and prevention are the two basic ways to amelio-
rate effects from the misuse of significance tests. Remedial efforts
are for practicing researchers, usually postdegree, and include the
aforementioned journal article reporting standards. Journal edito-
rial policies, such as author guidelines, can serve a similar purpose.
For example, many research journals in the health sciences now
require the reporting of effect sizes. Quoted in the author guide-
lines for many of these journals is the recommendation by Inter-
national Committee of Medical Journal Editors (2016, p. 15) to
“avoid relying solely on statistical hypothesis testing, such as p
values, which fail to convey important information about effect
size and precision of estimates.” Another example is the call by
editors of health economics journals for increased attention to
nonsignificant (negative) findings about interventions or programs
that may nevertheless benefit real people (“Editorial statement on
negative findings,” 2015). The reporting and interpretation of
effect sizes is also called for in reporting standards for quantitative
research in psychology (Appelbaum et al., 2018).

Preventive efforts are usually educational, that is, for young
scholars in training, such as students enrolled in graduate pro-
grams. There is a relatively large literature about how to prepare
graduate students to teach introductory statistics to undergraduate
students without strong quantitative backgrounds (e.g., Garfield &
Everson, 2009). Unfortunately, there are fewer works about how to
teach a first course in statistics at the graduate level (e.g., Moran,
2005; Steel, Liermann, & Guttorp, 2019), from this point on called
GS1. A 3-credit, one-semester course that lasts 12–14 weeks is
assumed.

This situation is unfortunate because GS1 classes play an im-
portant role in graduate training, especially when the terminal
degree is the PhD or its counterpart in professional training pro-
grams (e.g., PsyD, EdD). Graduates of PhD programs should know
something—a lot, actually—about research, so strong knowledge
about statistics is paramount. Although research demands in grad-
uate programs with a more applied focus may be lower compared
with those in PhD programs, good statistics comprehension is also
needed by professionals devoted to evidence-based practice
(Shernoff, Bearman, & Kratochwill, 2017). Graduate training in
statistics that begins with a strong GS1 course supports these goals.

There are some hurdles in teaching GS1 classes and dealing
with these challenges must be addressed by instructors assigned to
teach them. These obstacles are listed next and then discussed
afterward with suggestions about how to ameliorate them:

1. Statistical significance testing is so overemphasized in
undergraduate statistics (UGS) courses that many, and
perhaps most, students fail to learn fundamental princi-
ples. They also may not realize that classical significance
testing is not the sole inference framework for evaluating
hypotheses.

2. Just as among established researchers, most students hold
many false beliefs about outcomes in significance testing
even after taking multiple UGS courses (Haller &
Krauss, 2002). These myths can lead to overconfidence
in analysis results and also impede new learning, if not
corrected early.

3. Most new graduate students earned high grades in their
prior UGS classes, but some may actually score at a
failure level when tested on basic concepts at the begin-
ning of GS1. To be fair, class size in UGS courses is
often much larger than in GS1 classes and, thus, in-class
examinations in UGS courses may be comprised mainly
of multiple-choice items or calculational problems,
which are easier to grade than essay questions. Essay
questions are more demanding than multiple-choice
questions, which require only recognition, and also
harder than computational questions, which basically get
at whether students can correctly apply a formula, not
whether they understand the results. But comprehension
deficits are more readily apparent in written responses.
Anyhow, high grades in previous UGS courses can give
some new graduate students the false impression that
they have strong knowledge about statistics. A crisis of
confidence can occur when such students learn the truth.

Great p Value Blank-Out

Summarized next are my impressions of student experiences in
both UGS and GS1 courses. I do not claim that these experiences
are universal among students, but I think that elements of these
experiences can pose challenges when teaching GS1 courses, so
my intention is to signal potential obstacles. With these limitations
in mind, I believe that things in traditional introductory UGS
courses usually go fairly well over the first month or so when basic
descriptive statistics and types of distribution plots are introduced.
These topics are generally straightforward with relatively few
theoretical aspects.

