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Abstract

Undergraduate statistics in psychology is an important, often challenging, course for

students. The focus in psychology tends to be on hypothesis tests, such as t tests and

analysis of variance. While adequate for some questions, there are many other topics

we might include that could improve that data analytic abilities of students and

improve psychological science in the long run. Topics such as generalized linear

modeling, multilevel modeling, Bayesian statistics, model building and comparison,

and causal analysis, could be introduced in an undergraduate psychological statistics

course. For each topic, I discuss their importance and provide sources for instruc-

tor’s continuing education. These topics would give students greater flexibility in

analyzing data, allow them to conduct more meaningful analyses, allow them to

understand more modern data analytic approaches, and potentially help the field

of psychology in the long run, by being one part of the strategy to address the

reproducibility problem.
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Introduction

Statistics is one of the most important courses in psychology. Coupled with

research methods, it forms the backbone of understanding scientific research.
Therefore, how we teach statistics and the content we teach matters greatly.
Here, I discuss why we should emphasize the importance of statistics in our
major, some common topics covered in basic psychology statistics courses, and
how we might revise the content, such as teaching generalized linear modeling.
The purpose is ultimately not to argue that one specific set of content should be
taught, but that we should keep up to date with advancements in statistics and
have clear justification for including any content. Further, we should take an
approach that is efficient; we should focus on teaching the smallest number of

tools that can answer the greatest number of questions in the smallest amount of
time and create a foundation for future student success. This paper is intended
as an introduction to certain statistics topics for psychology statistics instructors
to consider (as opposed to students with limited statistical knowledge or analysts
who already use the approaches discussed) and provides additional resources for
more in-depth explanations of each technique (e.g., Finch et al., 2019;
McElreath, 2020; Pearl, 2009). Although this paper is not intended to teach
instructors each topic discussed below, it is a useful starting point to discuss
the benefits of teaching particular topics in a psychology statistics course and

provide useful tools and resources for each topic presented.

Why statistics?

Statistics are essential in psychological research. However, the importance of a
statistics course goes far beyond psychological science. The content and skills
developed in a psychological statistics course, or any statistics course, are per-
tinent to everyday life and are a core part of the knowledge every citizen needs to
function in today’s world (Garfield & Ben-Zvi, 2007; Moore, 1998). Indeed,
predictions from statistical models are everywhere, including the news, sports,
and the weather (see Silver, 2012 for a discussion of predictions for a general
audience). When you read a weather report, you are trying to understand the

predictions from a model. At time of writing, we are in the midst of the
COVID-19 pandemic. How we respond to this event is partly dependent on
the predictions of models. The ability to understand such models, apply their
predictions, and even be critical of them, comes from a foundation in statistics.
Beyond predictions, we encounter statistics in other daily contexts. For example,
if you get a medical test, such as for strep throat, and test positive, should you
believe that you have strep throat given that you tested positive? When a jury
hears testimony about evidence such as DNA, knowledge of statistics is essential
(Koehler & Macchi, 2004). Lastly, the skills developed in a statistics course

translate to marketable abilities that employers may find useful. If a statistics
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course emphasizes data analysis using computer software such as R, students
gain valuable experience with programs that are used in many professions
(R Core Team, 2020). Arguably, these features confer a particular importance
to a statistics course. As most psychology students (approximately 76%) will not
matriculate to graduate school, and statistics is not a requirement in high school,
the mandatory statistics course psychology students take may be their only
formal opportunity to learn this material (National Science Foundation,
National Center for Science and Engineering Statistics, 2017).

The traditional content

There is variability in the statistical topics covered at both the graduate and
undergraduate levels (Alder & Vollick, 2000; Friedrich et al., 2000). Content
that is most likely to be covered in a mandatory statistics course includes
descriptive statistics, variations of t tests (e.g., one sample t test, independent
samples t test, and dependent samples t test), correlation, simple linear regres-
sion, and analysis of variance (ANOVA). Content that is sometimes covered
includes factorial ANOVA, repeated measures ANOVA, multiple regression,
and non-parametric statistics. There has been major progress in statistics, par-
ticularly in the last several decades. However, in a recent survey of topics taught
in psychological statistics courses, Friedrich et al. (2018) found that aside from a
greater discussion of effect sizes, little had changed from two decades ago.
Similarly, in graduate psychology programs, despite major advancements in
statistics, statistical training at the PhD level has largely stagnated (Aiken et
al., 1990, 2008). This evidence indicates that while students are competent at
basic hypothesis tests such as ANOVA, they are deficient in newer, more useful
techniques.

Many, if not most, statistics textbooks in psychology and the social sciences
(e.g., Adams & Lawrence, 2019; Gravetter & Wallnau, 2013; Kranzler, 2018;
Warne, 2018; Welkowitz et al., 2012) and course syllabi (Project Syllabus –
Society for the Teaching of Psychology, 2021) are based around teaching a
catalog of statistical tests. That is, the common approach is “in X situation,
apply Y test.” One major problem with commonly taught statistical tests, such
as ANOVA, is that they are rigid (McElreath, 2020). ANOVA is applicable
when you have a very specific type of data with a very specific type of question.
In ANOVA, if some assumptions are violated, the test may no longer be valid.
While ANOVA is robust against some violations, like homogeneity of variance
to a degree, if multiple violations are present, a new variant of the test must be
used. This is not to say ANOVA is useless. In fact, it works remarkably well in
many cases. However, considering the varied research questions that we might
ask, it can only be applied to a very narrow range. If the outcome is a Likert
scale, or dichotomous, or many other exceptions, ANOVA cannot be applied
(Liddell & Kruschke, 2018). By teaching tools that are less flexible and can only
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be applied to a narrow class of data (e.g., metric data), we give students less
resources and may even be implicitly training students to only ask certain ques-
tions (e.g., the questions for which techniques like ANOVA can used).

Another issue in the traditional content is null hypothesis testing. Students
are taught to put their questions in the form of null and alternative hypotheses
and then apply the test. However, what is being tested is the null hypothesis and
this is never, or rarely, the goal of science, nor does it lead to intuitive ways of
thinking about data. Furthermore, p values are misinterpreted so frequently,
even by researchers, it is unclear if this material is being communicated effec-
tively (Goodman, 2008). For example, reviewing 30 introduction to psychology
textbooks, Cassidy et al. (2019) found that 89% incorrectly defined statistical
significance. Given that p values have been a fixture of psychological statistics
for over a century, this figure is alarming. Additionally, the focus nearly exclu-
sively on hypothesis testing obscures the fact that the majority of applied sta-
tistics is about prediction and modeling.

The field of statistics has grown by leaps and bounds since Karl Pearson and
Sir Ronald Fisher and some change is evident. For example, newer textbooks
dedicate more time to effect sizes and confidence intervals (e.g., Warne, 2018).
However, the majority of statistics books in psychology have arguably lagged
behind the progress that has been made in the field. For example, there is an
increasing reliance on bootstrapping methods in frequentist statistics, yet this is
rarely (if ever) discussed in texts (Cobb, 2015). This lag in textbooks mirrors the
data from Friedrich et al. (2018) in that instructors have changed the content of
these courses very little. While all undergraduate textbooks may not represent
the state of the art in that field, the lag in social science statistics texts
spans decades. For example, while many areas are moving to Bayesian statistics,
psychology texts rarely even mention Bayes theorem (Cobb, 2015; Page &
Satake, 2017).

