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“You don’t understand anything until you
learn it more than one way.”
Marvin Minsky

Preface
This is the documentation for the examples contained in the JASP
Data Library. The data sets are available from JASP both in .jasp
format and in .csv format. This documentation will grow over time,
and therefore we have added an edition number to the book title.

Structure and Contents
The structure of this documentation follows the layout of the JASP
ribbon: the first parts deal with Descriptives, T-tests, ANOVA, Regression, Frequencies, and Factor Analysis, whereas the remaining parts
concern various JASP modules, namely Meta-Analysis, Network
Analysis, and Structural Equation Modeling.
The example data sets come from various sources. For educational
purposes we have included the material from two popular statistical
textbooks, Field (2017) and Moore et al. (2012). This means it is now
easy for teachers and students to use JASP and analyze the classic
‘Looks or Personality’ example from Andy Field, or the ‘College
Success’ example from Moore, McCaib, and Craig. We also added the
original example data sets that JASP users may be familiar with (ever
wonder what the ‘Kitchen Rolls’ data set was all about?). A number
of publicly available data sets have been added as well.

Copyright
Most data sets contained in the JASP Data Library are already publicly available because they have been presented in academic articles
and books. The legal consensus is that such data are facts and therefore do not fall under copyright protection. An exception concerns
data that have not been collected but constructed in order to serve
an educational purpose, as is the case for most data sets from Andy
Field’s popular course books. For these data sets, the source is acknowledged as follows:
“This data set comes from Field, A. P. (2017). Discovering Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data

Figure 1: JASP: A fresh way
to do statistics. Download
JASP for free at http://jaspstats.org.
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set was constructed by Andy Field who therefore owns the copyright. Andy Field generously agreed that we can include the data
set in the JASP data library. This data set is also publicly available on the website that accompanies Andy Field’s book: https:
//edge.sagepub.com/field5e. Without Andy Field‘s explicit consent,
this data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/). ”

The Need for Documentation Guidelines
Our experience with the analysis of publicly available data suggests
that there is an urgent need for standard guidelines that encourage
systematic and comprehensive documentation. Without such guidelines, the analysis often becomes a frustrating exercise in encryption.1
Oftentimes, the data could not have been properly analyzed without
assistance from the original authors. This undesirable state of affairs
is why we have developed the JASP Data Documentation Format
described below. This format provides a list of minimal requirements
for how data ought to be documented, one that may need to be expanded for particular data sets (such as those from neuroscience).
The proposed format is concrete and focuses purely on documentation (see the FAIR guidelines2 for complementary advice concerning
data storage).

For empirical support, see for instance
Hardwicke et al. (2018).

1

2

Wilkinson et al. (2016).

3

JDDF templates are available online at

The JASP Data Documentation Format
Each chapter in this book documents a single data set using the
JASP Data Documentation Format (JDDF).3 The JDDF contains the
following elements:
I. Description. A brief summary of the data set in order to provide
context. Example:
This data set, Glasgow Norms, provides a set of normative ratings of 5, 553 English words on nine psycholinguistic dimensions.
Specifically:
“The Glasgow Norms are a set of normative ratings for 5,553
English words on 9 psycholinguistic dimensions: arousal,
valence, dominance, concreteness, imageability, familiarity, age
of acquisition, semantic size, and gender association (...) for
any given subset of words, the same participants provided
ratings across all 9 dimensions (32 participants/word, on
average).” (Scott et al. 2019, p. 2).

II. Purpose. A brief statement of the purpose that the data may serve.
Example:

https://osf.io/bjmrg/
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The purpose of the original study was to develop a substantial set of
standardized, freely available, psycholinguistic materials. Scott et al.
(2019) state that
“Overall, the Glasgow Norms provide a valuable resource,
in particular, for researchers investigating the role of word
recognition in language comprehension” (Scott et al. 2019,
p. 2).
Here we use this data set to demonstrate Bayesian Pearson’s
correlation. Specifically, we will estimate how the psycholinguistic
dimensions relate to each other. For example, are words that are
rated higher on the Dominance dimension rated as more masculine
or feminine? Are words associated with higher arousal rated more
positive or negative?

III. Data Screenshot. A visual impression of the data structure, showing at least some of the columns and rows in which the data have
been organized. An example screenshot is shown in Figure 2. An
example of the text that could accompany the screenshot:
The Glasgow Norms data set (Scott et al. 2019) consists of 5, 553
rows and 29 columns. Each row corresponds to a specific word, and
the columns relate to various lexical properties.

IV. Variables. A description for each of the variables in the data set.
At a minimum, the description features (a) the variable name; (b)
the variable’s measurement level and the values that the variable
can take on; (c) a verbal summary of the variable. An example for
the first five variables in the Glasgow Norms data set:
• word
– Type: Categorical
– Description: The word whose lexical properties are listed.
• length
– Type: Continuous
– Description: Word length in number of letters.
• M AROU
– Type: Continuous
– Description: A word’s mean arousal value (averaged across
raters). Each rater judged the extent to which a word has
emotional impact in terms of internal activation on a 9-point
scale (‘1’ = very unarousing, ‘9’ = very arousing).
• SD AROU
– Type: Continuous

In this book, we use three types of
variables: Categorical, Ordinal, and
Continuous. Even discrete variables,
although not only strictly continuous,
are categorized as ’Continuous’ - this
is because the analyses options in JASP
are the same for both types of variables.
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– Description: The standard deviation (across raters) of a word’s
arousal value. Each rater judged the extent to which a word
has emotional impact in terms of internal activation on a
9-point scale (‘1’ = very unarousing, ‘9’ = very arousing).
• N AROU
– Type: Continuous
– Description: The number of raters who judged a word’s
arousal value. Each rater judged the extent to which a word
has emotional impact in terms of internal activation on a
9-point scale (‘1’ = very unarousing, ‘9’ = very arousing).
V. Source. A description of where the data were obtained, and where
the data can be accessed online. Example:
Scott, G. G., Keitel, A., Becirspahic, M., O’Donnell, P. J., and Sereno,
S. C. (2019). The Glasgow norms: Ratings of 5,500 words on 9 scales.
Behavior Research Methods, 51:1258–1270, https://psyarxiv.com/
akzyx/. The data set is available as Supplementary Materials.

Figure 2: Screenshot of the first
18 rows and 8 columns of the
Glasgow Norms data (Scott
et al. 2019).
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VI. Analysis code. Anything that allows a third party to reproduce a
result. This can be R code, Stan code, or a .jasp file, for instance.
We strongly recommend against using commercial software for
analysis, as the interested third party might be unwilling or unable
to buy an expensive license (e.g., to Matlab, JMP, SAS, Stata, or
SPSS) in order to reproduce the result. Example:
An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/ypwk5/.

VII. Example analysis. A demonstration that the provided code, when
applied to the provided data, actually produces a result. Example:
As a first step, we will inspect the correlations between the nine
psycholinguistic dimensions. Open the relevant analysis window
under the Regression → Bayesian Correlation Matrix option
from the Common menu. A screenshot of the relevant JASP input
panel is shown in Figure 23.3. Drag all nine dimensions into the
variable selection window.
The size of the data set and the number of tests involved means
that we have to wait a little before JASP produces the output shown
in Figure 23.4. By default, JASP returns the classical estimate of the
Pearson correlation coefficient r for each of the pairwise associations
between the variables. For each association, JASP also presents the
Bayes factor BF10 that quantifies the extent to which the alternative
hypothesis H1 outpredicts the null hypothesis H0 (Wagenmakers
et al. 2016). The null hypothesis assumes that the true correlation
is absent, that is, the latent correlation coefficient ρ equals 0. The
alternative hypothesis assumes that the uncertainty about ρ is given
by a stretched beta distribution which is symmetric around ρ = 0;
when the width is set to 1, the prior is uniform and each value
of ρ is deemed equally likely a priori (Ly et al. 2018a). Note that
for most of the correlations we obtain overwhelming evidence for
the alternative hypothesis. Apart from three correlations (‘AOA’‘AROU’, ‘SIZE’-‘FAM’, ‘CNC’-‘DOM’), all Bayes factors show strong
evidence for the existence of a correlation between the relevant
dimensions. The large sample size makes it relatively easy to obtain
favorable evidence for the alternative hypothesis even when the size
of the correlations is small.
To learn about the uncertainty of the correlation estimates under
H1 , we can ask JASP to produce credible intervals. Figure 23.4
shows that JASP provides, for each pairwise association, both the
lower and the upper bound of the central 95% credible interval. It is
evident that the magnitude of the correlations varies considerably;
whereas some correlations are as large as r = .91 (‘IMAG’-‘CNC’),
others are as small as .06 (‘CNC’-‘VAL’). Some dimensions actually
seem uncorrelated; for example, Arousal (‘AROU’) and Age of
Aquisition (‘AOA’) yield a Pearson’s r = 0.000, a 95% CI (given
H1 ) of [−0.026, 0.026], and a BF10 = 0.017, which means that H0
outpredicted H1 by a factor of 1/0.017 = 58.82.
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Figure 3: Screenshot of the
JASP input panel for the
analysis of the Glasgow Norms
data (Scott et al. 2019) using the
Bayesian Pearson’s correlation.
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Figure 4: JASP output for the
Glasgow Norms data (Scott
et al. 2019): Bayesian correlation matrix. Apart from three
cases, all Bayes factors show
strong support for the existence
of correlations between the
dimensions.
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To gain more insight into the correlation patterns and check the
validity of the analysis, it is advisable to plot the data. This can
be done by ticking the check boxes under the Plots section in the
analysis menu (see Figure 23.3). The produced output can be seen in
Figure 23.5. The lower half of the correlation plot shows the posterior distributions of the Bayesian correlation coefficients. We can see
that all posterior distributions are highly peaked, indicating great
certainty about the magnitude of the correlations. The diagonal of
the plot shows histograms and density functions of the distribution
for the single variables. For most of the dimensions, there are both
very high-rated and very low-rated words so that the whole scale
is used. However, for most dimensions, the peak of the histogram
falls in the middle of the scale. The upper part of the plot shows one
scatter plot for each correlation, displaying the joint distribution of
the two pertinent variables.

VIII. Want to know more? Any additional information of interest.
Example:

3 Ly, A., Marsman, M., and Wagenmakers, E.-J. (2018a). Analytic posteriors
for Pearson’s correlation coefficient. Statistica Neerlandica, 72:4–13

3 Scott, G. G., Keitel, A., Becirspahic, M., O’Donnell, P. J., and Sereno,
S. C. (2019). The Glasgow norms: Ratings of 5,500 words on 9 scales.
Behavior Research Methods, 51:1258–1270

3 Wagenmakers, E.-J., Morey, R. D., and Lee, M. D. (2016). Bayesian
benefits for the pragmatic researcher. Current Directions in Psychological
Science, 25:169–176

Acknowledgements
This documentation contains numerous illustrations. Many have
been taken from Wikepedia and fall in their ‘fair use’ category. Head
shots have occasionally been taken from publicly accessible websites.
Other illustrations we have created ourselves, and most screenshots
come from JASP. Detailed information concerning the external figures
is provided in the final chapter. We are indebted to the creators of
the Tufte LATEX style files (and in particular to Kevin Godby), to the
Overleaf editing system, and to Wikipedia. We also wish to thank
those who have proofread this library and recommended important
improvements. This work was made possible in part by a Vici grant
(016.Vici.170.083) and an advanced ERC grant (743086 UNIFY).

17

Figure 5: JASP output for the
Glasgow Norms data (Scott
et al. 2019): Bayesian correlations plot. The plot shows the
distributions in scatterplots
(upper part), posterior distributions of Pearson correlation
coefficients ρ (lower part), and
distributions of individual
variables (diagonal).

Part I

Descriptive Statistics

1

Sleep: Descriptive Statistics

Description
This data set, Sleep, provides the number of additional hours that
each of ten patients slept after having been administered two ’soporific drugs’ (i.e., sleeping pills).
Did You Know?
The data set reported in Cushny and Peebles (1905) has made an interesting mark in the history of statistics. Under his pen name Student,
William Sealy Gosset used this data set in his famous article The probable error of the mean to illustrate the test that later became known
as Student’s t-test. Later on, the data set was discussed by another
famous statistician, Ronald Aylmer Fisher, in his classic book Statistical
Methods for Research Workers (1925). However, Gosset made a transcription error in the column labels, an error which Fisher followed, which
means that two of the most influential statisticians of the 20th century
misinterpreted the data set! For details see Senn (2017).

1.1

Purpose

The original purpose of the study by Cushny and Peebles (1905) was
to compare the effectiveness of two ‘soporific drugs’ in a withinsubjects design with 10 patients.
Here we use this data set to demonstrate how to generate descriptive statistics and plots for different groups in JASP.

1.2

Data Screenshot

Part of the original data set is depicted in Figure 1.2. The Sleep data
set (Cushny and Peebles 1905) consists of 20 rows and 3 columns.
Each participant has been administered both drugs and therefore
occupies two rows.

Figure 1.1: Sleep. Image by
Jackman Chiu under a CC0
license.
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1.3

Variables

Figure 1.2: Screenshot of the
first five rows of the Sleep data
(Cushny and Peebles 1905).

• extra
– Type: Continuous
– Description: Increase in hours of sleep relative to a control drug.
• group
– Type: Categorical
– Description: Type of drug (1 = first drug, 2 = second drug).
• ID
– Type: Categorical
– Description: Number that indexes the participant.

1.4

Source

Cushny, A. R. and Peebles, A. R. (1905). The action of optical isomers.
The Journal of Physiology, 32:501–510

1.5

Analysis Code

Figure 1.3: Data set included
in R: https://www.math.ucla.
edu/anderson/rw1001/library/

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/6stjy/.

1.6

Example Analysis

Let’s take a look at some descriptive statistics of the sleep increase
for both drugs separately. To produce descriptive statistics, open
the relevant analysis options under Descriptives → Descriptive
Statistics in the Common menu. A screenshot of the relevant JASP

base/html/sleep.html

sleep: descriptive statistics
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input panel is shown in Figure 1.4. First, we drag the variable ‘extra’
into the Variables window. The Descriptives input panel allows us
to split the data set by separate categories. We will use this to split
the output by the ‘group’ variable, which indicates the different drug
conditions. We can drag the variable ‘group’ into the Split box and
receive a table with traditional descriptive statistics separately for
each drug condition. We can also generate descriptive plots. Go to
the Plots section and select Display boxplots. To have all possible
information included in the graph, check the Color, Violin Element,
and Jitter Element box. The Boxplot Element is checked by default.
This setup will print all three elements on top of each other for the
two groups separately, as shown in Figure 1.5.

