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The new statistics, which include estimations of effect size and confidence intervals, are
currently being emphasized as a complement to null hypothesis statistical testing
(NHST). However, introducing the new statistics to accompany NHST in the classroom
has been a gradual process. This slow change may be the result of instructors not
knowing how to begin teaching the new statistics in the classroom or a fear that
changing their courses may be difficult. In this teacher-ready theory review, we begin
by providing a brief overview of NHST and the problems associated with it; we then
explain the new statistics and their advantages. We also offer two steps to help
introduce the new statistics in the classroom that make calculating, interpreting, and
discussing them easier for both instructors and students alike. We conclude with a
discussion of resources that can provide more education regarding the news statistics
and assist instructors with preparing their introductory statistics courses.
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In recent years, there has been a push for
psychological science to rely less on the use of
null-hypothesis statistical testing (NHST),
which includes inferential statistics such as tests
for analysis of variance (ANOVA) and t tests,
and more on what are called the new statistics
(Calin-Jageman, 2018; Cumming, 2014; Cum-
ming & Calin-Jageman, 2016). The new statis-
tics include, but are not limited to, measures of
effect size, confidence intervals, likelihood ra-
tios, and meta-analyses. The term the new sta-
tistics is a misnomer because these statistics
have been around for decades, as documented
by other scholars (e.g., Cohen, 1990; Goodman,
2008; Wilkinson & Task Force on Statistical
Inference, 1999)—in fact, measures such as ef-
fect sizes were referenced in statistical texts as

early as 1951 (Yates, 1951). But even though
these statistics are not new, researchers still
seem reluctant to use and report on these tech-
niques. There are many reasons for this unwill-
ingness. For example, with effect sizes, these
rationales include (a) arguing that the informa-
tion provided is redundant when reported with
other inferential statistics (e.g., p values), (b)
arguing that the reader should be able to calcu-
late effect sizes on their own based on the
statistics provided, and (c) arguing that journals
do not require reporting of effect sizes and so
they are unimportant (Washburn et al., 2018).
These rationales provided by actual researchers
are evidence that the new statistics are misun-
derstood in terms of what they add to research.

One indication of the renewed focus on the
use of the new statistics can be seen with the
recent ban of the use of NHST in the journal
Basic and Applied Social Psychology (Trafi-
mow & Marks, 2015), a ban that may portend a
larger shift in the field toward revised statistical
reporting standards. Indeed, it appears that psy-
chological science is moving toward statistics
beyond NHST in publications by encouraging
researchers to use the new statistics in their
reporting and providing free online tutorials
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(Association for Psychological Science, 2014b;
Cumming, 2014). Therefore, it is becoming im-
portant now more than ever that students learn
how to compute and interpret these statistics in
order to fully understand and evaluate scientific
psychological research.

Although this content change may seem
onerous to instructors currently teaching NHST,
our goal in the current review is to alleviate
those concerns by justifying the inclusion of the
new statistics and demonstrating how they can
easily be incorporated into introductory statis-
tics classes. To accomplish this, we will provide
(a) a description of the history of and problems
associated with NHST, (b) a primer on the new
statistics and their benefits, (c) practical steps
for how to introduce the new statistics in the
classroom, and (d) resources for education and
implementation.

History of and Problems With NHST

NHST entered mainstream use when Fisher
published Statistical Methods for Research
Workers (Fisher, 1925). The manual was met
with moderate excitement from researchers, as
ANOVAs in particular gave insight into testing
differences between groups (rather than their
similarities with correlations) and could calcu-
late estimated errors (Yates, 1951). In addition
to explaining new statistical techniques, Fish-
er’s manual stressed the importance of larger
sample sizes in experiments, randomization of
experimental and control groups, and replica-
tion.