The justifications for the current content are not self-evident; however, I offer
three potential justifications. One justification is historical. Some subjects in all
disciplines are taught not to reflect the current state of thinking, but as historical
interest. For example, many introductory psychology books discuss, at least to
some extent, Freudian dream analysis (e.g., Schacter et al., 2019), which does
not represent modern psychological science. However, introductory psychology
books also discuss cognitive neuroscience and evolution, which do represent
modern psychological science. Thus, students can get a sense of how the disci-
pline has changed. On the other hand, in psychology statistics courses, modern
data analytic approaches (e.g., bootstrapping, maximum likelihood estimation,
Markov Chain Monte Carlo [MCMC] techniques, Bayesian statistics, and
causal analysis techniques) are rarely mentioned. A second justification is that
teaching a catalog of tests is manageable for students who may be intimidated
by mathematics. There is a lack of data in this area, however, in a survey by
collegestats.org, statistics was one of the most hated college courses. Researchers
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have even developed attitudes towards statistics and statistics anxiety measures
(Cruise et al., 1985; Roberts & Reese, 1987; Yong & Rosli, 2020). In teaching

psychological statistics, it has been my experience that students often dread the
course, and students have reported that part of the reason they majored in
psychology (or another social science) was that they thought no math was

required. Again, there is a lack of data in this area. It is possible, and under-
standable, that the reason these courses have not been updated accordingly is

that there is fear that students will not be able to handle the more complex
analyses. Lastly, some instructors may genuinely feel that t tests and linear

regression are the best places to begin. These and other justifications may indi-
cate that the typical course content is adequate, and therefore does not need to

be substantially revised. However, while the typical course content may be rea-
sonable, it does not mean it is optimal.

The failure to use better data analytic approaches may mean not extracting
all the necessary information from the research design and even incorrect con-

clusions. Within both the statistics community as well as psychology specifically,
there have been calls to revise the content in statistics courses in major ways

(Breiman, 2001). For example, Cobb (2015) argued that the entire undergrad-
uate statistics curriculum needs to be redesigned from the ground up. Here,

I focus on the content of undergraduate psychological statistics specifically.

Alternative content

Alternative content might include topics such as generalized linear modeling,
multilevel modeling, Bayesian statistics, model building and comparison, and

causal analysis. For each of these topics, I introduce the concept, argue why we
might include it in our undergraduate statistics courses, and provide resources

for faculty’s continuing education on these topics.

Generalized linear modeling

Generalized linear modeling (GZLM) is an exceptionally flexibly tool that

allows one to model many different distributions of an outcome variable.
GZLM can model continuous, discrete, categorical, and ordinal data. Indeed,

the general linear model (GLM) is essentially a special case of the GZLM with a
normal distribution and identity link function (Hoffmann, 2004). GZLMs can

also be useful in situations where certain assumptions of GLM are violated (e.g.,
normal distribution of errors). Thus, a major advantage of GZLMs is the ability
to model many different kinds of data with a single approach without as many

assumptions (as compared to ANOVA, for example).
In legal/forensic psychology, an analyst might be interested in using factors

like race to predict verdict (guilty/not guilty). The analyst could use a GZLM

with a binomial distribution and logit link function (i.e., logistic regression). In
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developmental psychology an analyst might want to test if different personality
traits predict how many children someone has. Here a GZLM with a Poisson
distribution and log link function might be used (i.e., Poisson regression). A
clinical psychologist might be interested in examining the influence of different
mindfulness practices on anxiety, as measured by a 5-point Likert scale. Here a
GZLM with a cumulative distribution and probit link function can be used (i.e.,
ordinal regression). These examples illustrate that very different types of research
questions with completely different types of data can be answered using one general
approach. None of the traditional techniques taught in undergraduate psychology
statistics would be appropriate for any of these questions. Further, applying regres-
sion or ANOVA in analyzing a 5-point Likert scale would be inappropriate and
potentially lead to the wrong conclusions (Bürkner & Vuorre, 2019; Liddell &
Kruschke, 2018). Therefore, a major advantage of GZLM is the high degree of
flexibility in modeling many different kinds of outcome data and being able to
apply the correct model given the data.

While a full discussion and presentation of GZLM may be beyond the scope
of a basic undergraduate statistics course, students could receive an introduction
to GZLM as part of a required course(s). An introduction to GZLM can be
achieved by including some of the basic concepts. A useful place to start is
through an understanding of modeling language. In the case of a continuous
normally distributed variable (y or more often yi), we could write yi�N(mi, r

2),
which translates as follows: our outcome variable is distributed as a normal
distribution with mean mi and constant variance r2. This would be the
random component of the model. We then replace the parameter mi, with a
linear model, our systematic component (e.g., mi¼ b0þb1X). We then need a
function to link the linear model to the distribution, known as a link function. A
link function thus maps the linear space of a model onto the non-linear space of
some parameter (e.g., k in the case of a Poisson distribution). In the GLM, this
link function would be the identity link function, as no transform is required.
Using this standard modeling language, students can first be shown that the
GLM is essentially a special case of GZLM. Then students can be shown other
distributions and link functions to model many different types of data.

While GZLM can be complex, by anchoring it in the standard modeling
language and using concepts that students should already by familiar with,
they can begin to understand the flexible and powerful GZLM strategy. For
an excellent introduction to the concepts in GZLM, see Hoffmann (2004). Dunn
and Smyth(2018) use R to work through many examples and provide an excel-
lent introduction to working with many different types of distributions.

Multilevel modeling

Multilevel modeling (MLM) is another flexible and powerful approach to data
analysis. When the data are nested structures, such as students (level 1) in
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classrooms (level 2), MLM can be used to account for meaningful variation
(Finch et al., 2019; Gelman & Hill, 2007; Robson & Pevalin, 2016). MLM
can also model longitudinal data. For example, a researcher might have multiple
measures through time (level 1) of the same individuals (level 2). Whereas a
typical approach taught in psychology might be to use repeated measures
ANOVA, a MLM can be used instead, and can be used in many other cases
of nested data where repeated measures could not. For example, MLM can
account for many complex data structures including those that are cross-
classified and interactions at any level.

MLMs also have numerous other advantages that likely contribute to their
increased use over time. For example, MLMs have the advantage of more
appropriately modeling the uncertainty in the parameter estimates of the
model. The typical GLM makes some often unrealistic assumptions, which
results in an overestimate in the precision of the parameters (Gelman & Hill,
2007). Consider a case where there are multiple measures from the same indi-
viduals, such as reaction times across trials or days. If the reaction times for each
participant were averaged and a GLM used, it will have artificially low uncer-
tainty compared to a MLM that can account for the dependencies in the data.
By allowing the intercepts and slopes to vary, the MLM produces more realistic
estimates. The same consequence occurs in GLM when a scale is pre-averaged
and entered into a model; the GLM removes variation whereas MLM retains
the variation (McElreath, 2020). In addition to modeling the uncertainty at the
population level, MLMs also have the advantage of modeling group level
effects, as separate regression lines can be calculated for each participant.
This is very intuitive, as individuals might start out with different reaction
times (e.g., some start out faster) and the change over the trials or days is
also different for each individual. This variability is not captured in a typical
GLM. There are numerous other advantages of MLM, including that it can
avoid errors such as the ecological fallacy, when applicable. Given the likelihood
of students encountering nested data structures and the advantages of MLM,
students would benefit greatly from at least an introduction.