All three elements shown in Figure 1.5 provide complementary
information about the data at hand: the Jitter Element reveals the
individual data points (note that the jitter along the x-axis allows

Figure 1.4: Screenshot of the
JASP input panel for descriptive
statistics of the Sleep data set
(Cushny and Peebles 1905).
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us to differentiate between patients that have similar increase in
sleep). The Violin Element approximates the sample distribution
(offering insight into potential outliers and normality – including
skew, kurtosis, and unimodality). The Boxplot Element summarizes
the sample distribution in more classical fashion – showing its range,
interquartile range, and median.

However, the data is structured in the so-called ‘long-format’.
This means that each row corresponds to one observation and not
necessarily to one participant. In fact, we have two observations for
each participant (as all of them had been administered both drugs
on different occasions) and so each participant occupies two rows.
The nature of the data suggest that we would also like to know the
correlations between the different conditions. In order to inspect the
correlations, we need to reshape the data to a ‘wide-format’ such that
each row corresponds to an individual participant and the increase in
sleep occupies two columns, one for each of the two drug conditions.
Luckily, JASP allows us to reshape the data in any spreadsheet
program we like. Double-click on any cell in the data viewer to open
the data set in our predefined default spreadsheet editor, for instance
LibreOffice ‘Calc’ (you can choose a different program using the
Preferences option available under the hamburger menu icon on the
top right of the JASP screen). This way we can restructure the data
into the desired format. The reshaped data are shown in Figure 1.7.

Figure 1.5: JASP output for the
Sleep data (Cushny and Peebles
1905): Colored boxplots with
violins and jittered data are
shown separately for the two
drug conditions.

Figure 1.6: Click on the hamburger menu icon to open
Preferences option for JASP.

sleep: descriptive statistics
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Figure 1.7: Restructured Sleep
data (Cushny and Peebles 1905):
Each participant now occupies
one row, whereas the amount
of extra sleep compared to a
no drug condition is in two
separate columns indicating the
two different drugs. See text for
details.

To examine the correlation between the two conditions (which
indicates whether people who are relatively responsive to the first
drug are also relatively responsive to the second drug) we again go
to Descriptives → Descriptives Statistics. The relevant JASP
input panel can be seen in Figure 1.8. In the input screen we drag
our new two variables ‘extra1’ and ‘extra2’ into the variables box
(the amount of sleep increase under drug 1 and drug 2, respectively).
Select the Display correlation plot in the Plots section.
Figure 1.9 shows that the correlation is very strong, suggesting
that patients who are helped by one of the drugs are also helped by
the other.
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Figure 1.8: Screenshot of the
JASP input panel for descriptives of the restructured Sleep
data (Cushny and Peebles 1905).
The newly created variables
‘extra1’ and ‘extra2’. The two
drug conditions are now separate variables, and so we no
longer need to split the data by
‘group’, but can produce the
separate descriptives by dragging the separate variables into
the Variables window. This
data structure enables us to
inspect the correlations between
the two conditions, as JASP can
now recognize which pair of
values belong to which patient.

Figure 1.9: JASP output for
the restructured Sleep data
(Cushny and Peebles 1905): The
scatterplot between the two
variables ‘extra1’ and ‘extra2’ is
on the off-diagonal and the distributions of the two variables
are on the diagonal.

sleep: descriptive statistics

1.7

Want to Know More?

3 Cushny, A. R. and Peebles, A. R. (1905). The action of optical isomers. The
Journal of Physiology, 32:501–510

3 Fisher, R. A. (1925). Statistical Methods for Research Workers. Edinburgh:
Oliver and Boyd

3 Senn, S. (2017). Cushny and Peebles, optical isomers and the birth of
modern statistics. Journal of the Royal Society of Medicine, 110:501–502

3 Student (1908). The probable error of a mean. Biometrika, 6:1–25
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2

Fear of Statistics: Reliability Analysis

Description
This fictional data set, Fear of Statistics, provides the responses of
2571 students on an SPSS Anxiety Questionnaire. We will focus on
only one subscale of this questionnaire, ‘Fear of Statistics’.

2.1

Purpose

Field (2017) uses this data set to show how to conduct factor analysis
and subsequently explore item and scale diagnostics. Here we use
this example to demonstrate the reliability analysis in JASP.
When developing and employing a questionnaire, one of the
necessary steps to assess the quality of the instrument is reliability
analysis. Wikipedia informs us that:
“Reliability in statistics and psychometrics is the overall consistency of
a measure. A measure is said to have a high reliability if it produces
similar results under consistent conditions. ‘It is the characteristic of a
set of test scores that relates to the amount of random error from the
measurement process that might be embedded in the scores. Scores
that are highly reliable are accurate, reproducible, and consistent
from one testing occasion to another. That is, if the testing process
were repeated with a group of test takers, essentially the same results
would be obtained’.” https://en.wikipedia.org/wiki/Reliability_

Figure 2.1: Fear. Image by
PhotoEmotions under a CC0
license.

(statistics)

2.2

Data Screenshot

Figure 2.3 shows a screenshot of part of the data. The Fear of Statistics data set (Field 2017) consists of 2571 rows and 23 columns. Each
row corresponds to a participant and each column to an item of the
questionnaire.

2.3

Variables

• Q01

Figure 2.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Figure 2.3: Screenshot of the
first five participants answering
the first five SAQ items (Field
2017).

– Type: Ordinal
– Description: Response to the statement: “Statistics makes me cry”
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).
• Q02
– Type: Ordinal
– Description: Response to the statement: “My friendy will think
I’m stupid for not being able to cope with SPSS” on a 5-point
Likert scale (1 = strongly disagree, 5 = strongly agree).
• Q03
– Type: Ordinal
– Description: Response to the statement: “Standard deviations
excite me” on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree).
• Q04
– Type: Ordinal
– Description: Response to the statement: “I dream that Pearson is
attacking me with correlation coefficients” on a 5-point Likert
scale (1 = strongly disagree, 5 = strongly agree).
• Q05
– Type: Ordinal
– Description: Response to the statement: “I don’t understand
statistics” on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree).
• Q06

fear of statistics: reliability analysis

– Type: Ordinal
– Description: Response to the statement: “I have little experience
of computers” on a 5-point Likert scale (1 = strongly disagree, 5
= strongly agree).
• Q07
– Type: Ordinal
– Description: Response to the statement: “All computers hate
me” on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).
• Q08
– Type: Ordinal
– Description: Response to the statement: “I have never been good
at mathematics” on a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree).
• Q09
– Type: Ordinal
– Description: Response to the statement: “My friends are better
at statistics than me” on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree).
• Q10
– Type: Ordinal
– Description: Response to the statement: “Computers are useful
only for playing games” on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree).
• Q11
– Type: Ordinal
– Description: Response to the statement: “I did badly at mathematics at school” on a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree).
• Q12
– Type: Ordinal
– Description: Response to the statement: “People try to tell you
that SPSS makes statistics easier to understand but it doesn’t”
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).
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• Q13
– Type: Ordinal
– Description: Response to the statement: “I worry that I will
cause irreparable damage because of my incompetence with
computers” on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree).
• Q14
– Type: Ordinal
– Description: Response to the statement: “Computers have minds
of their own and deliberately go wrong whenever I use them”
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).
• Q15
– Type: Ordinal
– Description: Response to the statement: “Computers are out
to get me” on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree).
• Q16
– Type: Ordinal
– Description: Response to the statement: “I weep openly at the
mention of central tendency” on a 5-point Likert scale (1 =
strongly disagree, 5 = strongly agree).
• Q17
– Type: Ordinal
– Description: Response to the statement: “I slip into a coma
whenever I see an equation” on a 5-point Likert scale (1 =
strongly disagree, 5 = strongly agree).
• Q18
– Type: Ordinal
– Description: Response to the statement: “SPSS always crashes
when I try to use it” on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree).
• Q19
– Type: Ordinal

fear of statistics: reliability analysis

– Description: Response to the statement: “Everybody looks at
me when I use SPSS” on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree).
• Q20
– Type: Ordinal
– Description: Response to the statement: “I can’t sleep for
thoughts of eigenvectors” on a 5-point Likert scale (1 = strongly
disagree, 5 = strongly agree).
• Q21
– Type: Ordinal
– Description: Response to the statement: “I wake up under my
duvet thinking that I am trapped under a normal distribution”
on a 5-point Likert scale (1 = strongly disagree, 5 = strongly
agree).
• Q22
– Type: Ordinal
– Description: Response to the statement: “My friends are better at
SPSS than I am” on a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree).
• Q23
– Type: Ordinal
– Description: Response to the statement: “If I am good at statistics people will think I am a nerd” on a 5-point Likert scale (1 =
strongly disagree, 5 = strongly agree).

2.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/a6qdv/.

2.6

Example Analysis

To conduct the Reliability analysis, open the relevant analysis window under the Descriptives → Reliability option from the Common
menu.
A screenshot of the relevant JASP input panel is shown in Figure 2.4. We will focus only on the items that an earlier factor analysis
suggested belong to the ‘Fear of Statistics’ subscale, that is, items Q01,
Q03, Q04, Q05, Q12, Q16, Q20, and Q21 (Field 2017, p. 1361). Select
them and move them into the Variables window. We will be interested mainly in the scale reliability measure known as Cronbach’s α
and so we need to select it from the Scale Statistics options.1 For
comparison we also ask JASP to compute Guttman’s λ6. We can also
produce some descriptive statistics of the scale – the Mean and the
Standard Deviation. Furthermore, it is informative to inspect the
Average interitem correlation, which tells us how the individual
items on average correlate with each other. We can also inspect how
the reliability changes if we drop individual items from the scale –
in order to learn whether some items have large influence on the
overall consistency of the scale. Item-rest correlation then tells us
how the sum of the items correlates with individual items – again
to see whether there are particular items that behave poorly. In the
Reversed-Scale Items, we can tell JASP to reverse-code some items.
Because item Q03 is reverse-coded (“Standard deviations excite
me” is expressed positively), we need to enter it into the list of the
Reversed-Scaled Items – otherwise, our internal consistency would
suffer.
The JASP output is shown in Figures 2.5 and 2.6. Figure 2.5 shows
that JASP produces a table displaying the reliability measure for the
subscale with all items included. Cronbach‘s α equals 0.82 with a 95%
CI of [0.81, 0.83], suggesting that the scale has satisfactory internal
consistency (which is corroborated by the Gutmann‘s λ6 = 0.81).
After selecting any option from the Invididual item statistics
(see Figure 2.4), JASP provides a second table, one that shows the
selected statistics for particular items, in this case the descriptives
of individual items, how the item correlates with a score composed
of the rest of the scale, and what the reliability of the scale is if a
particular item is omitted. Figure 2.6 shows that the smallest correlations with the rest of the scale are for item Q05 (“I don’t understand

This analysis is for the educational
purposes only. For limitations about the
Cronbach’s α as a scale reliability, see
Sijtsma (2009).

1

fear of statistics: reliability analysis
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Figure 2.4: Screenshot of the
JASP input panel for analysis of
the ‘Fear of Statistics’ subscale
(Field 2017) using reliability
analysis.

Figure 2.5: JASP output for
the ‘Fear of Statistics’ subscale
(Field 2017): Reliability of the
‘Fear of Statistics’ subscale.

36

the jasp data library

statistics”) and item Q20 (“I can’t sleep for thoughts of eigenvectors”),
whose exclusion results in a slight increase of reliability. However, the
reliability does not change much, which is a good sign for the subscale. Furthermore, the item means are near the middle of the scale,
which suggests we do not have floor or ceiling effects – however, that
also means that the questions have similar discriminatory power. We
can conclude that the internal consistency of the ‘Fear of Statistics’
subscale is satisfactory and that it consists of relatively homogeneous
items.
Figure 2.6: JASP output for the
‘Fear of Statistics’ data Field
(2017): The item reliability
statistics for the ‘Fear of Statistics’ subscale of the SAQ (Field
2017).

2.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics. London:
Sage, 5th edition

3 Sijtsma, K. (2009). On the use, the misuse, and the very limited usefulness
of Cronbach’s alpha. Psychometrika, 74:107–120

3 A good resource about assessing personality tests is at http:
//personality-project.org/r/book/

Part II

T-Tests

3

Weight Gain: One Sample T-Test

Description
This data set, Weight Gain, provides weight of 16 participants before
and after an eight-week period of excessive calorie intake. Specifically:
“In one study, 16 non-obese adults aged 25 to 36 years, were fed 1000
calories per day in excess of the calories needed to maintain a stable
body weight. The subjects maintained this diet for 8 weeks. In total
they consumed 56,000 extra calories.” (Moore et al. 2012, p. 425)

3.1

Purpose

“The purpose of this study is to inspect whether 3500 extra calories
will translate into a weight gain of 1 pound. If this were the case, we
expect each of these subjects to gain 56,000/3500 = 16 pounds.” (Moore
et al. 2012, p. 425)

Here we use the data set to demonstrate the one sample t-test in
JASP. Specifically, we will test the hypothesis that the intake of 1000
excess calories per day over a period of 8 weeks results in an average
weight gain of 16 pounds (approximately 7.2 kilograms).

3.2

Figure 3.1: Tempting. Image by
Christian Cable under a CC-BY
4.0 license.

Data Screenshot

The Weight Gain data set (Levine et al. 1999) consists of 16 rows and
3 columns. Each row corresponds to one participant.

Figure 3.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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3.3

Variables

• Weight Before

Figure 3.3: Screenshot of the
first eight rows of the Weight
Gain data (Levine et al. 1999) as
reported in Moore et al. (2012).

– Type: Continuous
– Description: Weight in pounds (lb) measured before 8-weeks of
excessive calorie intake.
• Weight After
– Type: Continuous
– Description: Weight in pounds (lb) measured after 8-weeks of
excessive calorie intake.
• Difference
– Type: Continuous
– Description: Weight After − Weight Before.