Next, a crisis point in introductory UGS courses may be en-
countered around the middle of the semester with the introduction
of the more abstract concepts about standard errors and sampling
distributions. Many students struggle with these relatively abstract
ideas; specifically, they have trouble distinguishing between the
empirical (sample) distribution, the population distribution, and
the sampling distribution (Green & Blankenship, 2014). Related
distinctions that may be confused include the facts that (a) two of
these distributions (population, sampling) are theoretical and may
also be defined under particular assumptions (e.g., normality)
while the third (empirical) is observed. Also, (b) a subset of these
distributions (population, empirical) generally concerns scores at
the case level while the third distribution (sampling) involves
statistics (i.e., aggregated scores). The failure to correctly distin-
guish scores from statistics makes it difficult to comprehend the
difference between standard deviations when used to describe
observed variation at the score level in a particular sample and
standard errors, which refer to expected variation among statistics
from random samples (Altman & Bland, 2005).

Significance testing is often introduced just as students are still
struggling with the basics of sampling theory. Many UGS students
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at this time also start to internalize myths about p values mentioned
earlier. Unless explicitly instructed otherwise, undergraduate stu-
dents can easily come to overvalue significance testing as a kind of
gold-standard method that somehow detects “real” effects above
the static of sampling error (i.e., p � �) or dismisses results due to
sampling error (p � �). For example, Kühberger, Fritz, Lermer,
and Scherndl (2015) found that even undergraduate students with
advanced statistical training associate statistical significance with
medium to large effect sizes and assume that statistical signifi-
cance is due to real effects. In contrast to the subtleties of sampling
theory, this illusion of certainty afforded by significance testing
may be welcomed by students, but there are costs, as elaborated
next.2

Strong significance testing mentality can hinder continued
learning about statistics (e.g., Huck, 2016; Rodgers, 2010; Ziliak &
McCloskey, 2008), including at the graduate level. This phenom-
enon is the great p value blank-out, and it happens when students
or researchers put little effort into learning what is for them a new
statistical technique until they get to the part about significance
testing (Kline, 2013). In computer output, they skip right to the p
values but show little comprehension of or interest in the rest of the
results. Ziliak and McCloskey (2008) used the term trained inca-
pacity, and here it means that cognitive distortions associated with
significance testing can make it difficult, if not impossible, for
researchers to fully understand their own results and also the status
of a research literature, if p values are their sole frame of scientific
reference. Greenland (2017) described similar concerns about the
capability of epidemiology researchers trained in traditional sig-
nificance testing to correctly interpret and report study results.

Early Detection and Remediation of
Poor Comprehension

Presented in Table 1 is a 16-item background knowledge test
administered at the beginning of our GS1 course. Test-item content
comes from UGS courses. New graduate students are asked to
explain in written form the meaning(s) of the specific numerical
value(s) for each statistic (Items 1–15). Readers are free to use or
adapt the items listed in the table.

The average percentage of correct items on the test in Table 1
among our new graduate students is typically �50%, or what may
be deemed a failure level of performance in some numerical grade
systems or equivalent to a grade of “F” in some letter grade
systems. That is, most of our new graduate students do not really
understand even some quite basic statistical concepts despite
achieving letter grades typically in the “A” range (i.e., “A-” to
“A�”) in prior UGS courses. That many new graduate students
have poor mastery of statistical fundaments has been reported by
others (Jannarone, 1986), so I do not believe that our students are
any worse (or better) than those enrolled in psychology graduate
programs at other universities. Indeed, most of our new graduate
students at a Canadian university have taken two prior 3-credit
UGS courses, but many new psychology graduate students in the
United States have taken only a single 3-credit course.

It is worthwhile to consider some of the difficulties apparent in
the answers of our new graduate students to the items in Table 1.
Most students can define an arithmetic mean in terms of how it is
calculated (i.e., as �X/N), but not as the balance point in a distri-
bution from which the sum of absolute deviation scores is zero nor

as the point from which the sum of squared deviations is the
smallest (Item 1). The standard deviation is typically defined as the
average absolute distance between the mean and the scores (Item
2), a common misconception (Huck, 2016).