An introduction might include a demonstration of how we can modify the
linear model. A linear model with one predictor might be written as:
yi¼b0þ b1Xiþ e. It is clear that there is one intercept and slope for all
groups. To simplify, we can write the equation without any predictors, which
is called the null or intercept only model: yi¼b0þ ei. Although simplified, there
is still only one intercept. Again, this is an unrealistic assumption in many cases.
The equation can be rewritten, first, to allow for the intercepts to vary:
yij¼ b0þmjþ eij. The i and j subscripts refer to levels in the model: in this
case a 2-level model, where i refers to the level 1 units (e.g., students, time,
etc.) and j refers to the level 2 units (e.g., classroom, same individuals, etc.).
The mj term allows a different intercept for different groups/clusters. This small
yet profound change does not require any advanced mathematics. Thus, while
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MLM as a whole is a complex topic, the fundamentals should be grasped by
undergraduate psychology students. Accommodating varying slopes is also
simple. First, the varying intercept equation can be rewritten to include a pre-
dictor: yij¼ b0þmjþ b1X1ijþ eij. The new part of the equation b1X1ij is the pre-
dictor variable, but while the intercepts are free to vary, the slopes are still fixed.
The intercepts and the slopes can be varied in the following equation:
yij¼ b0þmjþ b1X1ijþm1j Xijþ eij. The b1X1ijþm1j Xij refers to the coefficient/
slope and allows them to vary. Again, no additional mathematical knowledge is
required to understand the fundamental logic of MLM.

MLM can also be modified to include any type of outcome. That is, we can
use generalized multilevel modeling to understand nested data structures with an
outcome that might be continuous, categorical, discrete, or ordinal. In contrast,
the GLM is limited to continuous fixed effects. It can therefore be shown that
the majority of models applied in psychology are in fact special cases of gener-
alized multilevel modeling. While students will not master such complex
approaches in a single course, being introduced to the concept and engaging
in some simple data analysis exercises is valuable. For example, students can see
the continuity in the different types of data analysis. Students can understand
that if they learn a generalized multilevel modeling approach, they can answer
many more types of questions. The ease of fitting these models is aided by
excellent R packages such as lme4 (Bates et al., 2015). In fact, all the hypothesis
testing that is taught in an undergraduate psychology statistics course (t tests,
correlation, regression, and ANOVA) can be accomplished with the generalized
multilevel model framework of lme4. For a brief conceptual text on multilevel
modeling see Robson and Pevalin (2016). Finch et al. (2019) present the basic
issues and work through many examples of multilevel models using R. Included
is a chapter on Bayesian multilevel modeling using the package MCMCglmm,
which will fit Bayesian generalized multilevel models (Hadfield, 2010). Gelman
and Hill (2007) is a more comprehensive source for MLM which uses R and
BUGS and includes a discussion of Bayesian inference.

Bayesian statistics

The most common approach in psychology is frequentist statistics, which often
focuses on generating a point estimate and comparing the estimate to a null
hypothesis, by way of a p value, that is, null hypothesis significance testing
(NHST). The majority of undergraduate psychology statistics texts (e.g.,
Adams & Lawrence, 2019; Gravetter & Wallnau, 2013; Kranzler, 2018;
Warne, 2018; Welkowitz et al., 2012) focus exclusively on NHST.
Nevertheless, calls for the abolishment or limited use of NHST have been
echoed for decades (see Cohen, 1994) with some journals banning or limiting
the use of p values (e.g., Basic and Applied Social Psychology). The reasons
include that NHST leads to false dichotomous thinking, misrepresentations of
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data, and bias in publication (Ioannidis, 2019; Kruschke & Liddell, 2018b).
Szucs and Ioannidis (2017) argued that NHST is a contributing factor to the
replication crisis in psychology and that given the major issues with NHST, it
should no longer be the default in psychological research. Further, they argue
that if NHST is used in research, it should have to be justified and use prereg-
istered hypotheses. Despite such strong arguments, students continue to learn
and equate statistics with NHST. It is worth reiterating, Szucs and Ioannidis
(2017) and many others are not arguing that we should discard NHST. Szucs
and Ioannidis (2017) demonstrate the ways in which NHST can be misused, the
limitations, and that NHST should not be the default. It can still be worthwhile
to teach NHST at both the graduate and undergraduate level.

While psychology currently uses predominantly frequentist approaches like
NHST, Bayesian approaches are used exclusively in some fields and are becom-
ing more popular in psychology (Page & Satake, 2017; Etz & Vandekerckhove,
2018). Bayesian statistics allows for the exploration of an entire distribution (i.e.,
the posterior) and there is no reliance on sampling distributions or p values to
interpret coefficients (e.g., a slope). Kruschke (2015) describes Bayesian analysis
as the reallocation of credibility/probability toward parameter values most con-
sistent with the data, and allocation of credibility/probability away from param-
eter values that are inconsistent with the data (see also Dienes, 2011; Kruschke
& Liddell, 2018a; Lindley, 1993). Interestingly, the frequentist focus tends to be
on a likelihood (p value), which is essentially a probability of the data given the
parameter, while in Bayesian statistics, the focus is on the probability of the
parameter given the data (the posterior distribution). It is worth noting that
the questions that scientific research often take, “what is the value of X, given
the data,” or “what is the probability this hypothesis is true, given the data” is
precisely what Bayesian inference provides (Kruschke & Liddell, 2018b).

A more fundamental difference between Bayesian and frequentist approaches
is their views of probability. The frequentist view of probability is objective,
fixed, and based on long run frequency. Definitions of probability in the
Bayesian approach include subjective and objective. However, one common
definition is that probability is uncertainty expressed from 0 to 1, where 0
indicates certainty that something will not happen and 1 indicates certainty
that it will happen (Lambert, 2018). Historically these views clashed and pow-
erful proponents of the frequentist approach (e.g., R.A. Fisher) succeeded, at
least for a time, in marginalizing the Bayesian views (McElreath, 2020).

There are many correct ways to analyze data. Indeed, in any given instance, a
Bayesian model may come to the same conclusion as a frequentist model.
However, in some cases the two approaches differ, and Bayesian analyses
tend to provide richer information. For example, in frequentist statistics, con-
fidence intervals can be used to understand the uncertainty in a parameter.
Bayesian statistics uses a similar concept, credible intervals, as well as high
density credible intervals. Both types of intervals can be used to understand
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the uncertainty in a parameter estimate such as an intercept, slope, mean, or
effect size. However, the frequentist confidence intervals contain no distribu-
tional information (Kruschke & Liddell, 2018b). So, values closer to the point
estimate are just as likely as those near the end of the interval. On the other
hand, Bayesian credible intervals do contain distributional information, which is
more informative. Furthermore, even in cases where the results are the same, a
Bayesian solution may be preferred, as the parameter estimates are more intu-
itive. P values on the other hand are notoriously misinterpreted (Goodman,
2008). There are many more advantages of Bayesian statistics. For example,
when pooling estimates from multiple imputation, the pooling in frequentist
models is not particularly straightforward, but is simple in Bayesian statistics.
Bayesian models are also generative. Wagenmakers et al. (2018) discuss a variety
of the advantages of Bayesian statistics and notes that there is little justification
in continuing to teach frequentist statistics in psychology as the default.
Wagenmakers et al. (2018) suggests that one reason why p values continue to
be more popular than Bayesian methods is that individuals will use what was
taught to them, which becomes a self-perpetuating cycle. Wagenmakers et al.
(2018) and others have argued that Bayesian statistics should be the default in
psychology, and I agree. However, it is unlikely at this time that psychology as a
field will make that large shift. If an instructor continues to teach frequentist
statistics, students might still be exposed to the major concepts in Bayesian
analysis and how they differ from frequentist approaches. This could be accom-
plished in one to two lectures.