3.4

Source

Levine, J. A., Eberhardt, N. L., and Jensen, M. D. (1999). Role of nonexercise activity thermogenesis in resistance to fat gain in humans.
Science, 283:212–214
This example analysis is based on Chapter 7 (pp. 424–425) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

3.5

Analysis Code

Figure 3.4: Interested in this
example? Check out a JASP
blog post for more information: https://jasp-stats.
org/2018/01/09/classicalone-sample-t-test-jasp-

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/hfkjv/.

interpret-results/

weight gain: one sample t-test
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Example Analysis

Before conducting the one-sample t-test we inspect the descriptives.
To produce the descriptive statistics, open the relevant analysis
window under the Descriptives → Descriptive Statistics in the
Common menu. The relevant JASP input panel is shown in Figure 3.5.
Drag the variable ‘Difference’ to the Variables box. Additional
statistics can be selected in the Statistics menu, and here we check
S.E. mean (standard error of the mean) to be presented in addition to
the JASP defaults.

Figure 3.5: Screenshot of the
JASP input panel for descriptives of the Weight Gain data
(Levine et al. 1999).

The JASP output is shown in Figure 3.6. The mean of the weight
difference is 10.41 pounds. The standard deviation is almost 4
pounds (3.841), which is relatively large.

Figure 3.6: JASP output for
the Weight Gain data (Levine
et al. 1999): Descriptives of the
weight difference.
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To test the hypothesis that weight gain over the 8 weeks equals 16
pounds we conduct a one sample t-test. This analysis informs us of
the probability of encountering a test statistic at least as extreme as
the one that is observed, assuming that the hypothesis of 16 pound
increase holds true.
To conduct the one sample t-test, open the relevant analysis window under T-Tests → One-Sample T-Test in the Common menu. A
screenshot of the JASP input panel for the analysis is shown in Figure 3.7. To specify the hypothesis that the mean weight gain equals
16 pounds, we type ‘16’ into the Test value field. Under Assumption
Checks we tick the Normality box. To generate the confidence interval, we need to tick the Location parameter and Confidence
interval boxes under Additional Statistics.

Figure 3.7: Screenshot of the
JASP input panel for analysis of
the Weight Gain data (Levine
et al. 1999) using a one sample
t-test with the null hypothesis
that mean weight gain is 16
pounds.

The JASP output is shown in Figures 3.8 and 3.9. Before we interpret the results of the one sample t-test, we need to check whether
the assumption of normality is met. Figure 3.8 displays the results
of the Shapiro-Wilk test of normality. The test is not significant (W
= 0.938, p = 0.325), and therefore the hypothesis that the data are

weight gain: one sample t-test

normally distributed cannot be rejected. Consequently we continue
to interpret the results from the Student‘s t-test.1
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See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

Figure 3.8: JASP output for
the Weight Gain data (Levine
et al. 1999): Shapiro-Wilk test of
normality.

The JASP output of this analysis is shown in Figure 3.9. The results indicate that the observed test statistic (or one that is more
extreme) is unlikely to arise if the mean weight gain in the population was 16 pounds (t(15) = −5.823, p < 0.001). We can thus reject the
null hypothesis. On average people gained only about 10.41 pounds
(95% CI [8.36, 12.46]).

Figure 3.9: JASP output for the
Weight Gain data (Levine et al.
1999): One-sample t-test of 16
pounds weight gain.
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3.7

Want to Know More?

3 Levine, J. A., Eberhardt, N. L., and Jensen, M. D. (1999). Role of nonexercise activity thermogenesis in resistance to fat gain in humans. Science,
283:212–214

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

3 Tijmstra, J. (2018). Why checking model assumptions using null hypothesis
significance tests does not suffice: A plea for plausibility. Psychonomic
Bulletin & Review, 25:548–559

4

Moon & Aggression: Paired Samples T-Test

Description
This data set, Moon & Aggression, provides the number of disruptive
behaviors by dementia patients during two different phases of the
lunar cycle. Specifically:
“A study of dementia patients in nursing homes recorded various
types of disruptive behaviors every day for 12 weeks. The days were
classified as moon days if they were in a three-day period centered
at the day of the full moon. For each patient the average number of
disruptive behaviors was computed for moon days and for all other
days.” (Moore et al. 2012, p. 410)

4.1

Purpose

The purpose of the original study was to assess whether the lunar
cycle affects the tendency of patients with dementia to display disruptive behavior.
“Many people believe that the moon influences the actions of some
individuals.[...] The patients in this study are not a random sample of
dementia patients. However, we examine their data in the hope that
what we find is not unique to this particular group of individuals and
applies to other patients who have similar characteristics.” (Moore et al.
2012, p. 410)

Figure 4.1: Can this study be
for real? Image by Lukas de
Bear under a CC0 license.

Here we use this data set to demonstrate the paired samples
t-test in JASP. Specifically, we will examine the adequacy of the
null hypothesis which states that the average number of disruptive
behaviors among patients with dementia does not differ between
moon days and other days.

4.2

Data Screenshot

The Moon & Agression data set (Moore et al. 2012) contains 15 rows
and 2 columns. Each row corresponds to one patient.

Figure 4.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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4.3

Variables

• Moon
– Type: Continuous
– Description: The average number of disruptive behaviors during
full moon days.
• Other
– Type: Continuous
– Description: The average number of disruptive behaviors during
other days.

4.4

Source

This example analysis is based on Chapter 7 (pp. 410–412) in Moore,
D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the Practice
of Statisics. New York: Freeman, 7th edition, with available resources
at whfreeman.com/ips7e.
“These data were collected as part of a larger study of dementia
patients conducted by Nancy Edwards, School of Nursing, and Alan
Beck, School of Veterinary Medicine, Purdue University.” (Moore et al.
2012, N-8).

4.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/a6gv5/.

4.6

Example Analysis

To assess the adequacy of the null hypothesis (i.e., that the lunar
cycle does not affect the tendency to display disruptive behavior),

Figure 4.3: Screenshot of
the first four rows of the
Moon & Agression data as
reported in Moore et al. (2012).

moon & aggression: paired samples t-test
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we conduct a paired samples t-test. We have paired data because the
behaviors were assessed for each individual both on moon days and
other days. To conduct the analysis, open the relevant analysis under
T-Tests → Paired Samples T-Test option from the Common menu.

Figure 4.4: Screenshot of the
JASP input panel for the analysis of the Moon & Aggresion
data (Moore et al. 2012) using
the paired samples t-test.

A screenshot of the relevant JASP input panel is shown in Figure 4.4. Drag the variables ‘Moon’ and ‘Other’ to the two cells in
the Variables window on the right top. We choose the Student
option with non-directional hypotheses (Measure 1 6= Measure 2)
since there is no prior information as to whether disruptive behavior should be increased or decreased during full moon. The paired
samples t-test relies on the assumption of normality. We test this
assumption with the Shapiro-Wilk test by checking the Normality
option in the Assumption Checks menu. Information on the mean
difference between the conditions (moon days vs. other days) can be
gained by selecting the Location parameter option. Remember that
in a paired design one may not produce means for both conditions
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separately and then subtract one from the other. The two conditions
may be correlated, such that patients who show more disruptive
behavior during moon days will also show more disruptive behavior
during the other days. Thus, the test statistic is based on the mean of
the individual difference scores such that the correlated nature of the
data is taken into account.
The JASP output is shown in Figures 4.5, 4.6, 4.7, and 4.8. Consider first some descriptive statistics. Figure 4.5 shows the table of
descriptive statistics with means, standard deviations, and standard
errors of disruptive behavior on moon days and other days. The
table is produced by ticking the Descriptives box in the Additional
Statistics menu. We can already see from the table that on moon
days patients displayed more disruptive behavior than on other days.
The same pattern is apparent from the Descriptives plot in Figure 4.6.
However, we need to conduct a hypothesis test to assess whether this
difference is statistically significant.

Figure 4.5: JASP output for the
Moon & Aggresion data (Moore
et al. 2012): Descriptive statistics of disruptive behavior on
full moon days and other days.

Before we interpret the results of the hypothesis test, we need
to check whether the assumption of normality is met. Figure 4.7
displays the results of the Shapiro-Wilk test of normality. The test is
not significant at the standard α = .05 level (W = 0.931, p = 0.148),
thus the hypothesis that the data are normally distributed cannot
be rejected. We therefore continue and interpret the results of the
Student’s t-test.1
The output of the paired samples t-test in Figure 4.8 suggests
that the frequency of disruptive behaviors on moon days differs
significantly from other days (t(14) = 6.452, p < 0.001). Specifically,
patients display on average 2.433 disruptive behaviors more on moon
days than on other days. It is highly improbable to find these results
(or more extreme) when there is no relation between the moon and
disruptive behavior.

See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

moon & aggression: paired samples t-test
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Figure 4.6: JASP output for the
Moon & Aggresion data (Moore
et al. 2012): Descriptive plot of
the disruptive behavior on full
moon days and other days. The
plot shows the sample means
and 95% confidence intervals.

Figure 4.7: JASP output for the
Moon & Aggresion data (Moore
et al. 2012): Shapiro-Wilk test of
normality.
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Want to Know More?

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition
3 Tijmstra, J. (2018). Why checking model assumptions using
null hypothesis significance tests does not suffice: A plea for
plausibility. Psychonomic Bulletin & Review, 25:548–559

Figure 4.8: JASP output for the
Moon & Aggresion data (Moore
et al. 2012): Paired samples
t-test.

5 Directed Reading Activities: Independent Samples
T-Test
Description
This data set, Directed Reading Activities, provides reading performance of two groups of pupils – one control group and one group
that was given Directed Reading Activities. Specifically:
“An educator believes that directed reading activities in the classroom
will help elementary school pupils improve their reading ability. The
educator arranges for a third-grade class of 21 students to participate
in these activities for a period of eight-weeks. A control class of 23
third-graders follows the same curriculum without the directed reading activities. At the end of the eight weeks, all students are given a
Degree of Reading Power test (DRP), which measures the aspects of
reading ability that the treatment is designed to improve.” (Moore et al.
2012, p. 432)

5.1

Purpose

The purpose of the original study was to examine whether directed
reading activity improves the reading ability of third-graders.
Here we use the data set to demonstrate the independent samples
t-test in JASP. Specifically, we assess whether directed reading activities help pupils improve their reading ability. To do this, we compare
pupils‘ reading performance in two classrooms, only one of which
received Directed Reading Activities.

5.2

Figure 5.1: How do we learn to
read? Image by furniturestop
under a CC0 license.

Data Screenshot

The Directed Reading Activities data set (Schmitt 1988) consists of 44
rows and 4 columns. Each row corresponds to one pupil.

Figure 5.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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Figure 5.3: Screenshot of
the first five rows of the Directed Reading Activities data
(Schmitt 1988) as reported in
(Moore et al. 2012).

5.3

Variables

• id
– Type: Categorical
– Description: Number that indexes the pupil.
• group
– Type: Categorical
– Description: Experimental group indicator (‘Treatment’ = participation in the Directed Reading Activities, ‘Control’ = control
group).
• g
– Type: Categorical
– Description: Experimental group indicator expressed as a binary
variable (0=‘Treat’, 1=‘Control’).
• drp (Degree of Reading Power)
– Type: Continuous
– Description: The performance on Degree of Reading Power test
(min = 0, max = 100).

5.4

Source

Schmitt, M. C. (1988). The effects of an elaborated directed reading activity
on the metacomprehension skills of third graders. PhD thesis, Purdue
University.
This example analysis is based on Chapter 7 (pp. 432–436) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to

Figure 5.4: Interested in this
example? Check out a JASP
blog post for more information: https://jasp-stats.org/
2018/04/18/how-to-conducta-classical-independentsample-t-test-in-jasp-andinterpret-the-results/

directed reading activities: independent samples t-test

the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

5.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/ue4qa/.

5.6

Example Analysis

To test the null hypothesis that pupils who took part in the Directed
Reading Activities develop their reading ability at the same rate
as the pupils in the control group, we perform a one-sided independent samples t-test. To conduct the analysis, select T-Tests →
Independent Samples T-Test option in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 5.5. The variable of interest is the ‘drp’ test score, which we drag
into the Dependent Variable box. We drag the ‘group’ variable into
the Grouping Variable box, as we want to asses whether there is
a difference between the two groups. Note that in this case, our alternative hypothesis is that the treatment group will have a higher
score on the DPR test than the control group. The treatment group
is in this case coded as a ‘Group 2’. Consequently, the correct onesided test requires that we select the third option under Hypothesis
(Group 1 < Group 2). To check the assumptions of the t-test, we tick
both Normality and Equality of Variances boxes, and also select
Descriptives. For more insight about the size of the effect we inspect
both the difference between the groups (Location parameter) and
the standardized difference (Effect size). For a more robust estimate, we will use the Welch version of the t-test, so we tick the Welch
box under Tests.
The JASP output is shown in Figures 5.6, 5.7, and 5.8. The descriptive statistics shown in Figure 5.6 reveal that the treatment group
scores on average 10 points higher than the control group and that
the variance of the control group is more than twice as large as that
of the treatment group. Figure 5.7 shows that Levene‘s test for equality of variances indicates that the null hypothesis cannot be rejected
at the α = .05 level (i.e., F (1) = 2.362, p = .132); nevertheless, the
size of the difference in variances suggests it is prudent to apply the
Welch test which does not assume equal variances. Figure 5.7 also
shows that the null hypothesis that the data are normally distributed
cannot be rejected, neither for the control group (W = 0.972, p = 0.732)
nor for the treatment group (W = 0.966, p = 0.652). Consequently, we
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Figure 5.5: Screenshot of the
JASP input panel for the analysis of the Directed Reading
Activities data (Schmitt 1988)
using the one-sided independent samples t-test.

directed reading activities: independent samples t-test

retain the assumption that the scores are normally distributed in both
of the groups and proceed with the Welch t-test.1
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See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

Figure 5.6: JASP output for the
Directed Reading Activities
data (Schmitt 1988): Descriptive
statistics of the two groups
performance on DRP. The Treatment group scores higher on
average, but is this difference
statistically significant?
Figure 5.7: JASP output for the
Directed Reading Activities
data (Schmitt 1988): Assumption checks of normality and
equality of variances.

The main results of the independent samples t-test shown in
Figure 5.8 indicate that the difference between the groups is significant at the α = .05 level. The Treatment group scores on average
about ten points higher on the DPR test than the Control group
(t(37.86) = 2.311, p = 0.013), translating to a medium effect size of
Cohen’s d = −0.691. The p-value of 0.013 indicates that the probability of obtaining this result or something more extreme, given that
the null hypothesis is true, is equal to 0.013. In other words, if the
reading ability of pupils in both groups were the same, the probability of randomly drawing a sample at least as extreme as the one we
observed is 1.3 %.
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5.7

Want to Know More?