Almost none of the students can correctly define a standard
error, neither that of the mean nor that of the difference between
two independent means (Table 1, Items 3–4). A frequent error
involves describing the standard error as the standard deviation in
the population distribution instead of as the standard deviation in
a distribution of random statistics. Another frequent error is to
define the standard error as the absolute distance between the
sample statistic and the corresponding parameter. Confidence in-
tervals are usually misinterpreted as ranges for which the proba-
bility is either .95 or .99 that the interval includes the correspond-

2 It also does not help that significance testing is still presented in too
many introductory statistics text books as a series of “black boxes”—
without authorship (citations), context, or mention of controversies over
time (Moran, 2005; Williams, 2005). This type of presentation gives the
false impression that significance testing is a set of undisputed facts that is
universally accepted in psychology as the only way to test hypotheses—see
Gurnsey (2018) for an exception.

Table 1
Statistics Background Knowledge Test for New
Graduate Students

For each of Items 1–15, interpret the specific numerical value(s); that is,
indicate what each numerical value measures or estimates. For
items with multiple numerical values, interpret each and every
one of these values.

1. M � 15.50
2. SD � 3.75
3. sM � 7.50
4. sM1�M2 � 5.60
5. 95% CI for �, [102.00, 108.00]
6. 99% CI for �1 � �2, [�.50, 3.50]
7. � � .05
8. 	 � .40
9. Independent-samples t(48) � 2.25, p � .029

10. Dependent-samples t(29) � 1.90, p � .067
11. Single-factor between-subjects F(3, 36) � 40.00/12.50 � 3.20
12. Factorial design, MSAB � 39.75
13. SST � 1,115.30
14. r � .65

15. Unstandardized bivariate regression line Ŷ � 5.60 X � 10.20
16. Statistical significance at the .05 level (i.e., p � .05) means . . .

(check all that apply)
______a. The probability that the results are due to chance is � .05
______b. The probability that the null hypothesis (H0) is true is �

.05
______c. The probability that a Type I error was just made in

rejecting H0 is � .05
______d. The probability that the alternative hypothesis (H1) is true

is 
 .95
______e. The probability that the result will be replicated is 
 .95
______f. The probability of the data given the null hypothesis is �

.05

Note. M � arithmetic mean; z � normal deviate; sM � standard error of
the mean; sM1�M2 � standard error of the difference between two inde-
pendent means; CI � confidence interval; � � population mean; � �
criterion for statistical significance; 	 � probability of Type II error;
MSAB � mean square for the A � B interaction; SST � total sum of squares;

r � Pearson correlation; Ŷ predicted raw score on Y.
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ing parameter (Items 5–6). In contrast, most students can correctly
define both Type I and Type II errors in significance testing (Items
7–8).

Students have much difficulty with Items 9–10 in Table 1 about
results of the t test for mean differences. Some can correctly
describe the degrees of freedom (df) values as determined by
sample or group sizes, but few manage to correctly define t as the
magnitude of the mean contrast in standard error units nor can
most students offer a correct definition for its p value. About all
they can say here without error it that one result is “significant”
(Item 9) while the other result is “not significant” (Item 10) at the
.05 level, but with little real comprehension about either outcome.
Although the basic t test is dealt with in most UGS courses, it may
be true that many students do not really understand what its results
actually mean.

For Item 11 in Table 1, some students can correctly define the
df values for the F test and also remember that F equals the ratio
of the two mean squares, but few can state the meaning of the
numerical values of those mean squares. For example, they do not
know that the denominator in Item 11, or 12.50, is the average
within-cells variance that is derived at the level of scores, nor do
they realize that cell size per se does not affect the value of the
error term for the F test. They also may not realize that the
numerator, or 40.00, is a variance at the level of cell means (i.e.,
their variation around the grand mean) or that the value of this
variance is affected by cell size. Likewise, few students can
correctly explain the numerical value for the mean square for a
two-way interaction effect in factorial analysis of variance
(ANOVA; Item 12), and few can correctly explain the meaning of
the total sum of squares (Item 13). The results just described
suggest that the typical new graduate student may fail to correctly
define any of the individual entries in an ANOVA source table
except possibly the df values.