If a required undergraduate statistics course in psychology used the frequent-
ist rather than Bayesian approach, it would be highly beneficial to, at minimum,
discuss the logic of, differences, advantages, and disadvantages of these two
approaches. To understand the basic concept in Bayesian analysis, one could
start with a historical overview of Bayes theorem. Satake and Murray (2014)
have developed interesting methods for teaching Bayes theorem using a legal
scenario. Next, the different approaches to calculating/estimating posterior dis-
tributions could be presented (e.g., grid estimation, quadratic estimation, and
MCMC). Lastly, Bayes Factors could also be introduced for hypothesis testing
and model comparison.

Bayes Factors are more informative than p values, and they indicate the
strength of the evidence, which when conducting a hypothesis test, is often
what the analysts wants to know (Page & Satake, 2017). P values do not have
such information and are often incorrectly interpreted in ways to suggest that
they do (Goodman, 2008). In analyzing 287,424 findings of 35,515 articles, and
calculating Bayes Factors, Aczel et al. (2017) find that a large portion of psy-
chological findings do not pass a level of BF¼ 3, typically indicating only anec-
dotal evidence. This is attributed to the use of p values and setting a weak
threshold for acceptance. Page and Satake (2017) argue that Minimum Bayes
Factors should be part of undergraduate introductory statistics courses.
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Thus, we should seriously consider at least some discussion and data analysis
examples with Bayes Factor.

By presenting at least these basic aspects of Bayesian analysis, students can
develop a richer understanding about statistics and critically think with data.
Anecdotally, in teaching p values, the concept only becomes intuitive after learn-
ing Bayesian statistics, as students learn the difference between a likelihood and
a posterior, and what a p value is not. By the same token, if the instructor used a
completely Bayesian approach, it could be argued that they should include a
section on frequentist statistics. By learning at least some of the basics of these
different approaches, we can get a richer understanding of how to get informa-
tion from data and be critical of our analyses. Moreover, there are some cases
where only a Bayesian or frequentist solution is even possible. Therefore, it is
not a matter of one versus the other, but when to use what approach. Lastly, by
at least introducing Bayesian statistics, there are additional opportunities to
interleave concepts.

Interleaving involves switching between topics and has shown to be an effec-
tive learning strategy (Rohrer, 2012; Rohrer & Taylor, 2007). For example,
students can first be taught about the concept of credible intervals which do
carry distributional information. Later, this might facilitate the learning of con-
fidence intervals, which do not carry distributional information.

There are now many excellent resources for learning Bayesian statistics.
Dienes (2011) provides a comparison of the two approaches and where they
may result in different conclusions. Kruschke and Liddell (2018b) present an
excellent overview of Bayesian data analysis for individuals starting out on the
topic, as does Etz and Vandekerckhove (2018). van de Schoot and Depaoli
(2014), as well as Depaoli and van de Schoot (2017) discuss what to report in
a Bayesian analysis. Etz et al. (2018) provide a list of recommended readings for
different topics in Bayesian data analysis.

More comprehensive sources and those that specifically discuss how to con-
duct Bayesian analyses can be found in several excellent textbooks. Lambert
(2018) explains even some very basic concepts and uses many conceptual exam-
ples and figures to make the concepts more easily understood. This is one of the
few textbooks on Bayesian statistics that might be used for an undergraduate
psychology statistics course. However, in terms of practical data analysis there is
not a significant source of material. Kruschke (2015) presents several excellent
chapters on key concepts in Bayesian data analysis, such as MCMC. Kruschke
(2015) uses JAGS and Stan, implemented in R. Gelman et al. (2014) is robust in
its presentation of most of the key aspects of Bayesian data analysis and how to
model many different types of data using GZLM and MLM, for example.
However, it does not show readers how to conduct practical data analysis
using particular software. McElreath (2020) is likely the single best source for
attaining a working knowledge of Bayesian data analysis. Containing a wealth
of information, the text discusses Bayesian analysis, how to compare models
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using information criterion, MLM, and graphical causal models. The examples
are clear and well explained both conceptually and through R examples.
Throughout the text there is R code with explanations on what each component
means. Instead of pages of formulas and equations, there is more focus on how
to process data in R and learn from it. McElreath (2020) uses the R package
Rethinking (McElreath, 2016) to conduct most analyses. Part of the Rethinking
package uses Stan to build models, however users do not need additional knowl-
edge of Stan to build their own models. For instructors who are interested in
learning what Bayesian analysis is and learning practical data analytic skills,
there is no better text currently available. Lastly, instructors may also be inter-
ested in the R package brms. While there are several R packages that make
conducting Bayesian data analysis easier, one of the most flexible and user
friendly is brms (Bürkner, 2017). Brms can model most distributions and can
model multilevel structures. Also built in are model comparisons and plots of
conditional distributions. Moreover, it uses similar syntax as lme4, and there-
fore, is an easier transition for those who might conduct frequentist multilevel
modeling. Given the user-friendly syntax, support for many models, and built-in
functions such as plots and model comparisons, instructors might use brms for
much of the course.

Model building and comparison

In undergraduate psychology statistics books (e.g., Adams & Lawrence, 2019;
Kranzler, 2018) and even many psychology graduate statistics texts (e.g., Myers
et al., 2010) the focus is almost exclusively on hypothesis testing. In syllabi
provided online by the Society for the Teaching of Psychology, hypothesis test-
ing is either explicitly mentioned on the course schedule or implied as the main
type of analyses to be covered in every undergraduate syllabus. If the goal is to
test a specific hypothesis, such as, “does this treatment reduce the symptoms of
the disorder?”, then a hypothesis test is applicable. However, most applied sta-
tistics are not about testing a hypothesis, but rather estimating or building a
model. For example, we might be interested in, “how much does this treatment
reduce the symptoms of the disorder?”. An analyst might also want to explore
several variables in order to build the best predictive model. For example, “How
do we best predict recidivism?”. These goals/questions cannot be accomplished
in hypothesis testing. It is therefore unfortunate that hypothesis testing is often
the sole focus. As hypothesis testing is always frequentist, the approach we teach
is even more narrow. When regression is taught, there may be some basic aspects
of model building that are covered; however, most texts focus on using prob-
lematic model indices like R2 and problematic approaches such as stepwise
regression, which often result in overfitting.

