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Abstract
Current developments in the statistics community suggest that modern statistics education should be

structured holistically, that is, by allowing students to work with real data and to answer concrete

statistical questions, but also by educating them about alternative frameworks, such as Bayesian infer-

ence. In this article, we describe how we incorporated such a holistic structure in a Bayesian research

project on ordered binomial probabilities. The project was conducted with a group of three under-

graduate psychology students who had basic knowledge of Bayesian statistics and programming, but

lacked formal mathematical training. The research project aimed to (1) convey the basic mathematical

concepts of Bayesian inference; (2) have students experience the entire empirical cycle including col-

lection, analysis, and interpretation of data and (3) teach students open science practices.

Corresponding author:
Alexandra Sarafoglou, Nieuwe Achtergracht 129B, 1001 NK Amsterdam, The Netherlands.

Email: alexandra.sarafoglou@gmail.com

Report

Psychology Learning & Teaching
1–13

© The Author(s) 2022

Article reuse guidelines:

sagepub.com/journals-permissions

DOI: 10.1177/14757257221077307

journals.sagepub.com/home/plj

https://orcid.org/0000-0003-0031-685X
https://orcid.org/0000-0001-5053-4674
mailto:alexandra.sarafoglou@gmail.com
https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/plj
http://crossmark.crossref.org/dialog/?doi=10.1177%2F14757257221077307&domain=pdf&date_stamp=2022-02-17


Keywords
Bayesian inference, education, Bayes factor, encompassing – prior, replication, open science

Introduction
The curriculum guidelines of the American Statistical Association (ASA) argue that statistics edu-
cation in undergraduate programmes should not be primarily focused on teaching statistical
methods and mathematical foundations, but also emphasize scientific practice, that is, study
design, data collection, programming skills, and data analysis (American Statistical Association,
2014; Horton & Hardin, 2015; Wasserstein & Lazar, 2016). In general, students should learn to
“think with and about data” (Cobb, 2015, p. 267) and thus develop a holistic understanding of sta-
tistics (Horton and Hardin, 2015).

This holistic understanding of statistics also includes learning and understanding alternatives to
classical inference based on p-values. Bayesian inference is becoming increasingly popular and its
adoption has been advocated for both scientific practice (Wasserstein & Lazar, 2016) and statistics
education (Cobb, 2015). Recent examples for undergraduate courses and in-class demonstrations
on Bayesian methods that require only little or no mathematical or statistical training are described
in Witmer (2017; on teaching Markov chain Monte Carlo methods), Rouder and Morey (2018; on
teaching Bayes’ rule), and van Doorn, Matzke and Wagenmakers (2020; on teaching the key con-
cepts of Bayesian inference). However, little attention has been paid to the design and structure of
Bayesian research projects that can be conducted with a small group of students, for instance, in the
context of a thesis or internship project, or a seminar. These formats, as opposed to standard
courses, allow for more extensive research projects, since supervisors can offer individual
support for students, and can dedicate more time to the execution of the project.

We believe that a research project on Bayesian inference should take advantage of the rather
long project duration and the small group size by introducing students in detail to the theoretical
and practical aspects of Bayesian inference. Theoretical aspects of Bayesian inference entail that
by the end of the project students should feel comfortable with the standard terminology, be able
to understand how to assign a prior distribution, specify a likelihood function, derive a posterior
distribution, and compute a marginal likelihood. The practical aspects entail that students should
be able to apply their theoretical knowledge to address a concrete research question, and experience
the entire empirical cycle, including study planning, preregistration, data collection and analysis,
and interpretation of the results. These teaching goals resulted in three guiding principles for struc-
turing the project, listed below.

The first principle is to introduce students to the mathematics underlying Bayesian statistics. In
our own teaching of Bayesian methods in undergraduate psychology courses, we usually hide
the mathematics and instead aim to provide students with an intuition about how Bayesians use
distributions to quantify uncertainty about model parameters and hypotheses. This approach
helps students interpret posterior distributions, credible intervals, and Bayes factors (for a gentle
technical introduction to Bayesian inference without mathematical derivations see Etz and
Vandekerckhove, 2018). However, for students who want to specialize in research methods and
statistics it is important to go beyond an intuitive understanding and be introduced to the mathe-
matics behind these key concepts. Without the mathematical foundations, students will find the sta-
tistical literature difficult to understand.