Most of our new graduate students know that a Pearson corre-
lation estimates the strength of the linear association between two
continuous variables (Item 14 in Table 1), but they usually do not
know how to further interpret its specific numerical value; that is,
as a proportion of shared variance—.652, or .423—or that a
difference in one variable of one standard deviation predicts
a difference in the other variable of .65 standard deviations in a
bivariate regression analysis. Most students correctly label the
slope and intercept in the unstandardized regression equation (Item
15), but not all can state that a difference in X of one point in its
raw score metric predicts a difference in Y of 5.60 points in its
original metric. Items 16a–16e correspond to common myths about
p values. Only Item 16f is actually true, but most students, about
90% or so, incorrectly endorse at least one item among 16a–16e as
true.

Students’ results on the test in Table 1 have no bearing on their
grades in our GS1 course. Feedback about test performance in-
cludes review of correct definitions, which begins the process of
corrective intervention. Students spend the next month in the
tutorial (lab) section for our GS1 course reading Huck (2016)
about statistical misconceptions and completing a series of related
exercises, which are available in the online supplementary mate-
rials for this article with pedagogical comments for instructors.
The activities just mentioned are led by a graduate student teaching
assistant. In the lecture section, the topics of sampling theory,

interval estimation, and correct versus incorrect interpretations of
outcomes in significance testing are also reviewed.

At the end of a month of review, the students are administered
a mastery test about undergraduate-level statistical concepts. They
must pass the mastery test in order to continue in the GS1 class;
otherwise, they are required to rewrite an alternate version of the
mastery test. If a student should fail a second administration of the
mastery exam, then that student would be asked to withdraw from
the class. In my experience, though, this outcome would be very
rare; instead, most graduate students go on to successfully finish
the course. Indeed, the amount of progress made by the typical
graduate student over the course of a single semester is impressive,
as it should be. After all, newly admitted graduate students were
among the best and brightest of their undergraduate cohorts, so it
is realistic to hold them to a higher standard (i.e., they must
understand what they are doing when they analyze their data).

Crisis of Confidence

This discussion reflects my impression of student experiences in
GS1 classes but not anything I would claim is always true. Once
again the goal is to highlight possible challenges for instructors of
GS1 courses. The graphic in Figure 1 represents what I call the
Dunning-Kruger-Amara effect for the expected relation between
student confidence and competence in statistics through different
educational phases. The Dunning-Kruger effect is a cognitive bias
where people with relatively poor skills tend to overestimate their
competence (Kruger & Dunning, 1999). The same effect may lead
poor performers to push back against attempts to intervene, that is,
to both reject the suggestion of inadequacy and offers for reme-
diation (Dunning, 2011). Amara’s law refers to a saying attributed
to the scientist and futurist Ray Amara, who suggested that the
impact of a new technology is overestimated in the short term but
underestimated in the long run (Isenberg, 2001).

Students in UGS courses may experience a sense of increasing
competence until the introduction of sampling theory and standard
errors (Figure 1, Point 1), as mentioned. But any stall in rising
confidence may soon be alleviated by the introduction of tradi-

Figure 1. Dunning-Kruger-Amara effect for the expected relation be-
tween student confidence and competence through undergraduate statistics
(UGS), the first graduate statistics course (GS1), and later. Phases: 1,
struggle with concept of standard error; 2, significance testing introduced
and rise of false confidence; 3, midterm in graduate statistics and confi-
dence crisis; 4, beginning of realism; 5, continued learning and eventual
attainment of wisdom.
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tional significance testing (Point 2), during which students might
conclude that p values are all that researchers really need to know.
Next, confidence increases to its peak at the end of the UGS phase,
when both high grades among future graduate students and myths
about the meaning of statistical significance combine to boost
confidence to an unrealistically high level, given still relatively
low real levels of competence in statistics.