3 Delacre, M., Lakens, D., and Leys, C. (2017). Why psychologists should by
default use Welch’s t-test instead of Student’s t-test. International Review
of Social Psychology, 30:92–101

3 Derrick, B., Toher, D., and White, P. (2016). Why Welch’s test is Type I error
robust. The Quantitative Methods in Psychology, 12:30–38

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

3 Tijmstra, J. (2018). Why checking model assumptions using null hypothesis
significance tests does not suffice: A plea for plausibility. Psychonomic
Bulletin & Review, 25:548–559

Figure 5.8: JASP output for the
Directed Reading Activities
data (Schmitt 1988): Independent samples t-test.

6

Stereograms: Bayesian Independent Samples T-Test

Figure 6.1: An example of a
stereogram. Can you see the
shack? (We can’t.)
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Description
This data set, Stereograms, provides the time it took two groups of
participants to see the objects hidden in a stereogram - one group
received advance information about the scene, the other group did
not. Specifically:
“Frisby and Clatworthy (1975) presented random dot stereograms
to 78 participants. Each participant was asked to report how long it
took them to fuse the random dot stereogram. Of the 78 participants,
35 were given extra visual information about the target image, in the
form of a 3D model. The remaining participants were given no such
information.” (except from workshop materials by Richard Morey,
available at https://osf.io/sx947/)

6.1

Purpose

The purpose of the original study (Frisby and Clatworthy 1975) was
to examine whether giving participants a priori information about
the hidden figure facilitates their stereopsis (i.e., the perception of
depth).
Here we use this data set to demonstrate the Bayesian independent
samples t-test in JASP. Specifically, we assess whether providing
participants with a priori information about a stereogram affects the
fusion times for the random dot stereograms.

6.2

Data Screenshot

The Stereograms data set (Frisby and Clatworthy 1975) consists of 78
rows and 4 columns. Each row corresponds to one participant.

Figure 6.2: Screenshot of the
the first five rows of the Stereograms data (Frisby and Clatworthy 1975).

6.3

Variables

• V1
– Type: Categorical

stereograms: bayesian independent samples t-test

– Description: Number that indexes the participant.
• fuseTime
– Type: Continuous
– Description: The time in seconds it took the participant to ‘fuse’
the figure in the stereogram.
• condition
– Type: Categorical
– Description: Experimental condition (NV = without visual
information about the stimulus, VV = with visual information).
• logFuseTime
– Type: Continuous
– Description: The natural logarithm of the time it took the participant to ‘fuse’ the figure in the stereogram.

6.4

Source

Frisby, J. P. and Clatworthy, J. L. (1975). Learning to see complex
random-dot stereograms. Perception, 4:173–178.

6.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/utn6y/.

6.6

Example Analysis

To conduct a Bayesian independent samples t-test, open the relevant analysis window under the T-tests → Bayesian Independent
Samples T-Test option from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 6.3. Our dependent variable is the ‘logFuseTime’ – we use the
log-transform because the times are heavily skewed (which you can
check using the descriptives) and so the raw data are not normally
distributed. To execute the analysis, drag the ‘logFuseTime’ into the
Dependent variables window. The grouping variable is the experimental condition. Our hypothesis is one-sided (providing people
with information about the stereogram should help them see the
hidden figure) and so we select Group 1 > Group 2 option in the
menu (that is, the alternative assumes that the group without information will have longer fuse times than the group with information).
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Figure 6.3: Screenshot of the
JASP input panel for analysis
of Stereograms data (Frisby
and Clatworthy 1975) using the
Bayesian independent samples
t-test.

stereograms: bayesian independent samples t-test

However, we also need to specify the prior distribution for effect size
under the alternative hypothesis. This can be done under the Prior
tab below the main options. The default choice is a Cauchy with a
scale of 0.707. The one-sided alternative hypothesis then states that a
half of the prior mass is below 0.7071 and values near zero are more
likely than values farther away. This hypothesis predicts that the effect is small or moderate, but also does not exclude very large effects.
To confirm that the evidence we report is not largely driven by the
prior we have chosen, we can also ask JASP to conduct a sensitivity
analyses producing Bayes factors for different scales of the Cauchy
distribution by selecting the Bayes factor robustness check.
The JASP output is shown in Figures 6.4 and 6.5. The information
on top of Figure 6.4 reveals that the Bayes factor in favor of the onesided hypothesis compared to the null hypothesis of no effect is
about BF+0 = 4.57: the data are about 4.6 more likely under the
alternative hypothesis than under the null hypothesis. Figure 6.4
shows that the relatively wide posterior distribution is suggesting
that there remains considerable uncertainty about the true size of the
effect.
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The interquartile range of a Cauchy
distribution is two times the scale. The
median of the half-Cauchy distribution
then has a median at the location +
scale of the Cauchy distribution, see

1

https://en.wikipedia.org/wiki/
Interquartile_range.

Figure 6.4: JASP output for the
Stereograms data (Frisby and
Clatworthy 1975): Prior and
posterior plot of the population
standardized effect size δ.

How would the evidence change if we used a different alternative
hypothesis? The robustness analysis in Figure 6.5 reveals that the
Bayes factor stays about the same for a wide range of prior specifications, featuring hypotheses that predict mostly small effects to
hypotheses that predict even very large effects. Only for hypotheses
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predicting tiny effects we do not have much information to distinguish between the hypotheses. We can conclude that our analysis is
robust and that the data offer some support for the effect of information on fuse time. However, we need to keep in mind that the Bayes
factor is not conclusive and probably would not convince a skeptic; in
addition, the effect could not be estimated precisely. To obtain more
conclusive information, additional data would need to be collected.

Figure 6.5: JASP output for the
Stereograms data (Frisby and
Clatworthy 1975): Robustness
analysis.

stereograms: bayesian independent samples t-test

6.7

Want to Know More?

3 Frisby, J. P. and Clatworthy, J. L. (1975). Learning to see complex randomdot stereograms. Perception, 4:173–178

3 This example is part of the JASP workshop materials. The Stereograms
data set is often presented by Richard Morey, available at https://osf.
io/sx947/.
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7 Kitchen Rolls: Independent Samples T-Test
with Lotte Kehrer

Description
This data set, Kitchen Rolls, provides openness to experience scores
for two groups of students, who rotated a kitchen roll either clockwise or counterclockwise. Specifically, this data set was reported in
Wagenmakers et al. (2015) who sought to replicate an original result
from Topolinski and Sparenberg (2012). Participants were asked to
turn a kitchen roll clockwise or counter-clockwise1 while answering a
questionnaire with 12 questions regarding openness to experience.

7.1

Purpose

This data set was the result of a replication of the kitchen roll experiment from Topolinski and Sparenberg (2012). The main hypothesis
of Topolinski and Sparenberg (2012) was that participants who rotated the kitchen rolls clockwise report more openness to experience
than participants who rotate them counterclockwise. Topolinski and
Sparenberg (2012) stated that their experiment provided support
for the hypothesis that clockwise movements “induce psychological
states of temporal progression and an orientation toward the future
and novelty”. Wagenmakers et al. (2015) replicated the study with
help of the original authors.
Here, we use this data set to demonstrate the frequentist independent samples t-test in JASP. Specifically, we will examine whether
turning a kitchen roll clockwise or counterclockwise influences openness to experience. The key dependent variable is ‘mean NEO’ – the
mean scores of each participant on the shortened 12-item version of
the Openness to Experience subscale of the Neuroticism – Extraversion – Openness Personality Inventory (NEO PI-R; Costa and McCrae
1992; Hoekstra et al. 1996).

Figure 7.1: Experimental apparatus. Image by Santeri
Viinamäki under a CC-BY 4.0
license.
See Figure 7.2 for an impression of the
experimental setup.

1
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Figure 7.2: Experimental setup
of the Kitchen Rolls data set
(Wagenmakers et al. 2015).
Participants answer questions
about openness to experience
while rotating a kitchen roll
either clockwise or counterclockwise (Wagenmakers et al.
2015).

kitchen rolls: independent samples t-test

7.2
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Data Screenshot

The Kitchen Rolls data set (Wagenmakers et al. 2015) consists of
102 rows and 25 columns. Each row corresponds to one participant.
Originally, 115 participants took part in the study; 48 turned the
rolls clockwise and 54 turned them counterclockwise. The remaining
participants were dropped from the data set due to missing values.
The key dependent variable is in the column ‘mean NEO’, which
contains the mean scores of each participant on the shortened 12-item
version of the openness to experience sub scale of the Neuroticism –
Extraversion – Openness Personality Inventory (NEO PI-R). The column ‘Rotation’ includes the crucial information about experimental
group membership.

7.3

Variables

• ParticipantNumber
– Type: Continuous
– Description: Number that indexes the participant.
• Condition
– Type: Categorical
– Description: Code for combination of rotation condition (clockwise/counterclockwise) and location of the answer option
“completely agree” (top of the page or bottom of the page). ‘1’
= counterclockwise & bottom; ‘2’ = clockwise & bottom, ‘3’ =
counterclockwise & top, ‘4’ = clockwise & top.
• q1_check
– Type: Continuous
– Description: Control question about pleasantness of the task:
“How pleasant did you think this task was?”, rated on a scale
from 0 (not at all) to 10 (very much).
• q2_check

Figure 7.3: Screenshot of five
rows and eight columns of the
Kitchen Rolls data (Wagenmakers et al. 2015).
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– Type: Continuous
– Description: Control question about effort invested in the task:
“How much effort did you have to invest in this task?”, rated on
a scale from 0 (very little) to 10 (very much).
• q3_check
– Type: Continuous
– Description: Control question for mood: “At this moment, how
do you feel?” on a scale from 0 (very bad) to 10 (very good).
• q4_check
– Type: Continuous
– Description: Control question for arousal: “At this moment, how
aroused are you?” on a scale from 0 (very relaxed) to 10 (very
aroused).
• q1_NEO, q2_NEO, ..., q12_NEO
– Type: Continuous
– Description: 12 questions of the NEO PI-R. Answers were given
on a scale from 1 to 5 (1 = completely disagree to 5 = completely
agree).
• mean NEO
– Type: Continuous
– Description: Standardized mean score on the NEO PI-R that consists of 12 questions (variables q1_NEO, q2_NEO, ..., q12_NEO)
• Rotation
– Type: Categorical
– Description: Experimental group, that is, the direction in which
the kitchen roll was turned (‘clock’ = clockwise, ‘counter’ =
counterclockwise).
• Include
– Type: Categorical
– Description: ‘TRUE’ if included in the analysis, ‘FALSE’ if not.
• Age
– Type: Continuous
– Description: Age of the participant.
• Sex

kitchen rolls: independent samples t-test

– Type: Categorical
– Description: Gender of the participant (‘F’ = female, ‘M’ = male).
• Student
– Type: Categorical
– Description: Is the participant a student? (‘Y’ = yes, ‘N’ = no).
• Major Occupation
– Type: Categorical
– Description: The major (study) or the occupation of the participants.

7.4

Source

Wagenmakers, E.-J., Beek, T., Rotteveel, M., Gierholz, A., Matzke,
D., Steingroever, H., Ly, A., Verhagen, A. J., Selker, R., Sasiadek, A.,
and Pinto, Y. (2015). Turning the hands of time again: A purely
confirmatory replication study and a Bayesian analysis. Frontiers in
Psychology: Cognition, 6:494

7.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/4ncdu/.

7.6

Example Analysis

To conduct a frequentist independent samples t-test, open the relevant analysis window under T-Tests → Independent Samples
T-Test option from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 7.4. The variable of interest is the mean score on the NEO test,
and so the ‘mean NEO’ variable is dragged into the Dependent
Variables box. The experimental condition, ‘Rotation’, has to be
put into the Grouping Variable box.
Under Tests, tick the Student box. Because the alternative hypothesis is directional (turning the kitchen rolls clockwise should increase
openness to experience), select the Group 1 > Group 2 option under
Hypothesis section, specifying a one-sided test. The t-test assumes
that the dependent variable follows a normal distribution and has the
same variance in both groups. We need to check these assumptions,
so we select both options under Assumption Checks. Additionally, we
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Figure 7.4: Screenshot of the
JASP input panel for analysis
of Kitchen Rolls data (Wagenmakers et al. 2015) using
independent samples t-test.

kitchen rolls: independent samples t-test
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tick the Descriptives box from the Additional Statistics menu to
display descriptive statistics for both experimental groups.
The JASP output is shown in Figures 7.5, 7.6, and 7.7. To obtain a
better understanding of the data and the possible differences between
the groups, it is usually a good idea to look at the descriptive statistics first. The Group Descriptives table in Figure 7.5 displays the
group means on the NEO test (‘clock’ = 0.641 vs. ‘counter’ = 0.713).
At first sight, this difference does not seem too large, but it does go
in the direction opposite to the one that was predicted, that is, participants in the clockwise group reported lower openness to experience
than participants in the couterclockwise group. The standard deviation of the two groups is almost equal (‘clock’ = 0.496 vs. ‘counter’ =
0.473).

Figure 7.5: JASP output for
the Kitchen Rolls data (Wagenmakers et al. 2015): Descriptive
statistics of openness to experience in the clockwise and
counterclockwise group.
Before considering the results of the t-test, we will first assess
whether the assumptions of the t-test are met. Figure 7.6 displays the
results of the assumption checks. The Shapiro-Wilk test of normality
is not statistically significant at the α = .05 level for either of the
groups. This means that we do not reject the null hypothesis of
normality and thus provisionally retain the hypothesis that the data
are normally distributed. Levene‘s test of equality is not statistically
significant at the α = .05 level either. This means that we do not reject
the null hypothesis that the variances of the experimental groups are
equal. Since both assumptions of the t-test have not been rejected, we
proceed to the results of the independent samples t-test.2
Figure 7.7 shows the results of the independent samples t-test.
With t(100) = −0.754, p = 0.453, the t-test is not significant at the
α = .05 level. Thus, we do not reject the hypothesis that the rotation
manipulation has no effect on openness to experience; there is a
difference between the two groups in the present sample, but it
likely does not generalize to the population. The conclusion of the
replication study is therefore inconsistent with the conclusions of the
original study.3

2
See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

Note: it is statistically incorrect
to draw strong conclusions from a
comparison of p-values (e.g., Gelman
and Stern 2006, Nieuwenhuis et al.
2011). For a superior methodology see
Verhagen and Wagenmakers (2014).
3
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Figure 7.6: JASP output for the
Kitchen Rolls data (Wagenmakers et al. 2015): Shapiro-Wilk
test of normality and Levene’s
test of equal variances.