Students would benefit greatly if they were taught explicitly about different
parameter estimation techniques, how to build strong models, and how to
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compare models. In frequentist statistics, parameter estimation is often achieved
via maximum likelihood estimation (MLE). Instead of interpreting if a param-
eter value is “significantly” different than zero, the analyst can simply estimate
different parameters and use confidence intervals to understand the plausible
range of values. MLE involves finding parameter values that maximize the
likelihood of obtaining the data (Hoffmann, 2004). In Bayesian statistics, pos-
terior distributions of parameters are typically estimated through an MCMC
algorithm, and highest density intervals calculated on parameters. The
parameters in Bayesian statistics represent the probability of the parameter
given the data.

While there are many important aspects of model building, including predic-
tive checking, an important aspect that I focus on here is model comparison.
Model comparison involves fitting different models, for example, one with
interactions compared to one without. The relative performance of the models
can then be examined, and the analyst can better understand why some models
perform better. Several different model comparison techniques also penalize
(in some way) the inclusion of additional parameters. For example, in regres-
sion, the amount of variance in the outcome attributable to the predictors will
almost certainly increase with the inclusion of additional parameters. As a con-
sequence, the model becomes too tailored for that particular dataset. Needlessly
including variables or adding irrelevant complexities makes the model fit the
noise and not the signal. It is no surprise then when these models fail to replicate
on another sample with its own quirks. Model comparison allows the analyst to
critically think about advantages of some models and have more justification for
increasing model complexity.

Model comparison is closely linked with one of the most important, but
rarely mentioned concepts, in undergraduate psychology statistics: overfitting/
underfitting. When a model is too tailored to the sample and thus learns too
much from the data, the model can be overfit. On the other hand, when the
model has not learned enough from the data, such as when there is an interac-
tion and it is not in the model, the model is underfit. The desire, typically, is to
have a model that is neither over nor underfit. In teaching this concept to
undergraduate students, a dress analogy may be useful. A wedding dress,
which fits very well on the wedding day but poorly other times, is a useful
metaphor for overfitting (i.e., the model fits wells but only for that specific
data). A baggy dress is tailored for no one and is a metaphor for underfitting
(i.e., the model needs to be more tailored to the data). The “little black dress”
fits well, but is not so tailored or specific to an occasion that it cannot be worn
again, is used to illustrate the goal in model comparison.

While there are a variety of measures for model comparison that allow the
analyst to measure overfitting, some of the most effective are information cri-
teria. There are several key concepts, such as divergence, that are necessary
to understand what information criteria are. Kullback-Leibler divergence
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(KL divergence, or simply, divergence) is a way to quantify the additional uncer-
tainty from using probabilities of one distribution to describe another
(McElreath, 2020). The equation for divergence states that the divergence is
the average difference in log probability between the two models: the target
and the proposed model. Of course, divergence assumes the target distribution
is already known. Thus, deviance is estimated instead. Deviance is the log pre-
dictive density of the data, given a point estimate from that particular model,
multiplied by -2 (so now smaller values are better). Specifically, in-sample devi-
ance provides an estimate of how well the model does at predicting the given
data. Out-of-sample deviance provides an estimate of the “future” predictive
accuracy of the model (i.e., the expected out of sample predictions). Deviance
can be used to estimate the relative predictive abilities of candidate models.
While it cannot tell us that some model is the “true” model, it can tell us
which model is relatively better at predicting, given the number of parameters.
Therefore, information criteria are ways to measure overfitting.

There are a variety of information criteria available on most statistical soft-
ware including the Akaike information criterion (AIC) and Bayesian informa-
tion criterion (BIC). The AIC was the first information criteria developed and
can be used for a variety of models such as regression and times series analysis
(Akaike, 1973, 1974, 1981, 1987). There are now several information criteria
available, each with their own assumptions and applications. The widely appli-
cable information criterion, or Watanabe–Akaike information criterion
(WAIC), is the most generalizable approach. WAIC is calculated by taking
averages of log-likelihood over the posterior distribution and provides an esti-
mate of the out-of-sample deviance. However, information criteria are only one
strategy for assessing overfitting and model predictions. Another strategy is
cross-validation, including the approximate leave-one-out cross-validation
approach, for models fit using MCMC (LOO; Vehtari et al., 2017).

The mathematical knowledge required to fully understand information crite-
ria or cross-validation approaches is beyond the scope of an undergraduate
psychology statistics course. Just as with any undergraduate course, students
at this level do not have to fully understand all the mathematics to be able to
understand why these approaches are useful. Students can be taught the impor-
tance of assessing overfitting/underfitting and how to interpret metrics like AIC
or WAIC. For understanding the basic concepts in using information criteria or
cross validation see McElreath (2020) and Konishi and Kitagawa (2007).

It is important to understand that information criteria and cross-validation
are used to measure overfitting, but they do not address overfitting. To address
overfitting, in Bayesian statistics, regularizing priors can be used as a natural
aspect of model building. In frequentists statistics, regularizing regression tech-
niques can be used, such as ridge regression, lasso regression, or elastic net.
Using regularizing regression techniques are simple and accomplished, for
example, in R via functions such as lm.ridge in the MASS package
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(Venables & Ripley, 2002). Regularizing priors or techniques such as ridge
regression could easily be incorporated into a course that discusses overfitting
and students would benefit from at least a simple data exercise using one of
these approaches.

Causal analysis

Causality is one of the most important topics in data analysis. The issues in most
texts and courses is that 1) there is often relatively little on the subject and 2)
only one particular and problematic view of causality is all that is presented.
Several statistics texts for psychology provide examples.

In Gravetter and Wallnau (2013), there is less than one page dedicated to
causation, with the discussion centered on the adage that correlation is not
causation. Warne (2018) has a brief, but more detailed discussion of causation,
with some examples of third-variable problems. However, Warne (2018) focuses
on the point that correlation is not causation. Lastly, Welkowitz and colleagues
(2012) have a more detailed discussion of causality for a psychology statistics
text, but there too, the focus is on correlation and causation. To the credit of
Welkowitz et al. (2012), there is some discussion of the nuance of the statement,
“correlation does not imply causation”, and in a footnote, they comment that
methods such as structural equation modeling can allow us to understand causal
relations without random assignment. Nonetheless, these and other undergrad-
uate texts give students very little information about our modern understanding
of causality. These “traditional” views can likely be traced to three giants in the
field of statistics: Sir Francis Galton, Karl Pearson, and Sir Ronald Fisher, with
Pearson potentially having the greatest impact.

Karl Pearson, who was a disciple of Galton, believed that causation was
essentially a special case of correlation (Pearson, 1892), meaning, correlation
was the larger category. Pearson believed that data were all there is to science,
and that everything can be reduced to a contingency table. A quote from Karl
Pearson’s Grammar of Science (1892) clearly indicates what he thought of cau-
sation: “Beyond such discarded fundamentals as ‘matter’ and ‘force’ lies still
another fetish amidst the inscrutable arcana of even modern science, namely, the
category of cause and effect.” (p. iv).