A second crisis of confidence may occur at the beginning of a
GS1 course, if new graduate students find out that their actual
knowledge of backgrounds concepts is actually deficient. A con-
fidence low point might occur about midway through a GS1 course
(Figure 1, Point 3), if the midterm exam grade is not high. A
mature student response to such an outcome is to seek advice about
how to correct misconceptions and improve subsequent perfor-
mance. Although rare, a less civil, more antagonistic response can
occur, one that involves blaming the instructor for unfair evalua-
tion while simultaneously failing to take responsibility for short-
comings in the student’s work. Most university instructors know
how to constructively deal with student incivility about grading;
see Holdcroft (2014) or Jannarone (1986) for examples.

My experience is that despite a confidence crisis in the first half
of a GS1 course, most students recover as they gain mastery over
both background concepts and more advanced topics. Indeed, the
amount of progress that bright graduate students make between the
middle and conclusion of a GS1 course can be extraordinary, and
their sense of competence may begin to increase once more (Fig-
ure 1, Point 4). After a taking a GS1 course, both student compe-
tence and confidence should continue to gradually increase (Point
5) as they gain further experience.

Modernize Course Content

Sometimes GS1 courses offer little more than additional ways to
test effects for statistical significance. An example is what I call
ANOVA voodoo, or ritualistic ways to apply significance testing in
complex designs, such as conducting the F test for a main effect
with �2 degrees of freedom and then, if significant, testing all
pairwise contrasts with a post hoc method, such as the Student-
Newman–Keuls method (Wilkinson, 1999, nicely explained the
illogic of this particular ritual). Such courses are so old-fashioned
that little is accomplished except for reinforcing the great p value
blank-out.

New Statistics

A contemporary GS1 course should cover what Cumming and
Calin-Jageman (2017) called the new statistics, or effect sizes,
confidence intervals, and meta-analysis, or how to synthesize
results over replication studies. As mentioned, effect size estima-
tion is required by many journals for health-related research. Most
meta-analyses deal with the estimation of average effect sizes over
sets of related studies. Another focus in many meta-analyses is
whether effect size varies as a function of study characteristics,
such as the composition of samples or the use of particular meth-
ods or procedures. To understand meta-analytic articles, graduate
students need a good understanding of effect sizes including how
to estimate the precision of results in primary studies (i.e., confi-
dence intervals for effect sizes).

Understanding effect size also means interpreting such results,
that is, addressing the question, what does it mean that an effect of

a particular magnitude has been found? For example, is the ob-
served effect size smaller or larger compared with those reported
in related studies, whether those prior results were summarized in
a previous meta-analysis (if available) or calculated by the re-
searcher from summary statistics reported in primary studies (if the
original authors did not report effect sizes but sufficient summary
statistics were available to calculate effect sizes)? Another exam-
ple concerns studies with interventions, such as clinical trials: Is
the effect of the intervention large enough to be meaningful, such
as exceeding a minimal clinically important difference, or the
smallest change in status that patients consider as important (e.g.,
Angst, Aeschlimann, & Angst, 2017; Norman, Sloan, & Wyrwich,
2003)?

In too many journal articles, effect sizes are reported, but then
not interpreted. For example, the hypothetical result for a mean
contrast

t (50) � 2.25, p � .029, d � .30

is reported in the Results section with particular emphasis on
statistical significance, but nothing is said about the standardized
mean difference (d) effect size that accompanies the t test outcome.
Well, just what does an average difference that corresponds to 30%
of a standard deviation imply? Reporting but not interpreting effect
sizes while elaborating on whether results are significant or not
significant is “business as usual” and poor practice, too.