However, since the introduction of NHST,
researchers have argued that it is illogical and
unintuitive (Cumming, 2014; Goodman, 2008;
Wasserstein & Lazar, 2016). Moreover, it is
believed that NHST fails to provide the answers
regarding the information researchers really
want to know, such as the probability that the
alternative hypothesis is correct (Cohen, 1994).
For example, a p value less than .05 tells us
“assuming H0 is true and the study is repeated
many times, less than 5% of these results will be
even more inconsistent with H0 than the ob-
served result” (Kline, 2004, p. 63). In other
words, there is a less than 1 in 20 chance of
finding a result more extreme than the one we
found assuming the null hypothesis is true. Con-
sequently, the p value tells us nothing about the
magnitude of the effect of the independent vari-

able or the likelihood that the alternative hy-
pothesis is correct as the p value always as-
sumes the null to be true (Cohen, 1994).

Other critics have argued that the problem
with NHST is not the tests themselves but the
inability of researchers to appropriately inter-
pret the outcomes (Hagen, 1997). According to
Fisher, an experiment that yields a small p value
simply indicates that an experiment is worth
replicating (Fisher, 1925). However, the mean-
ing of the p value has been misconstrued over
time. Indeed, the Task Force for Statistical In-
ference, a group created in 1999 by the Amer-
ican Psychological Association (APA) charged
with uncovering the controversial issues regard-
ing the application of statistics, had to stress to
researchers that hypothesis testing was not just
a dichotomy where they either accept or reject a
decision. Rather, researchers should instead use
their own judgment to (a) determine if the result
from a computer-generated data analysis makes
sense or not and (b) attempt to replicate their
findings should analyses yield a small p value
(Wilkinson & Task Force on Statistical Infer-
ence, 1999).

The misinterpreted dichotomous nature of the
p value is a problem that students seem to
struggle with even today. In a survey of 277
medical students in residency, only 58.8% were
able to correctly answer a multiple-choice ques-
tion that required the interpretation of the mean-
ing of a p value (Windish, Huot, & Green,
2007). Respondents who answered incorrectly
surmised that the p value indicated the proba-
bility that their results would be seen again if
the study were repeated, while some concluded
that the p value was the probability that the
alternative hypothesis is correct. One possible
reason for these misunderstandings may be that
students erroneously believe that a statistically
significant finding is clinically important
(Goodman, 2008), even though the p value in
and of itself tells researchers nothing about the
size or importance of an effect (Wasserstein &
Lazar, 2016). Of course, the confusion sur-
rounding the interpretation of p values is not
solely the fault of the students; rather, much of
the blame can be placed on the unintuitive na-
ture of the p value (Cumming, 2014; Greenland
et al., 2016). Again, students and researchers
seem to struggle with the notion that the p value
always assumes the null hypothesis to be true
and, therefore, cannot speak directly to the
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probability that the null hypothesis or alterna-
tive hypotheses are true (Greenland et al.,
2016). As a result, it would be beneficial to
students for their instructors to teach the more
intuitive new statistics.

The New Statistics and Their Benefits

The new statistics include a variety of tech-
niques such as estimates of effect size, confi-
dence intervals, and the use of meta-analyses
(Cumming, 2014). One issue that many of these
tests have in common is the lack of a dichoto-
mous decision, meaning there are not predeter-
mined cutoffs when evaluating the practical sig-
nificance of effect sizes or confidence
intervals.1 As a result, researchers have the abil-
ity to ask themselves not only “is this effect
significant,” as they traditionally would, but
also “how strong is the effect of my treatment/
independent variable?” In contrast to testing for
significance, the magnitude of the effect of the
treatment/independent variable is more likely to
provide practical information. In addition to
measures of estimation, likelihood ratios can
test competing alternative hypotheses and pro-
vide information about the probability that the
alternative hypothesis or null hypothesis is cor-
rect (Dixon, 2003). Given that likelihood ratios
are generally covered in more advanced statis-
tics classes, they are beyond the scope of the
current paper; however, Glover and Dixon
(2004) provide an excellent starting point for
those interested in learning more.