In the early 1900s, Pearson’s laboratory, Biometrics lab, was the center of the
world for statistics (Pearl & Mackenzie, 2018; Porter, 2004). Pearson, along with
Galton and Fisher, have had a major impact on statistics not only in the form of
equations and tests, but philosophy. Their views of causation dominated the
first half of the 20th century. Not surprisingly, when advancements were made
in causal modeling, such as Sewall Wright’s path analysis, they had little impact
on most fields. Despite the advantages of path analysis, it was not used heavily,
and some dismissed path analysis out of hand. Henry Niles (1922), who was a
student of a student of Karl Pearson, famously published a brutal rebuttal of
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path analysis and criticized Wright’s understanding of causation, while incor-

rectly interpreting Wright’s results. Somewhat parallel to the adoption of NHST

in statistics rather than Bayesian statistics, a relatively small but influential

number of people had a major impact on the field. That most statistics texts

in psychology have very little to say on causation and always in reference to the

correlation, suggests that, as a field, the psychological view of causation is not

dissimilar to what Karl Pearson espoused over 100 years ago. Causation is more

discussed in methodology texts and courses (e.g., Cozby & Bates, 2018).

However, the focus still tends to be on correlation is not causation, or experi-

mental results vs. non-experimental, and there is rarely if ever mathematical

justification for the arguments presented. The heart of the problem is that sig-

nificant progress has been made in our understanding and investigation of cau-

sation and psychological statistics courses have not been updated.
In the area of causation, major contributors include Donald Campbell, Clive

Granger, Donald Rubin, and Dawid Philip. Judea Pearl and his colleagues have

had some of the biggest impact on the modern causal revolution, tracing back to

the 1980s. Pearl and his colleagues have introduced a range of important con-

cepts and algorithms to understand causation (Pearl, 2009). While some of these

concepts would be beyond the scope of a psychology statistics course, some are

indeed well suited and are critical for modern scientific research.
One concept that is likely to be beneficial to undergraduate psychology stu-

dents is what Pearl (2009) calls the ladder of causation. Pearl (2009) distin-

guishes three levels of causation. Association, the lowest rung, is akin to

observing. Intervention is the second rung on the ladder, akin to doing or inter-

vening. Counterfactuals are the highest rung and involve imagining and retro-

spection. Counterfactuals allow us to understand “was it X that caused Y?”

Studies and results from these different levels tell us fundamentally different

information. Pearl (2009) shows mathematically, using do calculus/do operator,

how each of these rungs or levels are different. While students may not under-

stand all the mathematics, they can benefit greatly from understanding the types

of questions posed at each level and therefore improve their critical and quan-

titative thinking skills which are not only important for conducting and digest-

ing research, but in daily life as well.
As an example of the types of questions posed by each level, consider the

COVID-19 pandemic. “Does difficulty breathing tell us about having COVID-

19?”, is a question of association. “If those with COVID-19 are administered

hydroxychloroquine, will the symptoms be reduced?” is a question of interven-

tion. “What if mask mandates had been instituted earlier in the pandemic, how

many lives would have been saved?” is a counterfactual. Understanding this

causal hierarchy does not require advanced mathematic abilities, the nuance

far exceeds that of “correlation is not causation,” and it is justified

mathematically.
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A second aspect of causal analysis that students could benefit greatly from is
graphical causal models, such as Directed Acyclic Graphs (DAGs). DAGs
involve vertices/nodes/variables that are connected together with edges/lines.
Edges can be absent, indicating no causal relation, or single headed, indicating
an asymmetrical relation such as A causes B. Edges can also double headed in
graphs, as shorthand indicating that the vertices are not connected such that one
causes the other, but that they share some common unknown cause. In Figure 1,
there are three vertices with two edges, indicating that A causes B and subse-
quently B causes C. Sewall Wright’s path analysis brought together directed
graphs and data. Given a causal graph, certain relations must hold true. If no
relationship implied by the causal graph is found, then we have evidence against
a causal model. Readers will no doubt recognize the similarity to mediation
analyses and structural equation modeling. While causal graphs are an inherent
part of many statistical approaches, such as structural equation modeling, they
are also inherently intuitive. The intuitive nature of causal graphs is arguably a
major advantage. Thus, with a few easily understood principles, students can
learn to think and communicate causally.

Arguably there is a great thirst for cause in psychology. The Baron and
Kenny (1986) paper on mediation is one of the most cited papers in psycholog-
ical science (cited over 97,000 times overall and over 17,000 in psychology). By
introducing students to graphical causal models, not only are they prepared for
understanding mediation and more modern techniques like latent variable
modeling, but they are also prepared for understanding more complex aspects
of modern causal analysis.

More importantly, using graphical causal models like DAGs, coupled with
causal algorithms like d-separation, allow an analyst to get a causal estimate of
an effect from observational data (Pearl, 2009). d-separation is a criterion for
deciding, given a causal graph, whether some set of variables (X) are indepen-
dent of another set (Y), given a third set (Z). Meaning, given the DAG is true,
you can mathematically determine which variables you need to include or not

Figure 1. A basic directed acyclic graph.
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include to get a causal estimate. Many undergraduate psychology statistics texts

mistakenly write or imply that only experimental methodology can yield a

causal estimate. As most scientific questions cannot be answered using experi-

mental methodology, the ability to get a causal estimate from observational data

is a major achievement and this should be a core part of the statistics education

of psychologists.
Using graphical causal models like DAGs, students could also learn the four

elemental confounds. In some statistics texts (e.g., Warne, 2018) as well as many

research methods texts (e.g., Cozby & Bates, 2018), there is a discussion of what

is posed as the “third-variable problem”. For example, in Cozby and Bates

(2018), the authors discuss how an association between exercise and anxiety

could be caused by exercise causing anxiety, anxiety causing exercise, or a

third-variable, such as income, causing both exercise and anxiety. When such

an uncontrolled variable is operating, we might term it a confounder or con-

founding variable (more technically, confounding is anything that makes P

(Yjdo(X)) differ from P(YjX); Pearl, 2009). Third variables are important con-

siderations and allow us to think more critically about the cause-and-effect

relationships in our model. However, the issue with traditional statistics texts

is that this is the only type of confounder mentioned, when in fact, there are

three more elemental confounds.
The familiar third-variable problem in most statistics texts of a common

cause of two other variables is often referred to as a fork. In the language of

DAGs, the relationship can be shown as X Z!Y. In a fork, if we condition

on Z, then learning X tells us nothing about Y; that is, X and Y are independent,

conditional on Z. A second type is called a chain/pipe, expressed as X!Z!Y,

meaning X causes Z, and Z causes Y. If we condition on Z in a chain, the path

from X to Y is blocked. However, if the intent is to learn about the relationship

between X and Y, conditioning on Z stops the flow of information from X to Z.