Standards for Replication

The role of effect size in replication studies is another important
topic, especially if replication is eventually both valued and ex-
pected in psychology research. Students should know that statis-
tical significance, or the requirement for significant results (e.g.,
p � .05) in both original and replication analyses, is a flawed
standard for many reasons, including the distorting effect of low
power and expected overestimation of population effect sizes
(Anderson, Kelley, & Maxwell, 2017; Maxwell, Lau, & Howard,
2015). Alternatives based on effect size are more promising, such
as whether the effect size from an original study falls within the
95% confidence interval for the same effect size in a replication
(e.g., Open Science Collaboration, 2015). Another example is the
technique of continuously cumulating meta-analysis where effects
sizes from replications are synthesized along with all prior results
and then updated as new findings subsequently appear (Braver,
Thoemmes, & Rosenthal, 2014).

Bayesian methods are another alternative that can synthesize
effect sizes from studies as they are reported and update the status
of a research area. Bayesian statistics generally require strong
knowledge of probability distributions, but relatively few psychol-
ogy students have such prerequisite knowledge, so Bayesian meth-
ods are not a silver bullet for psychology GS1 courses. Gannon,
Pereira, and Polpo (2019) described ways to blend Bayesian con-
cepts with more traditional statistical methods.

Reforms of Significance Testing

Wasserstein et al. (2019) reminded us that there is no method
that will magically replace significance testing in all research
contexts and that there may never be such an alternative. Thus, it
is still necessary to teach about significance testing in GS1 courses,
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but students should be made aware of various ways to reform its
application while at the same time emphasizing correct interpre-
tations of results (i.e., warn them away from myth). Some possi-
bilities about reformed significance testing are briefly listed next,
but see the 2019 special issue “Statistical Inference in the 21st
Century: A World Beyond p � 0.05” in The American Statistician
for more information:

1. Smart �. Values of dumb � are either .05 or .01 that are
blindly specified by the researcher with no rationale
about whether either conventional level actually makes
sense in a particular study. If at the least the relative costs
of making a Type I versus Type II error can be esti-
mated, then it is possible to specify a smart level of �
that properly balances the risks of these decision errors
(Aguinis et al., 2010; Mudge, Baker, Edge, & Houla-
han, 2012). If the optimal level is, say, � � .30, then
it replaces a value of dumb � (.05 or .01) in the
analysis.

2. No �. Hurlbert and Lombardi (2009) reminded us there
is actually no requirement to specify any value for � at
all. In this variation, p values are not compared against
any criterion value for �; thus, there is no dichotomi-
zation of p values against an arbitrary standard such as
.05, nor against any standard whatsoever. Also, the
clichéd term significant is never used, which is con-
sistent with recent calls to drop this expression from
the language of statistical analysis along with the
equally insipid “p � .05” (Wasserstein et al., 2019).

3. Combine effect sizes and p values. There are various
methods to explicitly incorporate hypotheses about
effect size, but just two are mentioned next. Genera-
tion of second generation p values involves the spec-
ification of an interval null hypothesis that includes
not just a null (zero) effect size, but also the limits of
trivial effect sizes, or nonzero effects considered as too
small to be of interest (Blume, Greevy, Welty, Smith,
& Dupont, 2019). In the minimum effect size plus p
value approach, rejection of the null hypothesis also
requires that observed effect sizes are meaningfully
large and practically significant (Goodman, Spruill, &
Komaroff, 2019).

No Significance Testing

The variations just described reform various aspects of tra-
ditional significance testing, or what has been called the Intro
Stats method, but students in modern GS1 classes should not be
given the impression that generating p values is the ultimate
analysis goal. This is because the design–analysis gap between
what significance testing requires versus what happens in actual
studies remains vast even after reforming the Intro Stats
method. For example, random sampling from populations with
particular distributional characteristics and no other sources of
error other than sampling error are assumed whenever p values
are generated. This is true even for methods of significance
testing, such as those based on nonparametric bootstrapping,
that supposedly require no distributional assumptions except

that the shape of the empirical distribution matches that of the
population, which is itself a distributional assumption albeit a
less stringent one. Study of true probability samples is rare in
psychology research about humans, strong distributional as-
sumptions such as normality or homoscedasticity are flawed in
many actual samples, and even fairly modest levels of measure-
ment error can severely distort p values (e.g., Gelman, 2018;
Keselman et al., 1998; Westfall & Yarkoni, 2016), among other
ways that significance testing can go off the rails (cognitive
distortions, testing null hypotheses known to be false before any
data are collected, etc.).