Figure 7.7: JASP output for the
Kitchen Rolls data (Wagenmakers et al. 2015): Independent
samples t-test.

kitchen rolls: independent samples t-test

7.7

Want to Know More?

3 Costa, P. T. and McCrae, R. R. (1992). NEO Personality Inventory Professional Manual. Odessa, FL: Psychological Assessment Resources
3 Gelman, A. and Stern, H. (2006). The difference between “significant" and “not significant" is not itself statistically significant. The
American Statistician, 60:328–331
3 Hoekstra, H. A., Ormel, J., and de Fruyt, F. (1996). Handleiding bij
de NEO Persoonlijkheids vragenlijsten NEO-PIR, NEO-FFI [manual for
the NEO Personality Inventories NEO-PI-R and NEO-FFI]. Lisse, the
Netherlands: Swets & Zeitlinger
3 Nieuwenhuis, S., Forstmann, B. U., and Wagenmakers, E.-J. (2011).
Erroneous analyses of interactions in neuroscience: A problem of
significance. Nature Neuroscience, 14:1105–1107
3 Tijmstra, J. (2018). Why checking model assumptions using
null hypothesis significance tests does not suffice: A plea for
plausibility. Psychonomic Bulletin & Review, 25:548–559
3 Topolinski, S. and Sparenberg, P. (2012). Turning the hands of
time: Clockwise movements increase preference for novelty. Social
Psychological and Personality Science, 3:308–314
3 Verhagen, A. J. and Wagenmakers, E.-J. (2014). Bayesian tests to
quantify the result of a replication attempt. Journal of Experimental
Psychology: General, 143:1457–1475
3 Wagenmakers, E.-J., Beek, T., Rotteveel, M., Gierholz, A., Matzke,
D., Steingroever, H., Ly, A., Verhagen, A. J., Selker, R., Sasiadek, A.,
and Pinto, Y. (2015). Turning the hands of time again: A purely
confirmatory replication study and a Bayesian analysis. Frontiers in
Psychology: Cognition, 6:494
3 Wagenmakers, E.-J., Marsman, M., Jamil, T., Ly, A., Verhagen, A. J.,
Love, J., Selker, R., Gronau, Q. F., Šmíra, M., Epskamp, S., Matzke,
D., Rouder, J. N., and Morey, R. D. (2018). Bayesian inference for
psychology. Part I: Theoretical advantages and practical ramifications. Psychonomic Bulletin & Review, 25:35–57
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8 Horizontal Eye Movements: Bayesian Independent
Samples T-Test
Description
This data set, Horizontal Eye Movements, provides the number of
correctly recalled words by two groups of participants - during the
retention interval, one group was instructed to fixate on a centrally
presented dot; the other group was instructed to execute horizontal saccades. Specifically, the authors described the experiment as
follows:
“Participants were presented with a list of neutral study words for a
subsequent free recall test. Prior to recall, participants were requested
to perform - depending on the experimental condition - either horizontal, vertical, or no eye movements (i.e., looking at a central fixation
point). The type of eye movement was thus manipulated between
subjects. As the effect of eye movement on episodic memory has
been reported to be influenced by handedness, we tested only strong
right-handed individuals. The dependent variable of interest was the
number of correctly recalled words.” (Matzke et al. 2015, p. e3)

In this example, we will consider only the horizonal eye-movement
condition and compare it to the control condition.

8.1

Purpose

This study was part of an adversarial collaboration between skeptics
(i.e., Dora Matzke, Hedderik van Rijn, and Eric-Jan Wagenmakers)
and proponents (i.e., Sander Nieuwenhuis and Heleen Slagter). The
skeptics questioned the hypothesis endorsed by the proponents that
recall performance improves when participants execute a series of
horizontal saccades immediately prior to recall (Matzke et al. 2015).
Here we use this example to demonstrate the Bayesian independent samples t-test in JASP. Specifically we assess whether participants who have just made a series of horizontal saccades recall more
words than those who did not.

Figure 8.1: Do horizontal saccades improve recall? Image
by annaharmsthiessen under a
CC0 license.

76

the jasp data library

8.2

Data Screenshot

The Horizontal Eye Movements data (Matzke et al. 2015) consists of
49 rows and 3 columns. Each row corresponds to one participant.
The original study (Matzke et al. 2015) used three groups; the data of
one group (vertical saccades) are not included in the present data set.

Figure 8.2: Screenshot of the
first four rows of the Horizontal
Eye Movements data (Matzke
et al. 2015).

8.3

Variables

• ParticipantNumber
– Type: Categorical
– Description: Number that indexes the participant.
• Condition
– Type: Categorical
– Description: Identification of the experimental conditions (‘Fixed’
= control group, ‘Horizontal’ = experimental group).
• CriticalRecall
– Type: Continuous
– Description: The number of correctly recalled words. The test list
consisted of 78 words.

8.4

Source

Matzke, D., Nieuwenhuis, S., van Rijn, H., Slagter, H. A., van der
Molen, M. W., and Wagenmakers, E.-J. (2015). The effect of horizontal eye movements on free recall: A preregistered adversarial
collaboration. Journal of Experimental Psychology: General, 144:e1–e15

horizontal eye movements: bayesian independent samples t-test

8.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/u8j9y/.

8.6

Example Analysis

To conduct the Bayesian independent samples t-test, open the relevant analysis window under the T-tests → Bayesian Independent
Samples T-Test option from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 8.3. The dependent variable is ‘Critical Recall’, while the grouping variable is the experimental ‘Condition’. Because our hypothesis
is that horizontal eye movements condition will benefit recall, we select the Group 1 < Group 2 under Hypothesis section (i.e., the mean
number of correctly recalled words is predicted to be smaller in the
‘Fixed’ condition than in the ‘Horizontal’ condition): in other words,
we specify a one-sided test. We use the default Cauchy distribution
with scale 0.707, but also select Bayes factor robustness check to
see how the Bayes factor changes with different scales.
The JASP output is shown in Figures 8.4, 8.5, 8.6, and 8.7. The
upper table in Figure 8.4 shows that the Bayes factor in favor of the
alternative hypothesis is about 0.09, which means that the data are
over 10 times (1/0.09) more likely under the null hypothesis of no
difference than under the alternative hypothesis that postulates a
beneficial effect of the horizontal eye-movements.
The lower table in Figure 8.4 appears after we select Descriptives
under Additional Statistics. The ‘Fixation’ group has a mean
number of correctly recalled words of 15.29 with 95% CI[12.60, 17.98],
whereas the ‘Horizonal’ group has a mean of 10.88 with 95% CI[9.10,
12.66]; in other words, the effect actually goes in the direction opposite to the one predicted by the alternative hypothesis. Specifically,
horizontal saccades appear to hurt recall performance rather than
help it. We can also see the patterns of the results in the Descriptives
plot in Figure 8.5, which can be obtained by ticking the Descriptive
plots option in the input panel.
In a Bayesian analysis, it is always advised (if possible) to visualize
the prior and posterior distribution for the effect of interest. This is
done by selecting the Prior and posterior plot in the input panel,
and the JASP output is shown in the Figure 8.6. The prior is non-zero
only for negative values (i.e., a consequence of specifying a onesided test, that is, imposing the restriction that recall performance
in the ‘Fixed’ group is smaller than that in the ‘Horizontal’ group)
and much of its mass is close to zero (i.e., small effects). However,
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Figure 8.3: Screenshot of the
JASP input panel for the analysis of the Horizonal Eye Movements data (Matzke et al. 2015)
using Bayesian one-sided independent samples t-test.

Figure 8.4: JASP output for the
Horizontal Eye Movements data
(Matzke et al. 2015): Bayesian
one-sided independent samples
t-test and descriptives of recall
in the control and experimental
groups.

horizontal eye movements: bayesian independent samples t-test
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Figure 8.5: JASP output for the
Horizontal Eye Movements
data (Matzke et al. 2015): The
descriptive plot of the sample means with 95% credible
intervals.

the prior is still relatively flat so it allows even large effects. The
posterior is peaked near zero, which reflects the fact that the effect is
actually in the direction opposite the one predicted by the alternative
hypothesis. As indicated by the grey dots, the point null hypothesis
became more probable having seen the data, which is numerically
expressed by the Bayes factor.1
In order to explore robustness, Figure 8.7 shows how the Bayes
factor changes as a function of the scale of the Cauchy distribution.
When the scale is small, the alternative hypothesis concentrates its
prior mass near zero, and therefore makes predictions that are similar
to those of null hypothesis; consequently, the data are less diagnostic
and the evidence in favor of the null hypothesis decreases. The
evidence in favor of the null grows as the scale gets larger because
the alternative hypothesis then puts more weight on large positive
effects. At all times the BF supports the null hypothesis, and so we
can conclude that the hypothesis of a beneficial effect of horizontal
eye movements on recall was not supported by the data.

1

See Dickey (1971).
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Figure 8.6: JASP output for the
Horizontal Eye Movements data
(Matzke et al. 2015): Prior and
posterior distributions of the
effect size.

Figure 8.7: JASP output for the
Horizontal Eye Movements data
(Matzke et al. 2015): The Bayes
factor robustness check.

horizontal eye movements: bayesian independent samples t-test

8.7

Want to Know More?

3 Dickey, J. M. (1971). The weighted likelihood ratio, linear hypotheses
on normal location parameters. The Annals of Mathematical Statistics,
42:204–223

3 Matzke, D., Nieuwenhuis, S., van Rijn, H., Slagter, H. A., van der Molen,
M. W., and Wagenmakers, E.-J. (2015). The effect of horizontal eye
movements on free recall: A preregistered adversarial collaboration. Journal
of Experimental Psychology: General, 144:e1–e15
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9

Invisibility Cloak: Independent Samples T-Test

Description
This data set, Invisibility Cloak, provides the number of mischievous
acts committed by two groups of people, those with and those without an invisibility cloak. Specifically:
“I imagine a future in which we have some cloaks of invisibility to test
out. Given my slightly mischievous streak, the future me is interested
in the effect that wearing a cloak of invisibility has on the tendency
for mischief. I take 24 participants and place them in an enclosed
community. The community is riddled with hidden cameras so that we
can record mischievous acts. Half of the participants are given cloaks
of invisibility; they are told not to tell anyone else about their cloak
and that they can wear it whenever they like. I measure how many
mischievous acts they perform in a week.” (Field 2017, p. 755)

9.1

Purpose

Anyone who has read the Harry Potter books knows that the invisibility cloak is a useful attribute to have. However, the cloak can be
used for doing evil as its owner can get into various places unnoticed. Andy Field invites us to imagine that the invisibility cloak was
invented and sold by a company for profit. The company might be
interested whether and to what extend the act of wearing the cloak
tempts people to engage in mischief. This fictional data set presents
the outcome of a randomised trial to assess whether ot not the cloak
corrupts the mind.
Here, we use this data set to demonstrate the independent samples
t-test in JASP. Specifically, we will assess the adequacy of the null
hypothesis that the number of mischievous acts is the same for the
group with and without the invisibility cloak.

9.2

Figure 9.1: With a great cloak
comes a great responsibility.
Image on GetDrawings under a
CC-BY-NC 4.0 license.

Data Screenshot

The invisibility cloak data set (Field 2013; 2017) consist of 24 rows
and 3 columns. Each row corresponds to one participant.

Figure 9.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Figure 9.3: Screenshot of the
first five rows of the Invisibility
Cloak data (Field 2017).

9.3

Variables

• Participant
– Type: Categorical
– Description: Participant ID.
• Cloak
– Type: Categorical
– Description: The experimental conditions (‘0’ = no cloak, ‘1’ =
cloak).
• Mischief
– Type: Continuous
– Description: The number of mischievous acts commited.

9.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

invisibility cloak: independent samples t-test
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/x6p7m/.

9.6

Example Analysis

To conduct the frequentist independent samples t-test, open the
relevant analysis window under the T-test → Independent Samples
T-Test option from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 9.4. The dependent variable is ‘Mischief’, and the grouping
variable is ‘Cloak’. We test the two-sided hypothesis, so under
Hypothesis we don’t have to change anything.1 We can request
both the Student and the Welch t-test, so that we can compare the
results assuming and not assuming, respectively, equality of variances between the groups. This assumption can be also checked
under the Assumption Checks section, along with test of normality,
by selecting Equality of variances and Normality box, respectively.
We can also request additional output under Additional Statistics
such as the difference in means by ticking the Location parameter
box, the effect size (Cohen’s d) by ticking the Effect size box, and
select descriptives ticking the Descriptives and Descriptives plots
boxes.
The JASP output is shown in Figures 9.5, 9.6, and 9.7. Figure
9.5 shows that the Student t-test is not statistically significant at
the α = .05 level (t(22) = −1.7134, p = 0.101). The results for the
Welch t-test are essentially the same. Levene’s test for the equality
of variances was also not statistically significant. The normality
assumption was not rejected for either of the two groups (Shapiro–
Wilk’s test (W = 0.913, p = 0.231 and W = 0.973, p = 0.936, for groups
with and without the cloak, respectively). The differences between
the groups are visualized in Figure 9.7.
Based on the analysis we performed, we cannot reject the null
hypothesis that the cloak of invisibility is harmless.

This is for educational purposes
only. The hypothesized direction is
evident and one might well argue that a
one-sided test is more appropriate.

1
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Figure 9.4: Screenshot of the
JASP input panel for the analysis of the Invisibility Cloak
data (Field 2017) using the
independent samples t-test.

Figure 9.5: JASP output for the
Invisibility Cloak data (Field
2017): Independent samples
t-test.

invisibility cloak: independent samples t-test
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Figure 9.6: JASP output for the
Invisibility Cloak data (Field
2017): Shapiro Wilk test of
normality, and Levene’s test of
Equality of Variances.

Figure 9.7: JASP output for the
Invisibility Cloak data (Field
2017): Descriptives plot. The
dots represent the mean number of mischiefs and whiskers
the 95 % confidence intervals.
‘0’ = group without a cloak, ‘1’
= Group with a cloak.
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Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition

Part III

ANOVA

10

Pain Thresholds: One-Way ANOVA

Description
This data set, Pain Thresholds, provides pain threshold for people
with different hair color. Specifically:
“Studies conducted at the University of Melbourne indicate that
there may be a difference between the pain thresholds of blonds and
brunettes. Men and women of various ages were divided into four
categories according to hair colour: light blond, dark blond, light
brunette, and dark brunette. Each person in the experiment was given
a pain threshold score based on his or her performance in a pain
sensitivity test (the higher the score, the higher the person’s pain
tolerance).” (excerpt from http://www.statsci.org/data/oz/blonds.
html)

10.1

Purpose

The purpose of the original study by McClave and Dietrich (1991)
was to
“determine whether hair colour is related to the amount of pain
produced by common types of mishaps and assorted types of trauma.”
(excerpt from http://www.statsci.org/data/oz/blonds.html)

Here we use this data set to demonstrate the Bayesian and frequentist one-way ANOVA in JASP. Specifically, we will test whether
people with different hair colors do not differ in their pain thresholds.