Effect sizes are a way to quantify the differ-
ences between two or more groups. In a clinical
sense, effect sizes will tell you how well a
treatment worked (rather than the dichotomous
“did the treatment work?”). Like z scores, mea-
sures of effect size allow researchers to deter-
mine proportions between groups. For example,
imagine a researcher conducts a study to com-
pare the performance in a statistics class among
students who took notes longhand (control
group) to students who took notes using a laptop
(experimental group). She finds the average of
both groups on an exam and calculates the ef-
fect size using Cohen’s d. If the researcher
found the effect size to be �0.73, she would
conclude that the average person in the laptop
group scored 0.73 standard deviations below
those in the longhand group. Consequently, as-
suming a standard deviation of 10, students in

the laptop group would score, on average, 7.3
points less on the exam than students who took
notes by longhand. This provides more infor-
mation with regard to what note-taking methods
professors should encourage, rather than simply
saying there is a significant difference between
note-taking methods. Examples such as this can
be used in the classroom to highlight the impor-
tance of effect size in a practical sense.

Unfortunately, estimates of effect size are not
perfect, as they are based on only one sample.
However, confidence intervals can be used to
assess variability and account for margins of
error. Additionally, based on the confidence in-
tervals obtained in one study, the need for rep-
lication can be determined—confidence inter-
vals with larger ranges indicate more of a need
for replication, smaller confidence intervals less
so. It is important to note that the 95% confi-
dence interval for effect sizes allows us to rea-
son that, assuming we replicate our study a
large number of times, the true population effect
size would appear in 95% of the calculated
confidence intervals (Greenland et al., 2016).
Imagine that the 95% confidence interval for the
effect size above (i.e., �0.73) is [�1.12,
�0.34]. That means that in 95 of 100 replica-
tions of this study, the true effect size for the
population is between �1.12 and �0.34. Per-
haps more important, we can conclude that the
effect is almost certainly negative (i.e., students
who take notes with laptops do worse than
students who take notes by hand) and that the
effect could be big or small. It is at this point
that professors could then stress the importance
of replicating research. These future replica-
tions will then provide additional effect sizes
and confidence intervals that will get us closer
to estimating the true population effect size.
Professors who already discuss replications can
emphasize that p values can vary widely across
replication studies even if all other variables and

1 Some researchers use the heuristic that if a confidence
interval includes a zero, there is no difference between
groups. However, this is a further example of an NHST-
derived interpretation. A zero in the interval simply implies
that there is not sufficient evidence to conclude a difference
between groups in that particular sample. While it is possi-
ble that there are no differences between the groups, it is
also possible that the confidence interval lacks precision
(i.e., is too wide) and a larger sample size is required to
increase power and, thus, the precision of the confidence
interval.
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the effect size are held constant, an issue not
shared with confidence intervals (Cumming,
2008; Lai, Fidler, & Cumming, 2012). The fo-
cus on replication, rather than a focus on a
single p value (a poor assessment of the strength
and practicality of effects on its own), will
provide students with the tools needed to be
successful in psychological research.

Steps for Introducing New Statistics

Step 1: Supplementing NHST Instruction
With New Statistics

One way to broach the topic of the new
statistics is to explain to students the issues
surrounding NHST and p values, including the
issues raised previously. This is important be-
cause students may question why some profes-
sors focus on NHST and others are trying to
redirect their attention to the new statistics.
Overall, the shift to prioritizing the new statis-
tics over NHST does not need to be an onerous
one. Professors can still teach many of the same
topics they have always taught (e.g., t tests,
correlations, ANOVAs). In addition, they could
continue to use the same textbooks they always
have or switch to easy-to-use texts that focus on
the new statistics for introductory students
(Cumming & Calin-Jageman, 2016). The big-
gest change will be the shift in focus from
NHST to measures of estimation.