One way to prepare GS1 students for the future is to teach
them how to describe their analysis results with no use of
significance testing at all, that is, without reference to p values.
Doing so may seem odd to some students at first, but they
should know that significance tests are not generally necessary
to detect substantive effects, which, as Cohen (1994) noted,
should be obvious to visual inspection of relatively simple
kinds of graphical displays. Show students instead how to refer
to effect sizes with confidence intervals with emphasis on
whether those effects sizes are large enough and precise enough
to be meaningful in a particular research context (Calin-
Jageman & Cumming, 2019). The description of results at the
level closer to the data may also help students to develop more
effective communication skills (Kline, 2020).

It might also help to compare for students the two situations
described next: Researcher 1 has data from a single sample, that is,
there no available data for replication. Instead, the researcher
reports p values from various analyses, some of which correspond
to results designated as “significant” results whereas other p values
are associated with “nonsignificant” findings. The proper, scien-
tific response should be, “So what?” or, more to the point, “Who
cares?” Those significant results may or may replicate in other
samples; likewise, their poor, embarrassing, unwashed cousins, the
nonsignificant results, may or may not replicate. But expounding
on the implications of the significant results while ignoring the
nonsignificant results with no evidence for replication is the crisis
to which this special issue is devoted. As Ziliak (2016) put it, “the
deep, dark night of mindless significance testing has to go” (p. 89).
In this case, replicated results warrant attention, not asterisks (a
typographical symbolism for significant results), as elaborated
next.

Now suppose that Researcher 2 conducted no significance test-
ing at all but reported meaningful effects sizes that fall within the
confidence intervals from two or more independent samples that
are also acceptably precise in each sample (Calin-Jageman &
Cumming, 2019). Things get even better if those other samples
were collected by investigators other than Researcher 2 because
the potential obstacles to replication were greater in this case. But
the main point is that in this second scenario, there is now some-
thing of scientific interest. This second case corresponds in part to
what Spellman (2015) referred to as “Revolution 2.0” and what
Vazire (2018) called the “credibility revolution,” where revolution
means how we should be doing science: open, transparent, and
repeatable, that is, a change in researcher mentality and habits, if
not a change in the actual content of psychology research. In this
way, replication should trump significance testing in single-sample
analyses just about any time.
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Computer Tool Use

Use of computer tools is part of many statistics courses, and
undergraduate students who conducted thesis research projects and
analysed raw data in SPSS or other statistical software have some
practical computer skills, too. There are two additional kinds of
computer exercises that I think that can be especially useful for
GS1 students. One is to give students a raw data file with many
problems, including missing data, duplicated cases, distributions of
quantitative variables that are severely non-normal, variables that
are extremely collinear, entries that are miscoded, and so on. The
task is for students to diagnose the problems and recommend
corrections (i.e., screen and clean the data). Data screening is a
critical skill even for students who will analyze archival data sets,
which are often riddled with problems even when such data sets
were analyzed for published studies. The current state of reporting
about data screening is abysmal (e.g., Osborne, 2013), but con-
temporary reporting standards call for more explicit detail in this
area (e.g., Appelbaum et al., 2018).

Another type of computer exercise useful to students involves
the analysis of summary statistics instead of raw data. In my
experience, students are generally unaware that many kinds of
statistical analyses do not require raw data files, if the appropriate
summary statistics—such as group means, standard deviations,
and sizes (n) for between-subjects effects and also correlations for
within-subjects effects—are available. The capability to analyze
summary statistics can also enable students to verify results from
published studies or test hypotheses not evaluated by the original
authors, even though students may have no access to the original
raw data file. Cheng and Phillips (2014) discussed challenges and
opportunities of secondary data analyses.