10.2

Data Screenshot

The Pain Thresholds data set consists of 19 rows and 3 columns. Each
row corresponds to one participant.

Figure 10.1: What does hair
color have to do with pain
perception? Image on pxhere
under a CC0 license.
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10.3

Variables

• V1
– Type: Categorical
– Description: Number that indexes the participant.
• Hair Color
– Type: Categorical
– Description: Hair color of the participant (‘Light Blond’; ‘Dark
Blond’; ‘Light Brunette’; ‘Dark Brunette’).
• Pain Tolerance
– Type: Continuous
– Description: Score on a pain sensitivity test (the higher the score,
the higher the pain tolerance).

10.4

Source

McClave, J. T. and Dietrich, F. H. (1991). Statistics. San Francisco:
Dellen Publishing, Exercise 10.20, http://www.statsci.org/data/oz/
blonds.html

10.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/gq5w2/.

Figure 10.2: Screenshot of the
first eight rows of the Pain
Thresholds data (McClave and
Dietrich 1991).

pain thresholds: one-way anova
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Example Analysis

To assess whether people with different hair colors do not differ in
their mean pain tolerance, we conduct a one-way ANOVA, both in a
Bayesian and frequentist framework.
To conduct the frequentist one-way ANOVA, select ANOVA →
ANOVA in the Common menu. A screenshot of the relevant JASP input
panel is shown in Figure 10.3. Drag ‘Pain Tolerance’ in the Dependent
Variable box and ‘Hair Color’ in the Fixed Factors box.

Figure 10.3: Screenshot of the
JASP input panel for the analysis of the Pain Thresholds data
(McClave and Dietrich 1991)
using the frequentist ANOVA:
Model setup.

The result of the of the frequentist ANOVA, displayed in Figure 10.4, shows that ‘Hair Color’ is statistically significantly associated with ‘Pain Tolerance’ at the α = 0.05 level, F(3,15) = 6.79, p =
0.004. This means that we may feel licensed to reject the null hypothesis that people with different hair colors do not differ in their pain
tolerance.

Figure 10.4: JASP output for the
Pain Thresholds data (McClave
and Dietrich 1991): Frequentist
ANOVA.

To conduct the Bayesian one-way ANOVA, select ANOVA → Bayesian
ANOVA in the Common menu. Then, as in the frequentist setting, drag

‘Pain Tolerance’ in the Dependent Variable box and ‘Hair Color’ in
the Fixed Factors box. To gain a better idea of the distribution of
group means, we plot the group means by dragging ‘Hair Color’ in
the Horizontal axis box in under Descriptive Plots section (see
Figure 10.5). Tick the Credible interval box to display credible
intervals around the group means.
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Figure 10.5: Screenshot of the
JASP input panel for the analysis of the Pain Thresholds data
(McClave and Dietrich 1991)
using ANOVA: Descriptive
plots with confidence intervals.

The JASP output is shown in Figures 10.6 and 10.7. Figure 10.6
shows that BF10 , the Bayes factor in favor of the alternative hypothesis, is 11.969. This means that the data are approximately 12 times
more likely under the model that includes a ‘Hair Color’ effect. This
can be considered strong evidence for the alternative hypothesis (Lee
and Wagenmakers 2013, Jeffreys 1939).

Figure 10.6: JASP output for the
Pain Thresholds data (McClave
and Dietrich 1991): Bayesian
ANOVA.

Figure 10.7 displays the group means of levels of the ‘Hair Color’
factor with error bars indicating the 95% CI’s. On a descriptive level,
‘Light Blond’ is associated with the highest pain tolerance, followed
by ‘Dark Blond’, ‘Light Brunette’, and ‘Dark Brunette’. However, to
test this particular order, one would have to conduct a follow up test.

pain thresholds: one-way anova
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Figure 10.7: JASP output for the
Pain Thresholds data (McClave
and Dietrich 1991): Descriptives
plot. Mean ‘Pain Tolerance’ of
each ‘Hair Color’ group are
shown with error bars displaying the 95% credible intervals
around the point estimate.
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Want to Know More?

3 Jeffreys, H. (1939). Theory of Probability. Oxford: Oxford University
Press, 1st edition
3 Lee, M. D. and Wagenmakers, E.-J. (2013). Bayesian Cognitive
Modeling: A Practical Course. Cambridge: Cambridge University
Press
3 McClave, J. T. and Dietrich, F. H. (1991). Statistics. San Francisco:
Dellen Publishing
3 Rouder, J. N., Morey, R. D., Speckman, P. L., and Province, J. M.
(2012). Default Bayes factors for ANOVA designs. Journal of
Mathematical Psychology, 56:356–374
3 Rouder, J. N., Morey, R. D., Verhagen, J., Swagman, A. R., and
Wagenmakers, E.-J. (2017). Bayesian analysis of factorial designs.
Psychological Methods, 22:304–321
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Facebook Friends: One-Way ANOVA

Figure 11.1: As of 14th November 2019, JASP has 2,860
friends.

Description
This data set, Facebook Friends, provides preference ratings for
Facebook profiles – five groups judge the same profiles, except for the
aspect that was manipulated: the number of friends for that profile.
Specifically:
“Participants examined one of five stimuli, each containing a Facebook
profile mock-up. Elements of these stimuli (e.g. photographs, wall

Figure 11.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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posts, etc.) remained constant over the five versions, with the exception
of the number of friends which appeared on the profile as 102, 302, 502,
702, or 902. [...] Data were collected on the physical and social attractiveness of the profile owner using measures created by McCroskey
and McCain (1974).” (Tong et al. 2008, p. 540)

11.1

Purpose

The purpose of the original study was to assess whether having
‘too many’ friends on a Facebook profile harms the person’s social
attractiveness.
“In social networking systems, social norms apply in assessing whether
friending reaches a point of incredulity or foolishness. Offline, there
seems to be no upper limit to the number of friends one can have; the
bigger one’s social network, the higher the ratings of positive attributes
(i. e., ‘Jane has lots of friends, she must be so likable, kind, trustworthy,
etc.’). Gross excesses that Facebook can facilitate appear to violate
this relationship. After a point, too many connections may result in
negative judgments.[...] Terms like ‘Friendster whore’ suggest that
in this new domain of online social networks, there comes a point
when too many apparent friendship connections becomes too much
of a good thing. When the number of friends becomes implausible,
apparent sociometric popularity becomes a hindrance, rather than an
advantage, to the good impression of the profile owner.” (Tong et al.
2008, p. 538)

Here we use this data set to demonstrate the one-way ANOVA
with quadratic contrasts in JASP. Specifically, in line with to the
expectation from Tong et al. (2008) above, we will test whether the
social attractiveness ratings of a Facebook profile initially raises with
the number of Facebook friends, but then declines with a very large
number of friends.

11.2

Data Screenshot

The Facebook friends data set consists of 134 rows and 3 columns.
Each row corresponds to one participant.

11.3

Variables

• Friends
– Type: Categorical
– Description: The experimental condition (number of Facebook
friends shown on the profile) divided across five categories (102,
302, 502, 702, and 902 friends).

facebook friends: one-way anova

• Participant
– Type: Categorical
– Description: Number that indexes the participant.
• Score
– Type: Continuous
– Description: The mean of seven social attractiveness items.
Scores ranges from 1 (not attractive) to 7 (very attractive).

11.4

Source

Tong, S. T., Van Der Heide, B., Langwell, L., and Walther, J. B. (2008).
Too much of a good thing? The relationship between number of
friends and interpersonal impressions on Facebook. Journal of
Computer-Mediated Communication, 13:531–549
This example analysis is based on Chapter 12 (pp. 603–627) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

11.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/x5hjm/.

11.6

Example Analysis

To conduct a one-way ANOVA, select the relevant analysis window
under the ANOVA → ANOVA option from the Common menu. Screenshots of the relevant JASP input panel are shown in Figures 11.4
and 11.5. The setup for the analysis is straightforward: drag the
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Figure 11.3: Screenshot of the
first five rows of the Facebook
Friends data (Tong et al. 2008)
as reported in Moore et al.
(2012).

100

the jasp data library

‘Score’ variable (the social attractiveness ratings) into the Dependent
Variable box and drag ‘Friends’ (experimental condition) to the
Fixed Factors box. To obtain the estimate of effect size, select η 2
from the Additional Options section. In order to test whether social attractiveness rises with the number of Facebook friends at first,
but then declines for a very large number or friends, we conduct a
quadratic contrast analysis. Open the Contrast section and select the
polynomial contrast for the ‘Friends’ factor, as shown in Figure 11.4.
The JASP output of the one-way ANOVA is displayed in Figures 11.6, 11.7, and 11.8. The default ANOVA procedure yields the
standard partitioning of the variance into the between-group and
within-group variances, as well as the F-test for the significance of
the group differences. In our case, the between-group variance is
the systematic variation that can be explained through the ‘Friends’
factor. The within-group variance is the residual variance. The results show that F(4, 129) = 4.142, p = 0.003: the effect of Facebook
friends is statistically significant at the α = 0.05 level. This means it
is unlikely that these group differences (or more extreme) would be
observed if the number of Facebook friends had no impact on the
social attractiveness ratings. The experimental manipulation explains
about 11% of the total variance of the ‘Score’ variable (η 2 = 0.114).
The JASP output for the results of the contrast analysis can be
found in Figure 11.7. JASP automatically computes linear, quadratic,
cubic, and quartic contrasts and presents them in a table below the
ANOVA output. We are interested in the quadratic contrast, as we
test whether the social attractiveness rating first rises with the number of Facebook friends but then declines with a very large number
of friends. Figure 11.7 shows that the quadratic contrast is significant,
c = −0.747, t(129) = −3.364, p = 0.001).1 This result should be also
inspected visually. To do this, we can open the Descriptives Plots
section and put the ‘Friends’ factor into the Horizontal axis box.
Then, tick the Display error bars box and select the Confidence
interval option. The plot displayed in Figure 11.8 shows the pattern
of the group means, which supports the hypothesis that social attractiveness first rises with an increasing number of Facebook friends,
but then declines..

Figure 11.4: Screenshot of the
JASP input panel for the analysis of the Facebook Friends
data (Tong et al. 2008) using
ANOVA: Specifying polynomial
contrasts.

NB. In order to be tested properly,
such a hypothesis ought to be formulated before seeing the data (e.g., De
Groot 2014)

1
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Figure 11.5: Screenshot of the
JASP input panel for the analysis of the Facebook Friends
data (Tong et al. 2008) using a
one-way ANOVA: Model setup.

Figure 11.6: JASP output for the
Facebook Friends data (Tong
et al. 2008): One-way ANOVA.
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Figure 11.7: JASP output for the
Facebook Friends data (Tong et
al., 2008): Polynomial contrast.

Figure 11.8: JASP output for the
Facebook friends data (Tong
et al., 2008): Descriptives plot.
Observed means of social attractiveness ratings are shown with
95% confidence intervals.

facebook friends: one-way anova
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3 De Groot, A. D. (1956/2014). The meaning of “significance” for different
types of research. Translated and annotated by Eric-Jan Wagenmakers,
Denny Borsboom, Josine Verhagen, Rogier Kievit, Marjan Bakker, Angelique Cramer, Dora Matzke, Don Mellenbergh, and Han L. J. van der
Maas. Acta Psychologica, 148:188–194

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

3 Tong, S. T., Van Der Heide, B., Langwell, L., and Walther, J. B. (2008). Too
much of a good thing? The relationship between number of friends and
interpersonal impressions on Facebook. Journal of Computer-Mediated
Communication, 13:531–549
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Response to Eye Color: One-Way ANOVA

Description
This data set, Response to Eye Color, provides post-advertisement
attitudes towards a brand expressed by four different groups - each
group saw the same advertisement except for the aspect that was
manipulated: the eye-color of the model. Specifically:
“[...] students in marketing and management classes [...] were presented one of four portfolios. Each portfolio contained a target advertisement (ad) for a fictional product. Students were asked to view
the ad and then respond to questions concerning their attitudes and
emotions about the ad and product.[...] The target ads were created
using two digital photographs of a model. In one picture the model
is looking directly at the camera so the eyes can be seen. This picture
was used in three target ads. The only difference was the model’s eyes,
which were made to be either brown, blue, or green. In the second
picture, the model is in virtually the same pose but looking downward
so the eyes are not visible.”(Moore et al. 2012, p. 627)

12.1

Figure 12.1: Which eye color
benefits advertisement the
most? Image by Lohrelei under
a CC0 license.

Purpose

The purpose of the original study was to assess whether eye gaze
and eye color of a model posing on an advert have an impact on
perception of a brand.
“Research from a variety of fields has found significant effects of
eye gaze and eye color on emotions and perceptions such as arousal,
attractiveness, and honesty. These findings suggest that a model’s eyes
may play a role in a viewer’s response to an ad.” (Moore et al. 2012, p.
627)

Here we use this example to demonstrate the one-way ANOVA
to test the adequacy of a null hypothesis stating that eye-color of
the model used in an advertisement does not influence the attitudes
towards the brand.

Figure 12.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.

106

the jasp data library

12.2

Data Screenshot

The Response to Eye Color data set (Moore et al. 2012) consists of 77
rows and 3 columns. Each row corresponds to one participant.

12.3

Variables

• Group
– Type: Categorical
– Description: Experimental condition (‘Blue’ = Model with blue
eyes, ‘Brown’ = Model with brown eyes, ‘Green’= Model with
green eyes, ‘Down’ = Model’s eye color cannot be seen).
• Subj
– Type: Categorical
– Description: Number that indexes the participant.
• Score
– Type: Continuous
– Description: An average of ten survey questions about attitudes
toward the brand (7-point Likert scale). Higher averages correspond to more positive attitudes.

12.4

Source

Simpson, P. M., Sturges, D. L., and Tanguma, J. (2008). The eyes have it,
or do they? The effects of model eye color and eye gaze on consumer
ad response. The Journal of Applied Business and Economics, 8:60–72.
This example analysis is based on Chapter 12 (pp. 627–629) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to

Figure 12.3: Screenshot of the
first 5 rows of the Response to
Eye Color data (Moore et al.
2012).

response to eye color: one-way anova
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the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

12.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/jr4zs/.