For example, in a regression model, if there is a chain, and X and Z are pre-

dictors, the path from X to Y will be blocked, and it will appear that there is no

relationship between X and Y. A third type is the collider, expressed as X!Z

 Y. Here, there is no association between X and Y, unless you condition on Z.

Conditioning on Z, the collider variable, opens the path. Once the path is open,

information flows between X and Y. This can be highly problematic. For exam-

ple, if a model is analyzed in a regression with X and Z as predictors and Y as

the outcome, but Z is a collider, it can appear that there is a relationship

between X and Y when no direct or indirect relationship exists (they are inde-

pendent). Lastly, there is the descendant. Let’s assume the following causal

model, X!Z!Y, Z!K. In the causal model, K can be said to be a descen-

dant of Z. Controlling for K, will also to a lesser extent control for Z, which will

partially block the path from X to Y. So, for example, conditioning on a descen-

dent of a collider, will weakly condition on the collider.
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Not understanding the four elemental confounds and their consequences has
major ramifications. For example, research in epidemiology on the effects of
smoking suggested that smoking might be beneficial to the infants of mothers
who smoked, but only those born underweight (Pearl & Mackenzie, 2018;
Yerushalmy, 1971). The reason for this paradoxical finding was not well under-
stood for many years. Arguably, VanderWeele (2014) and others have now
resolved this paradox by understanding that birthweight is a collider. By con-
ditioning on birthweight, the effect of smoking on infant mortality is biased so
much that it can appear that smoking is beneficial (see also Pearl & Mackenzie,
2018). Examples such as this should make it clear that without causal analysis,
progress is substantially hindered. Knowing the difference between a collider
and a fork, for example, is fundamental to conducting meaningful data analyses,
yet this topic is rarely discussed in any psychology research methods or statistics
classes or texts. Applying Bayesian statistics, MLM, or other approaches like
machine learning, will not solve issues in causality. A major advantage of DAGs
is that they make doing causal analysis intuitive and easy to communicate.
Additionally, there are excellent R packages, such as dagitty, for making
DAGs and using DAGs to engage in causal analysis with techniques like
d-separation (Textor et al., 2016).

Many excellent texts exist on causality. Pearl and Mackenzie (2018) discuss
the history of causation in science and what led to the modern causal revolution.
They also discuss and have many examples of key concepts in causal analysis,
such as the d-separation and the back-door criterion. Written for a general
audience, it is an excellent introduction to modern causal analysis. McElreath
(2020) discusses how to use DAGs and has several excellent real data exercises.
Shipley (2016) has several introductory chapters that discuss basic aspects of
causal analysis, but the focus is on using R for path analysis, structural equa-
tions, and causal inference. Shipley (2016) also discusses how to use R to build
DAGs and test for probabilistic independence via d-separation. For a more
detailed discussion of these issues with mathematical formulations see Pearl
(2009). Lastly, for an overview of some these issues in article format, see
Rohrer (2018).

Impediments and objections

Modifying our content in major ways is not without obstacles and one could
raise many reasonable objections. First, statistics instructors may not be con-
vinced that revision is necessary. Whether it is the limitations of GLM, the
narrow scope of hypotheses tests, or problems in interpreting p values, I have
outlined some issues with the current content. Space limitations prevents more
in-depth discussion of these issues, but readers should refer to the citations for
more developed critiques within each topic. While some may not be convinced
that any one area of the alternative content deserves inclusion, I would
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encourage those instructors at a minimum, to clearly justify why the current
content is adequate.

Second, limited time in a course may preclude some topics or may require
some content to not be taught. If a department only offered one statistics course
and this was mandatory, it is likely that some topics such as t tests, one-way
ANOVA, factorial ANOVA, and repeated measures ANOVA could be
removed. Given the greater flexibility and usefulness of generalized multilevel
modeling, this is arguably a valuable tradeoff. To assist in planning of such a
course, in the supplementary material there is an example course schedule. If a
department offered multiple undergraduate statistics courses and all were man-
datory, the traditional content would not necessarily have to be reduced. The
second course could focus on fitting Bayesian generalized multilevel models, for
example. Indeed, given the usefulness of statistics in science and in daily life,
having two mandatory statistics courses would be highly beneficial.

Third, some instructors may feel that the suggested alternative content is too
complex for undergraduate statistics or that it is beyond the capability of the
students. It is true that some topics, such as GLZM, are necessarily more com-
plex than GLM. However, the added complexity is arguably justified, given the
benefits of GLZM. Statistics instructors might point out that students already
struggle with topics like regression (i.e., GLM). However, rather than teach to
the average student’s ability, one could argue that we should teach the material
that students need to know. This could mean a minor reduction in psychology
majors, that students have to take the course multiple times, or that a university
may have to increase the number of basic math courses required so students
start with a stronger mathematical background. However, once again, this is
arguably preferable than teaching older, albeit less complex, material.

On the other hand, most of the alternative content that has been suggested is
not more complex. It is not clear that Bayesian statistics are inherently more
complex than frequentist statistics, or that model building is inherently more
complex than hypothesis testing. Any topic, for example ANOVA, requires
much time and dedication to understand. Undergraduate students are not
expected to master ANOVA, and simple rather than complex ANOVA exam-
ples are often used (e.g., 2 x 2 between-subjects ANOVA). Similarly, in teaching
alternative content, mastery of multilevel modeling is not expected. What is
expected is an introduction to the material and teaching students how to fit
simple multilevel models, for example. For those students who progress to grad-
uate school or who gain employment in data science related fields, they will have
the fundamentals to then further their education.

Fourth, there is a lack of textbooks that discuss all of the suggested alterna-
tive content and that is directed towards undergraduate psychology students.
This may be the biggest impediment currently, and a very reasonable objection.
If only one mandatory statistics course was offered by the department, there is
currently no one text that could be used. However, it is possible to supplement
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the required textbook with readings, including chapters from other books, such

as those suggested here. Further, if a two-sequence statistics course was man-

datory, McElreath (2020) could be used, as the text uses Bayesian analysis and

shows how to compare models using information criterion, uses multilevel

modeling, and DAGs. Further, the text uses the R package Rethinking, which

was designed as a teaching tool. Lastly, if more instructors teach the suggested

alternative content, publishers may be motivated to develop more comprehen-

sive textbooks.
Fifth, the suggestions herein for data analysis have involved the statistical

software R, rather than the more commonly used SPSS in psychology. Learning

the alternative content while also learning less user-friendly software like R may

seem like a monumental challenge to instructors. Furthermore, for those

instructors who only know SPSS, there would be a substantial time investment

in reworking data examples and assignments to R. While companies like

DataCamp are an invaluable resource for instructors learning R and learning

some analyses, there is no easy solution. Again, the added effort arguably pays

dividends. Using statistical software like R, in particular packages such as

Rethinking, allow the analyst (whether an undergraduate or instructor) to

better understand the model, as more components and options have to be set

explicitly (see McElreath, 2020). SPSS is advantageous in that it makes running

analyses simple. The downside is that the model assumptions and predictions

may be harder to understand. This is an empirical question, and to the author’s

knowledge, no data exists on this topic. An advantage of R is that it is free, while

SPSS is a costly program. Lastly, if students do need to analyze data in their

daily life or future career, they can do so in R. But it is unlikely that their

employer would have SPSS. Further, job positions that involve data analysis

specifically mention programs like R and Python more than programs like

SPSS. There is other free software such as JASP and jamovi and both have

point and click interfaces. JASP in particular is intuitive to use, produces APA

style tables, and offers some Bayesian and frequentist options. Students are

likely to find JASP easier to use than R, and thus from a teaching standpoint

there are some major advantages. Given the cost, JASP and jamovi are likely

superior alternatives to SPSS. R, however, is the recommended software. R is a

more powerful and flexible software. There are packages in R for causal anal-

ysis, for example, whereas there are none for SPSS, JASP, or jamovi. Teaching

R gives students skills for the job market. Lastly, the analyst has to specify more

in R, and since many packages require writing the actual formula for the model,

it can be used to reinforce the learning of basic information like writing regres-

sion equations. In particular packages such as Rethinking, force the analyst to

explicitly identify all priors and parameters. Thus, the analyst must have a

strong understanding of the model that is being built. In other software it is

possible to easily build a model but not understand it.
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Addressing reproducibility

While there are many justifications for modifying the content in our statistic
courses, a particularly serious justification concerns the field itself. The under-
graduate students we teach today will be the data analysts and professors of
tomorrow. If the same material is taught, the same issues will keep developing.
One such issue that has raised concern is reproducibility.