The online supplementary materials for this article include ex-
amples of computer exercises for data screening and analyses with
summary data. The data screening exercise includes a synthesized
raw data file with N � 500 cases—also available for download in
the online supplementary materials—that has many issues about
missing data, coding mistakes, outliers, and distributional charac-
teristics. Readers are free to adapt these exercises for use in their
own statistics courses.

Summary of Recommendations

Spence, Stanley, and Newby-Clark (2018) noted that part of
educating graduate students in research-based programs is ensur-
ing that they are aware of change, in this case teaching and
encouraging them to adopt better analysis and research practices
that could help to guide psychology research out of its credibility
crisis. Core recommendations for instructors of GS1 courses aimed
at facilitating these goals are summarized next:

1. Most new graduate students in GS1 courses earned high
grades in prior UGS courses, but not all those students
have a good grasp of basic statistical concepts (e.g.,
standard deviations vs. standard errors). Assess students’
background knowledge and provide them with feedback
about concepts they need to review.

2. Expect that students hold multiple false beliefs about p
values (just like the rest of us). Help students to identify,
challenge, and remediate cognitive distortions that can

lead to false confidence about analysis results and impede
new learning.

3. Acquaint students with principles of open science that
foster transparency and accountability, such as preregis-
tration of analysis plans and principles of open data and
research materials access, that may help to prevent the
worst abuses of traditional significance testing, including
p-hacking. Also direct students to relevant reporting stan-
dards for their respective research areas.

4. Tell students about legitimate variations on traditional
significance testing that include the elimination of arbi-
trary criterion levels of statistical significance, such as
p � .05, especially if relative costs of Type I versus Type
II error can be estimated. Otherwise, encourage students
to stop dichotomizing continuous p values and also stop
using the hackneyed, meaningless term “significant,”
which is both a symptom and cause of cognitive distor-
tions among researchers.

5. Teach students how to both estimate and interpret effect
size and also quantify uncertainty about those estimates.
That is, emphasize interval estimation with effect sizes,
but also help students to avoid widespread cognitive
errors about confidence intervals, which generally paral-
lel interpretive errors in significance testing. Also inform
students about how to evaluate replicated results from the
perspective of interval estimation and meta-analysis.

These ideas about post p value education in graduate statistics
are represented next in the variation on the first verse of the song
Imagine by Lennon and Ono (1971) listed next:

Imagine there’s no significant

It’s easy if you try

No nonsignificant below us

Around us only effects of different precision

Imagine all the psychology researchers

Living for replication

Résumé

Le premier cours de statistique joue un rôle important dans bon
nombre de programmes de deuxième cycle, mais les enseignants
font face à certains défis. D’un côté, le programme standard de bon
nombre de cours de statistique du premier cycle accorde trop
d’importance au test d’hypothèse traditionnel, ce qui remplit le
cerveau des étudiants de mythes qui vont à l’encontre du perfec-
tionnement de la littératie statistique. De l’autre, la qualité des
cours de premier cycle varie grandement, si bien que les nouveaux
étudiants de deuxième cycle peuvent présenter des niveaux fort
variables de connaissances en statistique au début d’un cours de
deuxième cycle. Le présent article vise à fournir des conseils
constructifs aux enseignants des premiers cours de statistique de
deuxième cycle, notamment des suggestions sur la façon d’évaluer
les connaissances statistiques et prendre des mesures correctives
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précoces pour pallier les lacunes dans les connaissances de leurs
étudiants. Les sujets essentiels qu’il conviendrait de couvrir dans
un cours de statistique réformiste post valeur p sont aussi recom-
mandés. Le but est d’aider les enseignants à promouvoir une
compréhension plus moderne et véritablement digne du deuxième
cycle des statistiques parmi les étudiants.

Mots-clés : statistique de deuxième cycle, stratégies
d’enseignement, réforme des statistiques, nouvelles statistiques,
statistiques post valeur p.
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