12.6

Example Analysis

To conduct the one-way ANOVA, open the relevant analysis window
under the ANOVA → ANOVA option from the Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 12.4, 12.5, and 12.6. Put ‘Score’ in the Dependent Variable
box, and ‘Group’ in the Fixed Factors box. Under the Assumption
Checks section, select both boxes (Homogeneity tests and Q-Q plot
of residuals). As shown in Figure 12.5, to create a descriptives plot
with confidence intervals, open the Descriptives Plots section, put
‘Group’ into the Horizontal axis box, and select Display error
bars with the default option of the 95% Confidence intervals. As
shown in Figure 12.6, we open the Additional Options section, select Descriptive statistics, Estimates of effect size (with the
default option of η 2 ), and the Vovk-Selke maximum p-ratio.

Figure 12.4: Screenshot of the
JASP input panel for the analysis of the Response to Eye Color
data (Moore et al. 2012) using a
one-way ANOVA: Model setup
and Assumption checks.
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Figure 12.5: Screenshot of the
JASP input panel for the analysis of the Response to Eye Color
data (Moore et al. 2012) using a
one-way ANOVA: Descriptives
plot.

Figure 12.6: Screenshot of the
JASP input panel for the analysis of the Response to Eye Color
data (Moore et al. 2012) using a
one-way ANOVA: Requesting
descriptive statistics, effect size,
and Vovk-Sellke Maximum
p-ratio.

response to eye color: one-way anova

The JASP output is shown in Figures 12.9, 12.7, 12.8, and 12.10.
Figures 12.7 and 12.8 show the results for the assumption checks.
The assumption of equality of variances is not rejected, but the distributions within the groups have possibly slightly lighter tails than
a normal distribution as indicated by the ‘S’ shape of the Q-Q plot,
possibly due to ceiling and floor artifacts of the Likert scales. Below,
we first interpret the results of ANOVA and then assess whether the
conclusions change when a nonparametric test is applied.
Figure 12.9 shows that the null hypothesis of no difference between the experimental groups ought to be rejected at the conventional α = 0.05 level; F (3,218) = 2.894, p = 0.036, η 2 = 0.038. However,
the grouping variable captures only 3.8% of the variance in the attitudes. The Vovk-Selke maximum p-ratio (VS-MPR) indicates that the
observed p-value is only about 3 times more likely to occur under the
best alternative hypothesis than under the null hypothesis.1

Figure 12.10 shows the plot for the means with 95% confidence
intervals. It is apparent that the group differences are relatively small.
Figure 12.11 shows how to conduct a non-parametric KruskalWallis test. Open the Nonparametrics section and put ‘Group’ to the
window on the right.
The results from Kruskal-Wallis test, shown in Figure 12.12, corroborates the results from the ANOVA (H(3) = 8.663, p = 0.034): the
effect seems to be robust against the violation of normality.
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1
For an intuitive explanation of the
VS-MPR see https://jasp-stats.org/
2017/06/12/mysterious-vs-mpr/.

Figure 12.7: JASP output for
the Response to Eye Color data
(Moore et al. 2012): Levene’s
test of Equality of Variances.

110

the jasp data library

Figure 12.8: JASP output for
the Response to Eye Color data
(Moore et al. 2012): Q-Q plot of
residuals. If the data follow a
normal distribution within the
groups, the data points should
fall on the diagonal.

Figure 12.9: JASP output for
the Response to Eye Color data
(Moore et al. 2012): One-way
ANOVA.

response to eye color: one-way anova
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Figure 12.10: JASP output for
the Response to Eye Color data
(Moore et al. 2012): Descriptives
plot. Observed means of the
‘Score’ are shown with 95%
confidence intervals for each
experimental group.

Figure 12.11: Screenshot of the
JASP input panel for the analysis of the Response to Eye Color
data (Moore et al. 2012) using a
Kruskal-Wallis test.

Figure 12.12: JASP output for
the Response to Eye Color data
(Moore et al. 2012): KruskalWallis test.
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3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

3 Simpson, P. M., Sturges, D. L., and Tanguma, J. (2008). The eyes have it,
or do they? The effects of model eye color and eye gaze on consumer ad
response. The Journal of Applied Business and Economics, 8:60–72
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Erotic Pictures & Love: 2 × 2 ANOVA

Description
This data set, Erotic Pictures and Love, provides men and women’s
feelings towards their partners after watching either erotic or artistic
pictures. Specifically, the data set comes from a Study 1 by Balzarini
et al. (2017), who describe the experiment as follows:
“The experimental males were exposed to 16 female nude centerfold
images from Playboy and Penthouse, while experimental females were
exposed to 16 male nude centerfold images from Playgirl. Control
subjects viewed 16 abstract art images (e.g., Josef Albers, “Homage
to the square”, Jackson Pollocks, “Convergence”). Participants first
indicated their sex in the demographic questionnaire, and based on
this response and their random assignment to either the control or
experimental condition, they either saw nude centerfolds of people of
the opposite-sex, or images of abstract art. In all conditions, each image
was shown for 15 s. After viewing each image, participants were asked
to rate how aesthetically pleasing the image was. After all images
were shown and the aesthetic judgments were made, participants were
told that there is some controversy about how relationships influence
responses to art. They were told that some psychologists believe
that being in a stable relationship enhances people’s appreciation
of art, while others feel that the deep involvement interferes with
aesthetic appreciation, and still others believe that it depends on the
type of relationship. Participants were then asked to respond to a
questionnaire regarding how they rate their relationship. In addition,
they were asked to complete a questionnaire assessing their love for
their partner.” (Balzarini et al. 2017, p. 192)

13.1

Purpose

The purpose of the study by Balzarini et al. (2017) was to replicate
the finding of Kenrick et al. (1989) who reported that males exposed
to pictures of attractive women report less love and attraction towards their female partners compared to males exposed to abstract
art, while females exposed to pictures of attractive men do not show
this difference.

Figure 13.1: Image by Ogutier
under a CC0 license.
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“The purpose of the current research was to conduct independent
(close) replications of Kenrick et al.’s (1989; Study 2) findings to provide additional estimates of how strongly exposure to erotica affects
males’ ratings of their partner’s sexual attractiveness and their love for
their partner. For this purpose, three high-powered (estimated power
of 0.95) and pre-registered independent replications were conducted
using approximately the same manipulations and measures as the
original study.” (Balzarini et al. 2017, p. 192)

Here we use this data set to demonstrate the factorial ANOVA in
JASP. Specifically, we test whether participants rate the pleasantness
of erotic pictures differently than the pleasantness of abstract art
pictures. Furthermore, we will test whether this difference depends
on gender (i.e., we will test the interaction between picture category
and gender).

13.2

Data Screenshot

The Erotic Pictures & Love data set (Balzarini et al. 2017, Study 1)
contains 223 rows and 7 columns. Each column corresponds to one
participant.

13.3

Variables

• Gender
– Type: Categorical
– Description: Participants’ gender.
• Age
– Type: Continuous
– Description: Participants’ age in years.
• RelLen
– Type: Continuous
– Description: Number of years in the current relationship.

Figure 13.2: Screenshot of the
first five rows of the Erotic Pictures & Love data (Balzarini
et al. 2017, Study 1).

erotic pictures & love: 2 × 2 anova

• Condition
– Type: Categorical
– Description: Experimental condition (‘Nudes’ = Nude pictures,
‘Abstract Art’ = Abstract Art pictures).
• PartnerAttractiveness
– Type: Continuous
– Description: A sum of 6 Likert items about the partners’ attractiveness (1=“not at all” 9=“very much”) .
• LoveForPartner
– Type: Continuous
– Description: A sum of 13 Likert items from the Love Scale (Rubin 1970).
• AveragePleasantness
– Type: Continuous
– Description: A mean of 3 Likert items (ranged from 1 to 7),
averaged across 16 pictures, that measure the self-reported
pleasantness of the presented pictures.

13.4

Source

Balzarini, R., Dobson, K., Chin, K., and Campbell, L. (2017). Does exposure to erotica reduce attraction and love for romantic partners in
men? Independent replications of Kenrick, Gutierres, and Goldberg
(1989) study 2. Journal of Experimental Social Psychology, 70:191–197

13.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/3ujk8/.. Associated data files and SPSS
syntax by Balzarini et al. (2017) can be found at https://osf.io/
b47jp/.

13.6

Example Analysis

To conduct the 2 × 2 ANOVA, open the relevant analysis window
under ANOVA → ANOVA option from the Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 13.3 and 13.4. Figure 13.3 shows how to setup the ANOVA

115

116

the jasp data library

model. ‘AveragePleasantness’ serves as a Dependent Variable and
‘Gender’ with ‘Condition’ serve as Fixed Factors.
Figure 13.4 shows the setup for the additional output. For an
overview of the general mean patterns, put ‘Gender’ and ‘Condition’
to the window for Marginal Means under Additional Options section, or simply select Descriptives. To produce the effect sizes, select
the Estimates of effect size → partial η 2 under Additional
Options. To produce plots, open the Descriptives Plots section and
drag ‘Condition’ into the Horizontal axis box and ‘Gender’ into
the Separate lines box, and select Display error bars with the
Confidence interval option.

Figure 13.3: Screenshot of the
JASP input panel for the analysis of Erotic Pictures & Love
data set (Balzarini et al. 2017)
using ANOVA: Model setup.

The JASP output is shown in Figures 13.5, 13.6, and 13.9. Figure 13.5 shows that the effect of Gender is statistically significant
at the α = .05 level (F(219,1) = 10.185, p = 0.002, η 2p = 0.044). The
marginal means table for gender in Figure 13.6 shows that males
rated the pictures on average to be more pleasant (mean = 5.066, SE
= 0.106) than did females (mean = 4.553, SE = 0.121). The main effect
of condition (i.e., picture category) was not statistically significant
(F(219,1) = 0.121, p = 0.728, η 2p = 0.001), as participants rated the abstract art roughly the same (µ = 4.781, se = 0.107) as the nude pictures
(µ = 4.837, se = 0.120). However, there was an interaction between
gender and condition (F(219,1) = 22.291, p < 0.001 , η 2p = 0.044).
To inspect the interaction effect, we can conduct a simple effects
analysis. Open the Simple Main effects in the input panel (shown
in Figure 13.7) and assign ‘Condition’ to the Simple effects factor,
and ‘Gender’ to Moderator Factor 1. This setting will result in two

erotic pictures & love: 2 × 2 anova
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Figure 13.4: Screenshot of the
JASP input panel for the analysis of Erotic Pictures & Love
data set (Balzarini et al. 2017)
using ANOVA: Requesting
additional output.

Figure 13.5: JASP output for
the Erotic Pictures & Love data
(Balzarini et al. 2017): ANOVA.
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Figure 13.6: JASP output for
the Erotic Pictures & Love data
(Balzarini et al. 2017): Marginal
means.

one-way ANOVAs comparing the experimental conditions for males
and females separately.

Figure 13.7: Screenshot of the
JASP input panel for the analysis of Erotic Pictures & Love
data set (Balzarini et al. 2017)
using ANOVA: Simple main
effects.

Figure 13.8: JASP output for
the Erotic Pictures & Love data
(Balzarini et al. 2017): Simple
main effects.

The output of the simple effects is shown in Figure 13.8. The
effect of condition was statistically significant among women (F(1,
219)=8.49, p=0.004) as well as among men (F(1, 219) = 14.71, p <
0.001). Figure 13.9 shows that women rated the abstract art as more
pleasant than nude pictures, whereas the effect is opposite for men.

erotic pictures & love: 2 × 2 anova
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Figure 13.9: JASP output for
the Erotic Pictures & Love
data (Balzarini et al. 2017):
Descriptives plot. The mean
pleasantness ratings of the abstract art versus nude pictures
(along the x-axis) for Females
(white dots) and Males (black
dots) are shown together with
95% confidence intervals.
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3 Balzarini, R., Dobson, K., Chin, K., and Campbell, L. (2017). Does exposure
to erotica reduce attraction and love for romantic partners in men? Independent replications of Kenrick, Gutierres, and Goldberg (1989) study 2. Journal
of Experimental Social Psychology, 70:191–197

3 Kenrick, D. T., Gutierres, S. E., and Goldberg, L. L. (1989). Influence
of popular erotica on judgments of strangers and mates. Journal of
Experimental Social Psychology, 25:159–167
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Heart Rate: 2 × 2 ANOVA

Description
This data set, Heart Rate, provides heart rate of male and female
runners and generally sedentary participants following 6 minutes of
exercise. Specifically:
“A study compared cardiovascular risk factors between runners who
averaged at least 15 miles per week and a control group described as
‘generally sedentary’. Both men and women were included in the study.
There were 200 subjects for each combination, summing up to a total of
800 participants. One of the variables measured was the heart rate after
6 minutes of exercise on a treadmill.” (Moore et al. 2012, p. 649)

14.1

Purpose

Figure 14.1: Is exercising good
for your health? Image by
Sport-Tiedje GmbH under a
CC-BY-SA 4.0 license.

The purpose of the original study was to investigate whether regular
physical activity has health benefits.
“In recent years, there appears to have been a remarkable increase in
the number of men, women, and children who regularly exercise by
running or jogging.[...] It is clear that many of these new exercisers,
particularly men in middle age, attribute health benefits, especially
reduced risk of cardiovalcular disease, to this form of increased aerobic
activity.” (Wood et al. 1977, p. 748)

Here we use this data set to demonstrate the factorial 2 × 2 betweensubjects ANOVA in JASP. Specifically, we compare heart rates between a group of runners and a sedentary group, and the differences
between men and women.

Figure 14.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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Data Screenshot

The Heart Rate data set (Wood et al. 1977) consists of 800 rows and 3
columns. Each row corresponds to one participant.

Figure 14.3: Screenshot of the
first 5 rows of Heart Rate data
(Wood et al. 1977) as reported
in Moore et al. (2012).

14.3

Variables

• Gender
– Type: Categorical
– Description: Participants’ gender.
• Group
– Type: Categorical
– Description: Running habits (‘Runners’ = participant who averages at least 15 miles per week, ‘Control’ = participant described as “generally sedentary”).
• Heart Rate
– Type: Continuous
– Description: Heart rate (beats per minute) after 6 minutes of
exercise on a treadmill.