The second principle is to let students experience scientific practice. In line with the ASA guide-
lines on statistics education (American Statistical Association, 2014), we believe that students learn
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most when they are given the opportunity to gain hands-on experience on how to apply the methods
taught to a real data example. We therefore set up a Bayesian replication study that demonstrates
a series of Bayesian benefits. For instance, in contrast to frequentist analyses, the Bayesian framework
allows students (1) to discriminate between “absence of evidence” and “evidence of absence” of the
effect in the replication study (Dienes, 2014; Keysers et al., 2020; Verhagen & Wagenmakers, 2014);
(2) to experience Bayesian learning by incorporating prior knowledge – such as data from previous
experiments – to construct a more informative test (Verhagen & Wagenmakers, 2014); (3) to monitor
evidence as the data accumulates (Rouder, 2014). In addition, it allows students to learn how conclusions
from significant p-values differ from conclusions drawn from Bayes factors by conducting a Bayesian
reanalysis of the results of the original experiment.1

The third and final principle is to convey open science practices. Reproducibility and replicability
are core scientific values, but yet psychological science is currently facing a crisis of confidence as a
disappointing proportion of key findings appear to be reproducible (Baker, 2016; Camerer et al.,
2018; Klein et al., 2014; Klein et al., 2018; Nature Publishing Group, 2016; Open Science
Collaboration, 2015; Pashler &Wagenmakers, 2012). To a large extent, the low rate of reproducible
findings can be attributed to the great flexibility in data analysis in combination with selective report-
ing of significant results (Simmons et al., 2011), the high prevalence of questionable research prac-
tices (John et al., 2012), the reluctance to conduct direct replication studies (Pashler & Harris, 2012;
Schmidt, 2009), and the poor availability of research data (Houtkoop et al., 2018; Wicherts et al.,
2006; for a special issue on data sharing see Simons, 2018). To address these problems, psycholo-
gical science today relies on numerous open scientific practices, such as preregistration and
Registered Reports, large-scale collaborations, and sharing of data, materials, and code (e.g.,
Chambers, 2013; Chambers & Tzavella, 2021; Kidwell et al., 2016; Morey et al., 2016;
Moshontz et al., 2018; Nosek et al., 2015). However, to truly integrate these practices into the
research culture, it is necessary to introduce the principles of open science to students at an early
stage (Chopik et al., 2018; Funder et al., 2014; Morling & Calin-Jageman, 2020; Munafò et al.,
2017; Sarafoglou et al., 2020). Since thesis projects often require detailed design and analysis
plans we view them as a good opportunity for supervisors to teach them both the philosophy
behind open science and the practical skills needed to apply open science practices. Therefore,
we set up a preregistered replication study, and have students publish the analysis code, and share
the data and materials on the Open Science Framework (OSF; Center for Open Science, 2021).

The purpose of this article is to share our experiences on designing and supervising a Bayesian
thesis project for undergraduate psychology students. Lecturers who intend to offer a Bayesian
research project for a small group of students which emphasizes mathematical training as well as
practical experience with real data might find helpful advice on what focal points to set when plan-
ning their project. In addition, the described project can serve as illustrative example in a classroom
setting, to teach students Bayesian learning, and a simple method to evaluate ordinal expectations.
In the following, we will describe the course structure, the theoretical and the practical part of the
project in more detail.

Supplemental Material
Interested readers can visit our OSF project folder (https://osf.io/zfhbc/) to access the following
information: the study preregistration, the analysis code, all data and materials, and the student
evaluations. Furthermore, it contains the results of the Bayesian reanalysis of the original
studies and the formal description of the mathematical model for multiple independent binomial
probabilities.
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Project Overview
Here we describe the thesis project titled “A Bayesian View on ‘Science versus the Stars’: Bayes
factor analysis for ordered binomial probabilities” at the University of Amsterdam. The topic of
the thesis project was the Bayesian analysis of ordinal expectations of multiple binomial probabilities.
We chose this topic due to both its relevance in the psychological literature and the simplicity of the
statistical model. Ordinal expectations of binomial probabilities are common in the area of psycho-
metrics and theories on rational decision making (see e.g., Cavagnaro & Davis-Stober, 2014;
Davis-Stober, 2009; Guo & Regenwetter, 2014; Haaf et al., 2020; Heck & Davis-Stober, 2019;
Myung et al., 2005; Regenwetter et al., 2011; Regenwetter et al., 2018; Tijmstra et al., 2015). For
instance, a psychometrician who evaluates whether a test for cognitive performance can be measured
on an interval scale needs to test the assumption that the probability to solve a given item is non-
decreasing for the ability of a person. One argument to use Bayesian methods for these problems
is that we can easily incorporate ordinal expectations of the binomial probabilities in the respective
prior distributions (Klugkist et al., 2010). This makes the corresponding statistical model particularly
simple and enables students to derive the method even without formal mathematical training.