Instructors can still introduce NHST, but in a
way that allows them to compare and contrast
NHST with other statistics like confidence in-
tervals in order to show the benefits of using the
new statistics over NHST. For example, Coul-
son, Healey, Fidler, and Cumming (2010) con-
ducted a study in which they had recently pub-
lished researchers from a variety of disciplines
interpret results from two similar studies pre-
sented in either NHST format or confidence
interval format to determine the effectiveness of
a treatment. They found that 44.1% of individ-
uals who read the results presented in confi-
dence interval format, which made no reference
to NHST at all (i.e., p values, significance, etc.),
discussed NHST during their interpretation of
the findings (e.g., participants mentioning that
the data were not significant if the confidence
interval contained a zero). These same individ-
uals were also more likely to incorrectly inter-
pret the results compared to the other research-

ers who discussed the results in terms of interval
extent and overlap. Therefore, the researchers
who avoided thinking in terms of NHST were
better at interpreting data than those who in-
voked such thinking. However, it is important
to note that merely reporting confidence inter-
vals when discussing results is not sufficient.
Instead, it would behoove researchers to learn
how to understand, interpret, and communicate
confidence interval data and effect sizes without
resorting back to terms found in NHST. For
many, that learning will likely develop as a
result of preparing to teach statistics in the un-
dergraduate classroom.

Emphasizing the new statistics in introduc-
tory courses also has the benefit of allowing
researchers and students alike to practice using
critical thinking skills to determine whether an
effect in their study is clinically or practically
important. Currently, many researchers use and
teach the Cohen benchmarks for effect sizes.
That is to say, a score of 0.20 in Cohen’s d is a
small effect, 0.50 is a medium effect, and 0.80
is a large effect. However, it is important for
researchers to use their own judgment when
making a conclusion rather than relying solely
on conventional benchmarks (Cumming, 2014;
Thompson, 2002), a sentiment shared by Cohen
(1988) himself. This will allow researchers and
students some autonomy and once again allow
them to think logically, rather than feeling the
need to accept the interpretation of their data
consistent with predetermined guidelines.

Step 2: Adopting New-Statistics-Friendly
Software

It is well known that many students have
anxiety and other negative feelings toward sta-
tistics courses (Garfield & Ahlgren, 1988; Wil-
son & Rosenthal, 1993). This anxiety can be
exacerbated when students discover that they
must learn how to use statistical software.
Hence, some researchers have argued that in-
structors should not teach using statistical soft-
ware in an introductory statistics class, as stu-
dents tend to feel ambivalent toward the
programs (Rosen, Feeney, & Petty, 1992). Oth-
ers argue that students have more positive feel-
ings toward statistics when they have a better
understanding of the use of statistics in the real
world (Pfannkuch & Wild, 2004; Yilmaz,
1996)—including, but not limited to, learning
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how to use statistical software like researchers
in the real world. In fact, more recent research
has shown that students whose statistics courses
include learning how to use statistical software
had better grades than students whose courses
used no such programs (Basturk, 2005). There-
fore, to alleviate student anxiety and improve
understanding, easy-to-use software that can
easily give students what they need should be
provided.

As the push for the new statistics increases,
demand for software that can easily compute es-
timates of effect size and confidence intervals will
also increase. One of the most dominant software
programs on college campuses, the Statistical
Package for the Social Sciences (SPSS), makes it
difficult to find estimates needed for the new sta-
tistics as many of these measures, including Co-
hen’s d, can only be calculated using syntax. Thus,
if we want the new statistics to flourish, we need
to introduce software that makes it easier for stu-
dents to calculate these estimates. One such pro-
gram is JASP, a free, open-source statistical soft-
ware program that can be downloaded from the
host website (JASP, 2018a). As an open-source
program, students can have access to JASP from
their personal computers without having to pay a
large fee or do their work on a campus computer.
One benefit of JASP is the fact that it can open
files from Excel and SPSS. In this way, students
can use the more intuitive Excel to create and label
their variables and then import the data into JASP.
The same can be done for students and professors
who already have knowledge and skills using
SPSS.