Most scientists recognize that there is a reproducibility problem, and
there are many contributing factors such as selective reporting and pressure to
publish (Baker, 2016). It may be a particular problem in some fields, such as
psychology and medicine. No easy solution exists, and there are multiple
fronts on which this needs to be addressed, including at the department
level with tenure and on the publisher side. Part of the solution is changing
our data analysis practices. There are many ways that we can do this, but it must
start early. Therefore, the mandatory undergraduate statistics course(s) in
psychology is potentially a cornerstone for improving our data analysis practices
in the long term and potentially addressing the reproducibility issue within
psychology.

To be sure, the main purpose of introducing the suggested content is not to
address the reproducibility problem. Bayesian statistics will not eliminate false
positives in the literature. If data collection and analysis is not conducted cau-
tiously and thoughtfully, results can still be meaningless, using Bayesian models
or otherwise. However, in addressing the reproducibility problem, updating our
approaches and having sufficient justification for our content is reasonable and
offers some advantages. Consider the advantages of understanding causality.
Suppose a clinical researcher conducts a study in a mental health facility, inves-
tigating the relationship between two variables, X and Y, which might be dis-
orders or symptoms. A relationship is found, and the study is published.
However, upon replication in the general population, no relationship
is found between the symptoms. What could be happening in this case is
by sampling in a mental health facility, it could have the effect of conditioning
on a collider. When the collider is conditioned upon, it introduces a spurious
relationship. For example, this can happen when a study is sampled from a
hospital and two diseases that are independent are believed to be associated;
however, the association is spurious. Both diseases independently cause hospi-
talization. A researcher can condition on a collider through their sampling
strategy. By using DAGs and thinking causally, we might reduce these types
of issues.

Empirical examples also make this clear. One issue that has received worth-
while attention is police shootings of Black Americans. A substantial literature
on this topic has been developed across the social sciences. Some studies find
seemingly paradoxical findings (partly due to differences in benchmarking) and
without a strong mathematically justified argument, it is difficult to sort out this
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literature (see for example, Cesario et al., 2019; Fryer, 2019; Scott et al., 2017).

Doing just that, Ross et al. (2018) and Ross et al. (2021) use causal analysis with

mathematically defensible benchmarking and Bayesian modeling to show that

there is evidence of an anti-Black bias in police shootings. Understanding

whether there is evidence of a bias in police shootings is not a trivial issue.

Techniques such as those used in Ross et al. (2021) can help move the literature

forward and students can start learning this material in their undergraduate

statistics course(s).
Model comparison and information criteria might also help. Overfitting is a

serious issue in building models. If a model is overfit, new data are not likely to

generate similar results. In some statistics courses, measures such as R2 are

taught as indicators of model performance. However, these will result in over-

fitting, as it is only based on the sample data. By teaching students early on the

importance of overfitting and how to use information criteria to compare

models, the models that are published are likely to be less overfit and might

have a higher probability of replicating.
An advantage of Bayesian statistics is that there is no dichotomous decision

making, as in p values, thus p hacking would be avoided. While a researcher

could change the priors to such a degree to make an effect appear reliable, priors

are set explicitly and should be justified. Thus, this would be more transparent

and likely easier to detect than in p hacking. Additionally, as the uncertainty in

the parameter estimates are very clear and easier to interpret in Bayesian sta-

tistics, this might help researchers not develop overconfidence in the effects. This

would also be an advantage of multilevel modeling. If there are multilevel

structures and they are not accounted for, the model has artificially lower uncer-

tainty. By using multilevel modeling, more realistic parameters estimates can be

generated. Lastly, using an appropriate model given the type of data is an issue

and using GZLM might help address that. For example, in psychology Likert

data is often analyzed using metric models such as ANOVA and regression and

doing so can lead to both type I and type II errors (Liddell & Kruschke, 2018).

By teaching GZLM students can learn early on to apply more appropriate

models given the type of data.
If these types of strategies can address the reproducibility problem to any

degree is an empirical question. However, given the advantages of generalized

multilevel modeling, Bayesian statistics, model building and comparison, and

causal analysis, it is worth exploring. There are many other aspects of teachings

statistics that could also be improved. For example, statistics texts rarely men-

tion data organization and curation practices such as how to keep version con-

trol of the data, how to document how the data were analyzed, and how to

communicate that (e.g., using R Markdown files). Improving these data prac-

tices in the scientific community and teaching these skills to students early on

might also help to address the reproducibility problem.
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Conclusions

Methodology and data analysis are central to understanding research, and thus

is part of the core of psychological science. They are also central to daily life. As

statistics are not required in high school and most psychology students do not

progress to graduate school, it is likely that the only data analysis class they will
receive is their mandatory undergraduate statistics course. In an introductory

psychology class, students learn about the different sub-disciplines in psychol-

ogy and the major issues in the field. This prepares them to take courses in other

subdisciplines, such as cognitive psychology. The undergraduate statistic course

in psychology has similar goals. For example, it gives students the basic knowl-
edge in statistics to then apply to future courses. However, the content covered

in most psychology statistics courses does not appear to be setting students up

for future success. The focus on hyper-specific tests like t tests and little discus-

sion of causation cannot prepare students well for the larger area of data anal-
ysis and scientific inquiry. Furthermore, as suggested by Wagenmakers et al.

(2018), teaching the same topics continually may create a self-perpetuating cycle,

where psychological scientists only use these basic tests.
Data analysis, specifically statistics, has progressed over many decades and

has become a field in and of itself. As instructors, there is a duty to keep material

up to date and to justify the material that is covered. I have suggested some

topics including generalized linear modeling, multilevel modeling, Bayesian sta-

tistics, model building and comparison, and causal analysis. However, there are
many more areas that arguably should be taught to students at the undergrad-

uate level. Ideally, we might completely restructure our psychology statistics

course(s) from the ground up, focusing more on Bayesian statistics and using

generalized multilevel models, for example. However, at a minimum, undergrad-
uate instructors might at least consider adding some of the topics outlined here.

Nowhere in the arguments here have I suggested that these are the best content

areas or that we should seek uniformity across the discipline. There is no uni-

formity even among statisticians. Indeed, I have discussed the advantages of

including particular topics and encouraged undergraduate psychology statistics
instructors to justify whatever material is taught. There are many other content

areas we might consider teaching in the psychology undergraduate curriculum

including bootstrapping techniques, structural equation modeling, factor anal-

ysis, ridge regression, network analysis, and missing data techniques like multi-
ple imputation.

While mastery of any of the topics discussed here is difficult, resources have

been provided to aid in instructors continuing education. We must think about

the future of data analysis in the behavioral sciences, not just on the past and
what is easiest. Having stronger justifications for our included content and

continually updating much of the content may aid us in the long run to address

24 Psychological Reports 0(0)



the reproducibility problem, improve the image of psychological science, and

produce citizens and scholars who can critically think about data.
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