During the theoretical part of the project students familiarized themselves with the computation
of Bayes factors for ordered binomial probabilities using the encompassing prior method (Klugkist
et al., 2005). During the practical part of the project the students applied the methods in practice by
conducting a preregistered reanalysis and replication study.

Course Structure
The full thesis project – starting from the first introductory lesson to submission of the research
report – took 16 weeks. A weekly overview of the research project is provided in Table 1. Our stu-
dents had to hand-in two writing assignments, create the preregistration of the empirical study, and
write the final report. On average the students worked 22−23 h per week on the project for which
they were rewarded with 12 ECTS credits. The following section describes these components in
more detail.

Supervision
During the theoretical part of the project we supervised the students intensively; we had weekly
group meetings that were structured as lectures, we gave students two writing assignments, and
we reviewed and discussed these assignments with each student individually. During the practical
part, the students then primarily worked independently with little need for supervision. The weekly
group meetings were replaced by individual contact hours that gave students the opportunity to
discuss details of their report.

Writing Assignments
We dedicated the first four sessions at the beginning of the project to the theoretical concepts of
Bayesian inference. During these four weeks, students wrote two short 1–2 page reports explaining
Bayesian parameter estimation and hypothesis testing. The first report concerned Bayesian infer-
ence for one binomial probability. In the second report, they had to generalize these concepts to
multiple binomial probabilities. Students could incorporate these reports as part of the methods
section in their final report.
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Preregistration
Our students had three weeks to create the preregistration document. Since our students answered
the same research question, we let them create the preregistration together. The preregistration fea-
tured the following components: the study design; the sampling plan, sampling plan rationale, and
stopping rule for data collection; exclusion criteria; the description of the materials and procedure;
the research question and hypotheses (including the expected direction of the effect); details on the
statistical model and analysis plan, including specifications for prior distributions, number of
samples drawn, inference criteria, and handling of missing data.

Grading Criteria
For the most part, grading was based on the individual research reports. We assessed whether stu-
dents were able to (1) justify the proposed research question and methods; (2) describe the Bayesian
concepts accurately by using the specific terminology; (3) discuss and interpret the results correctly;
and (4) adopt a scientific writing style. In addition, students could receive a pass or fail both on their
final presentation and on their learning progress. The writing assignments and the preregistration
were not graded.

Table 1. A week-by-week overview of our project “A Bayesian view on science versus the stars: Bayes factor

analysis for ordered binomial probabilites”.

Week Goal Activities

1 Reiterating knowledge Bayesian parameter estimation and hypothesis testing for the beta-binomial

model

Write methods section of research report

2 Establishing knowledge Generalize concepts to multiple binomials

Write methods section of research report

3 Establishing knowledge Derive and apply Savage-Dickey density ratio

Write methods section of research report

4 Establishing knowledge Derive and apply encompassing prior approach

Bayesian reanalysis of Carlson (1985) and Wyman and Vyse (2008)

Write introduction of research report

5 Writing Finalize the methods section of the research report

Write introduction of research report

6–7 Preregister study Plan replication study

Create preregistration document

8 Preregister study Print all necessary documents, prepare data collection (e.g, book lab)

Finalize preregistration

9–10 Data collection 1 Participants fill out NEO-FFI and report date and place of birth

11 Create study materials Generate personality descriptions

Prepare follow-up data collection

12–13 Data collection 2 Participants perform choice task

14 Analyzing data Analyze data and upload the dataset to the OSF

Write results section of research report

15–16 Finalizing project Finalize research report Prepare 20-min presentation
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The Theoretical Part: Bayesian Parameter Estimation
and Hypothesis Testing For Multiple Binomial Probabilities
The goal for the theoretical part of the project was to teach students when and how the encompass-
ing prior approach is used, and how it is derived. To ease the students into this topic, we asked them
to reiterate the basic mathematical concepts in Bayesian inference by means of one binomial
success probability, that is, Bayesian parameter estimation (including Bayes’ rule, the prior distri-
bution, the likelihood function, marginal likelihood, and the posterior distribution) and Bayesian
hypothesis testing (including prior model odds, the Bayes factor, and posterior model odds).
Subsequently, students had to generalize these concepts to multiple binomial success probabilities.