One of the most striking advantages of JASP
is its ability to easily perform measures of esti-
mation such as effect sizes and confidence in-
tervals. For example, when conducting an
ANOVA, users of JASP have the option of
selecting from a variety of measures of effect
size. This, in turn, allows researchers to have
more control over the measure of effect size
they believe works best for their research. In
addition to effect size, researchers and students
can add 95% confidence intervals to their tables
and graphs by simply checking a box. Not only
can they add confidence intervals for means, but
they can also easily add confidence intervals for
measures of effect size.

Another benefit of using JASP in class is the
use of note-taking on output. These notes may
include information such as how to write APA

style results for students and, critically, how to
present the new statistics. For example, after
calculating an ANOVA, teachers and students
can communicate their findings in APA style
above or below the output table. These tables
and notes can then easily be pasted into a word
processor document for report writing.

Preparing Your Courses for the New
Statistics

Online resources are available to help smooth
the transition to focusing on the new statistics.
These include six videos provided by the Asso-
ciation for Psychological Science that outline
these concepts (Association for Psychological
Science, 2014a). These videos can provide a
refresher for instructors who have not encoun-
tered the new statistics recently. The first two
videos focus on why using the new statistics is
important, including information that introduces
viewers to estimation and how the new statistics
can improve research integrity. The last four
videos provide information on how to properly
conduct and interpret the new statistics, includ-
ing effect sizes, confidence intervals, and meta-
analyses.

For professors who wish to use a textbook that
focuses on the new statistics, Cumming and Calin-
Jageman (2016) released an introductory statistics
book that highlights the importance of confidence
intervals and effects sizes as well as open science
and replicability. The textbook also covers NHST
and allows for a dialogue between instructors and
students to discuss the differences between the
two approaches. In addition, the textbook contains
in-chapter quizzes and exercises along with end-
of-chapter exercises that use real data for student
practice. The companion software, Exploratory
Software for Confidence Intervals, can be used to
assist students in visualizing estimation methods
as well as create graphs and analyze data centered
on confidence intervals.

For instructors who are unfamiliar with the
statistical software JASP, a multitude of instruc-
tional resources exist. For example, the JASP
website provides instructional videos on how to
run a variety of tests, including t tests,
ANOVAs, and Bayesian analyses (JASP,
2018b). Furthermore, JASP has a section of its
website devoted to providing teaching resources
to assist instructors with teaching their students
how to use JASP (JASP, 2018c). These re-
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sources include a data library and teaching ma-
terials such as PowerPoint slides for lectures
and example assignments.

Conclusions

NHST is a statistical method that researchers
and journals are beginning to deemphasize in
favor of the new statistics (Cumming, 2014;
Trafimow & Marks, 2015). Research has shown
that researchers who avoid thinking in terms of
NHST are better at interpreting data than those
who invoke such thinking (Coulson et al.,
2010). Therefore, it would be beneficial for
teachers to highlight the new statistics in the
classroom to best prepare students to under-
stand and interpret research in the field. More-
over, researchers will benefit from teaching the
new statistics as they too will need to know how
to analyze and interpret these statistics in order
to meet the evolving statistical reporting stan-
dards of many journals. These changes may
seem laborious; however, the changes to al-
ready established introductory statistics courses
do not have to be major. A straightforward way
to begin the process is to integrate the new
statistics concepts with traditional NHST con-
tent. For example, instructors can add informa-
tion on confidence intervals and effect sizes to
any of the inferential analyses they currently
teach. In other words, instructors do not need to
rework their entire class and can add the new
statistics to supplement their current courses.
This, in turn, will help students understand these
concepts more readily. By incorporating these
relatively straightforward additions to statistics
courses, instructors will be able to provide stu-
dents with the most up-to-date tools for under-
standing and conducting research as they con-
tinue their careers in psychology.
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