The Practical Part: Reanalysis and Replication of Wyman and Vyse
We searched for empirical studies which involved hypotheses about the ordering of multiple bino-
mial probabilities. The study by Wyman and Vyse (2008) is a suitable candidate for a replication
study, for several reasons. First, the study had an engaging research question, that is, whether the
accuracy of psychological personality descriptions is similar to the accuracy of astrological natal
charts. Second, the dependent variables in Wyman and Vyses’ study allowed for the formulation
of an ordinal expectation. Third, replicating the study did not require knowledge about sophisticated
concepts such as item response theory (Birnbaum, 1968; Rasch, 1960). Fourth, the experimental
setup for the study was straightforward which made the planning and execution of a preregistered
replication study feasible for our time frame. Note that the study by Wyman and Vyse is itself a
conceptual replication of a study conducted by Carlson (1985). We chose to replicate the study
by Wyman and Vyse (2008), however, since the authors had a clearer setup and material that
was easier to reproduce. We aimed to replicate the study by Wyman and Vyse (2008) as closely
as possible which meant that we adapted the original research design with only a few practical
changes.

Methods
Sampling Plan. We preregistered to collect data from 50 participants or stop data collection by June
1st, 2018. The target sample size was based on the number of participants in the original studies
which was 56 participants in Carlson (1985) and 52 participants in Wyman and Vyse (2008).
Unfortunately, we were not able to reach the preregistered target sample before our testing
period ended. We were only able to recruit 31 participants. Of those, 2 participants did not
attend the second meeting, leaving us with a final sample of 29 participants.

Materials. In their study, Wyman and Vyse used the NEO Five Factor inventory (NEO-FFI, Costa
& McCrae, 1985, 1992) to create psychological personality descriptions and the software Astrolabe
(Astrolabe Inc, 2018) to create astrological natal charts for each participant. Then, an experimenter
gave each participant their own psychological personality description and a psychological person-
ality description belonging to another participant. The participant was then asked to decide which of
the two personality descriptions was their own. This procedure was then repeated for the astro-
logical personality description.

Procedure. The research design required two testing periods that were one week long and approxi-
mately two weeks apart. During the first testing period, the students assessed participants with the

6 Psychology Learning & Teaching 0(0)



NEO-FFI personality inventory and collected information, that is, date and place of birth, that
allowed them to create astrological natal charts for each participant with the free version of the soft-
ware used by the original authors. In the second testing period the participants had to perform a
simple choice task; they were asked to identify both their own psychological personality description
and their astrological natal chart out of two descriptions each (i.e., a chance level of 50%).

Hypotheses. For the replication, our students took into account the direction of the original results
and thus tested the ordinal hypothesis Hr that the success probability for psychological personality
descriptions is higher than that for astrological personality descriptions. This hypothesis was then
tested against a point-null hypothesis H0 that both success probabilities are equal to chance.
Furthermore, as will be explained in the next section, the calculation of the Bayes factor required
another hypothesis – referred to as the encompassing hypothesisHe – that both success probabilities
can vary freely.

Analysis Plan. The students assigned a beta prior distribution to the model parameters and used the
data from Wyman and Vyse (2008) to inform their prior beliefs. Specifically, based on Wyman and
Vyse’s data, the students assigned a Beta(42, 12) prior distribution to the probability of correctly
identifying one’s own psychological personality description and a Beta(25, 29) prior distribution
to the success probability of correctly identifying one’s own astrological personality description.
That is, the prior for psychological personality descriptions favours success probabilities well
above chance level while for astrological personality descriptions success probabilities at chance
level are favoured, with medians and 95% credible intervals of 0.77 [0.65, 0.87] and 0.46 [0.34,
0.59], respectively. To compare H0 versus Hr, the students first had to take a two-step approach.
First, they needed to compute the Bayes factor between H0 and He, denoted as BF0e, using the
Savage-Dickey density ratio (Dickey & Lientz, 1970; Wagenmakers et al., 2010) and the Bayes
factor between Hr and He, denoted as BFre, using the encompassing prior approach (Klugkist
et al., 2005). The students then obtained BFr0 through transitivity, that is: BFr0=BFre×BFe0. A
detailed description of the statistical model is available in the online appendix.

Results of the Replication Study
In our replication study, out of 29 participants, 25 correctly identified their own psychological per-
sonality description and 18 participants correctly identified their own astrological personality
description (see Table 2). Given our data and the prior knowledge provided by the Wyman and
Vyse study, the result suggests extreme evidence (i.e., BFr0= 1884) in favour of the hypothesis
that people recognize their psychological personality description more reliably than their astro-
logical personality description.

Considerations for Lecturers
Our experience with this project suggests that three considerations warrant special attention. First,
lectures should be aware of the prior knowledge of their students. The described project was
designed for students who have some knowledge of Bayesian statistics, but also a basic background
in the programming language R (R Core Team, 2021). However, despite their familiarity with the
key concepts of Bayesian inference, our students found the mathematical parts of the project parti-
cularly challenging. Therefore, we recommend lectures to allow enough time to reiterate necessary
mathematical components.
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Second, when students are required to independently draft the preregistration we recommend the
use of preregistration templates. For instance, the OSF offers preregistration templates for standard
empirical research, but also replication studies (see https://osf.io/ zab38/wiki/home/ for an overview
of all preregistration forms). The transparency checklist by Aczel et al. (2020) is another highly
accessible tool which covers the most important aspects for achieving transparency and openness
in preregistrations and manuscripts.

Finally, in the described project, we based our target sample size on the number of participants in
the original studies. Alternatively, lecturers could based their target sample size on a Bayesian design
analysis (Stefan et al., 2019). A Bayesian design analysis is considered the Bayesian version of a fre-
quentist power analysis and allows researchers to determine the minimum number of participants
needed to achieve compelling evidence either in favour or against the hypothesis. Lecturers could
also choose to do sequential testing, that is, monitor the evidence as the data accumulates and stop
data collection as soon as the evidence is sufficiently compelling (e.g., Rouder, 2014).

Summary
The discussed research project allowed students to learn a relevant Bayesian method to compute
Bayes factors for ordinal expectations (i.e., the encompassing prior approach), and increase their
understanding of the underlying mathematical concepts of Bayesian inference. We believe that
this learning success was primarily due to the simplicity of the discussed statistical model which
enabled the students to formulate the likelihood function, assign a prior distribution, derive the pos-
terior distribution, and understand the encompassing prior approach even without strong mathema-
tical background.

In addition, students gained practical experience through designing and conducting a reanalysis and
replication study. Through this experience the students learned the advantages of Bayesian statistics in
the context of replication research, for instance, by being able to quantify evidence for the absence of
the predicted effect, but also by incorporating prior knowledge into their analyses and hence drawmore
informed decisions. In addition, the project gave students the opportunity to practice open research
practices by letting them preregister their study, that is, create an analysis plan prior to data collection,
and share their data, materials, and code. The confrontation with real data challenged the students to
think in broader terms, that is, by discovering how different methods (i.e., the Savage-Dickey density
ratio and the encompassing prior approach) can be utilized to answer specific research questions.

We believe that a research project is an ideal opportunity to integrate the theory and mathematics
of Bayesian inference with hands-on experience, and confront students with all aspects of the

Table 2. Data from the current research project, as well as from Wyman and Vyse (2008) and Carlson

(1985), where xpsy and xastro denote the number of participants who correctly identified their psychological

personality description and their astrological personality description, respectively, npsy and nastro denote
the respective total number of observations, and θ

^
psy and θ

^
astro denote the sample proportions of correctly

identifying one’s own personality description.

Data

Study xpsy npsy θ
^
psy xastro nastro θ

^
astro Chance level

Current project 25 29 0.86 18 29 0.62 0.50
Wyman and Vyse (2008) 41 52 0.79 24 52 0.46 0.50
Carlson (1985) 25 56 0.45 28 83 0.38 0.33
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empirical cycle. This experience gives students valuable insights into scientific practice, and equips
them with problem solving skills that are necessary when they pursue their careers as psychological
researchers and methodologists.
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