14.4

Source

Wood, P. D., Haskell, W. L., Stern, M. P., Lewis, S., and Perry, C.
(1977). Plasma lipoprotein distributions in male and female runners.
Annals of the New York Academy of Sciences, 301:748–763.
This example analysis is based on Chapter 13 (pp. 649–652) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

heart rate: 2 × 2 anova
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/5czda/.

14.6

Example Analysis

To conduct the ANOVA, open the relevant analysis window under
ANOVA → ANOVA from the Common menu.
Screenshots of the relevant JASP input panels are shown in Figure 14.4, 14.5, and 14.6. Figure 14.4 shows how to set up the ANOVA.
Drag ‘Heart Rate’ into the Dependent Variable box and the two factors (‘Gender’ and ‘Group’) into the Fixed Factors box. Open the
Assumption Checks section and select Homogeneity test and Q-Q
plot of residuals. Figure 14.5 shows how to create a descriptive
plot: open the Descriptives Plots section and drag ‘Group’ into the
Horizontal axis box and ‘Gender’ into the Separate lines box, and
tick the Display error bars box. Figure 14.6 shows how to request
some additional information: open the Additional Options section and select Estimates of effect size and Vovk-Selke maximum
p-ratio.

Figure 14.4: Screenshot of the
JASP input panel for analysis
Heart Rate data (Wood et al.
1977) using ANOVA: Model
setup.

The JASP output is shown in Figures 14.7, 14.8, and 14.9. Figure 14.7 shows the assumption checks. Levene’s test suggests that the
groups have different variances ( F(3,796) = 5.562, p < 0.001). How-
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Figure 14.5: Screenshot of the
JASP input panel for analysis
Heart Rate data (Wood et al.
1977) using ANOVA: Descriptives plot.

Figure 14.6: Screenshot of the
JASP input panel for analysis
Heart Rate data (Wood et al.
1977) using ANOVA: Requesting effect sizes and Vovk-Selke
maximum p-ratio.

heart rate: 2 × 2 anova
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Figure 14.7: JASP output for
the Heart Rate data (Wood et al.
1977): Assumption checks.
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ever, with large sample sizes (here, 800 participants) and a balanced
design, ANOVA is robust against violation of this assumption (e.g.,
Richter and Payton 2003). One can also inspect the descriptive statistics to see how large the differences between the variances are. In this
case, the differences are not that pronounced as the largest variance
is less than twice as big as the smallest variance. The Q-Q plot shows
that the data are close to the theoretical normal distribution. Thus,
we continue to interpret the results of the ANOVA.
Figure 14.8 shows the results of ANOVA. The main effect of ‘Gender’ is statistically significant at the α = .05 level (F(1, 796) = 185.980,
p < 0.001), and explains about 11 % of the variance of heart rate. The
main effect of ‘Group’ is statistically significant at the α = .05 level
as well (F(1, 796) = 695.647, p < 0.001), and explains about 41 % of
the variance of heart rate. Since the interaction is also statistically
significant at the α = .05 level (F(1, 796) = 7.409, p < 0.007), we need
to carefully examine the effect of interaction on the main effects, even
though the interaction explains relatively small portion of the total
variance (0.4 %) of heart rate.

Figure 14.9 shows the means of the groups with 95% confidence
intervals. It is evident that both male and female runners have lower
heart rates than people in the control group. The difference between
men and women is also evident, as women have a higher heart rate
than men on average. The fact that the two lines are not exactly
parallel indicates the interaction effect, which suggests that the
difference between the men and women is larger in the control group
than in the group of runners.

Figure 14.8: JASP output for
the Heart Rate data (Wood et al.
1977): ANOVA.

heart rate: 2 × 2 anova
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Figure 14.9: JASP output for
the Heart Rate data (Wood et al.
1977): Descriptives plot. The
mean heart rates of a control
group versus a group of runners (along x-axis) for Females
(white dots) and Males (black
dots) are shown together with
95% confidence intervals.
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Want to Know More?

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

3 Richter, S. J. and Payton, M. E. (2003). Performing two-way analysis of
variance under variance heterogeneity. Journal of Modern Applied Statistical
Methods, 2:152–160

3 Wood, P. D., Haskell, W. L., Stern, M. P., Lewis, S., and Perry, C. (1977).
Plasma lipoprotein distributions in male and female runners. Annals of the
New York Academy of Sciences, 301:748–763
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Beer Goggles: 2 × 3 ANOVA

Description
This data set, Beer Goggles, provides median attractiveness ratings of
50 attractive or unattractive faces after consuming different amounts
of alcohol. Specifically:
“An anthropologist was interested in the effects of facial attractiveness
on the beer-goggles effect. She randomly selected 48 participants.
Participants were randomly subdivided into three groups of 16: (1) a
placebo group drank 500 ml of alcohol-free beer; (2) a low-dose group
drank 500 ml of average strength beer (4% ABV); and (3) a high-dose
group drank 500 ml of strong beer (7% ABV). Within each group, half
(n = 8) rated the attractiveness of 50 photos of unattractive faces on a
scale from 0 (pass me a paper bag) to 10 (pass me their phone number)
and the remaining half rated 50 photos of attractive faces. The outcome
for each participant was their median rating across the 50 photos.”
(Field 2017, pp. 1025–1026)

15.1

Purpose

“The study tested the prediction that subjective perceptions of physical
attractiveness become inaccurate after drinking alcohol (the wellknown beer-goggles effect). The example is based on real research
by Chen, Wang, Yang, and Chen (2014) who looked at whether the
beer-goggles effect was influenced by the attractiveness of the faces
being rated. The logic is that alcohol consumption has been shown to
reduce accuracy in symmetry judgements, and symmetric faces have
been shown to be rated as more attractive. If the beer-goggles effect is
driven by alcohol impairing symmetry judgements then you’d expect a
stronger effect for unattractive (asymmetric) faces (because alcohol will
affect the perception of asymmetry) than attractive (symmetric) ones.
The data we’ll analyse are fictional, but the results mimic the findings
of this research paper.” (Field 2017, p. 1025)

Here we use this data set to demonstrate frequentist factorial
ANOVA in JASP. Specifically, we will test whether alcohol has a
stronger effect on ratings for unattractive faces than on the attractive
ones (i.e., the interaction between alcohol dose and face type).

Figure 15.1: The experimental
manupulation. Image by Ariadne ariadnerb under a CC0
license.

Figure 15.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Data Screenshot

The Beer Goggles data set (Field 2017) consists of 48 rows and 3
columns. Each row corresponds to one participant.

15.3

Variables

• FaceType
– Type: Categorical
– Description: Attractiveness of the rated faces (‘0’ = unattractive,
‘1’ = attractive).
• Alcohol
– Type: Categorical
– Description: Amount of alcohol consumed (‘0’ = Placebo group
with 500 ml of non-alcoholic beer, ‘1’ = Low-dose group with
500 ml of average strength beer (4% ABV), ‘2’ = High-dose
group with 500 ml of strong beer (7% ABV).
• Attractiveness
– Type: Categorical
– Description: Median of the 50 attractiveness ratings on a scale
from 0 (“pass me a paper bag”) to 10 (“pass me their phone
number”).

15.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.

Figure 15.3: Screenshot of the
first 5 rows of the Beer Goggles
data (Field 2017).

beer goggles: 2 × 3 anova
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Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

15.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/wqzhp/.

15.6

Example Analysis

To conduct a frequentist ANOVA, open the relevant analysis window
under the ANOVA → ANOVA option from the Common menu.
Screenshots of the relevant JASP input panels are shown in Figures 15.4, 15.5, and 15.6. Figure 15.4 shows the ANOVA model specification. ‘Attractiveness’ belongs to the Dependent Variable box. Our
predictors are ‘FaceType’ and ‘Alcohol’ and need to be placed in the
Fixed Factors box. To assess whether the assumptions of ANOVA
are met, open Assumption checks section and select Homogeneity
tests and Q-Q plot of residuals.

Figure 15.4: Screenshot of the
JASP input panel for analysis of
Beer Goggles data (Field 2017)
using ANOVA: Model setup
and assumption checks.
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To visualize the results, open the Descriptives Plots section and
drah ‘Alcohol’ to the Horizontal axis box, and ‘FaceType’ to the
Separate lines box, as shown in Figure 15.5. Select Display error
bars to plot the 95% confidence intervals around the group means.

Figure 15.5: Screenshot of the
JASP input panel for analysis of
Beer Goggles data (Field 2017)
using ANOVA: Descriptives
plots.

We expect that participants who rated unattractive faces will differ
in the attractiveness ratings under different doses of alcohol, but
not the participants who rated attractive faces, and so we conduct
a simple main effects analysis. Figure 15.6 shows how to conduct
a simple main effects comparing the three ‘Alcohol’ doses for the
‘FaceType’ levels separately. Assign ‘FaceType’ to the Moderator
Factor 1 and ‘Alcohol’ to the Simple effect factor.

Figure 15.6: Screenshot of the
JASP input panel for analysis of
Beer Goggles data (Field 2017)
using ANOVA: Simple effects
analysis.

The JASP output is shown in Figures 15.7, 15.8, 15.9, and 15.10.
Figure 15.7 shows the results from the assumption checks. Based

beer goggles: 2 × 3 anova

on the Levene’s test of equality of variances, we cannot reject the
null hypothesis that all groups have equal variances (F(5, 42) =
0.702, p = 0.625). The Q-Q plot of residuals shows that the data are
approximately normally distributed. We provisionally retain the
assumptions of ANOVA and continue to interpret the results.1

Figure 15.8 shows statistically significant main effects of face
attractiveness (F(1, 42) = 15.583, p < 0.001), and alcohol dose (F(2,
42) = 6.041, p = 0.005). Furthermore, the interaction between face
attractiveness and alcohol dose was also statistically significant (F(2,
42) = 8.507, p < 0.001). The significant interaction suggests that we
need to inspect the results of the simple main effect analysis.
Figure 15.9 shows that the simple effect analysis indicates statistically significant effect of alcohol on rating unattractive faces (F(2, 42)
= 14.335, p < 0.001). However, for the rating of attractive faces, the
null hypothesis that alcohol has no effect on rating of attractive faces
cannot be rejected (F(2, 42) = 0.212, p = 0.809).
Figure 15.5 suggests that the consumption of alcohol increases
attractiveness ratings, but only for unattractive faces. Note that to
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See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

Figure 15.7: JASP output for
the Beer Goggles data (Field
2017): Levene’s test of equality
of variances and a Q-Q plot of
residuals.
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Figure 15.8: JASP output for the
Beer Goggles data (Field 2017):
ANOVA.

Figure 15.9: JASP output for
the Beer Goggles data (Field
2017): Simple main effects analysis. The doses of ‘Alcohol’ are
compared for attractive and
unattractive faces separately.
confirm that the attractiveness ratings of unattractive faces increase between all three alcohol doses, we would need to perform a post-hoc
test or to plan a contrast analysis (the simple main effects analysis
only rejected the hypothesis that the ratings are the same, but that
does not mean they have to increase monotonically with alcohol
doses). We also cannot say that the ratings of the attractive faces are
the same regardless of the alcohol dose, as we only failed to reject
this hypothesis. To provide evidence for the null, we would need to
conduct a Bayesian analysis.

Figure 15.10: JASP output for
the Beer Goggles data (Field
2017): Descriptives plot. Mean
attractiveness rating of the
unattractive faces (white dots)
and attractive faces (black
dots) under three alcohol doses
(along x-axis) together with 95%
confidence intervals.
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Want to Know More?

3 Chen, X., Wang, X., Yang, D., and Chen, Y. (2014). The moderating
effect of stimulus attractiveness on the effect of alcohol consumption on attractiveness ratings. Alcohol and Alcoholism, 49:515–519
3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
3 Tijmstra, J. (2018). Why checking model assumptions using
null hypothesis significance tests does not suffice: A plea for
plausibility. Psychonomic Bulletin & Review, 25:548–559
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16 Singers: Bayesian 2 × 2 ANOVA
with Angelika Stefan
Description
This data set, Singers, provides body heights and voice parts of
singers of the New York Choral Society. Specifically, the data provide
“heights in inches of the singers in the New York Choral Society in
1979. The data are grouped according to voice part. The vocal range
for each voice part increases in pitch according to the following order:
Bass 2, Bass 1, Tenor 2, Tenor 1, Alto 2, Alto 1, Soprano 2, Soprano
1.” (Kevin Wright, http://stat.ethz.ch/R-manual/R-devel/library/
lattice/html/singer.html).

16.1

Purpose

The purpose of the original study was a descriptive analysis of choir
singers’ characteristics.
Here we use this data set to demonstrate Bayesian two-way
ANOVA in JASP. Specifically, we will test the hypothesis that male
and female singers with different pitch also differ in their body
height.

16.2

Figure 16.1: Singers. Image on
pxhere under a CC0 license.

Data Screenshot

Figure 16.2: Singers of a choral
society struggling with standing arrangements.

The Singers data set (Chambers et al. 1983) consists of 235 rows and 8
columns. Each row represents one member of the New York Choral
Society.

Figure 16.3: Screenshot of the
first four rows of the Singers
data (Chambers et al. 1983).
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16.3

Variables

• V1
– Type: Categorical
– Description: Number that indexes the singer.
• Height
– Type: Continuous
– Description: Body height of the singers in inches.
• Voice.part
– Type: Categorical
– Description: Voice part of the singer (all combinations of ‘Part’
and ‘Within.part.level’). The absolute pitches of the voice parts
are in this order: ‘Soprano 1’ > ‘Soprano 2’ > ‘Alto 1‘ > ‘Alto 2‘
> ‘Tenor 1‘ > ‘Tenor 2‘ > ‘Bass 1‘ > ‘Bass 2‘.
• Gender
– Type: Categorical
– Description: Gender of the singers (‘female’ = female, ‘male’ =
male).
• Part
– Type: Categorical
– Description: Main voice part of the singer (‘Soprano’ = soprano,
‘Alto’ = alto, ‘Tenor’ = tenor, ‘Bass’ = bass). Soprano and alto are
female voices, tenor and bass are male voices.
• Within.part.
– Type: Categorical
– Description: Specification of pitch within the main voice part,
e.g., high soprano, low soprano (1 = higher pitch, 2 = lower
pitch).
• Within.gender.level
– Type: Categorical
– Description: Specification of pitch within the gender, e.g., soprano is the high pitch female voice and alt is a low pitch
female voice (‘high’ = high pitch, ‘low’ = low pitch).
• Pitch

singers: bayesian 2 × 2 anova
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– Type: Categorical
– Description: Pitch of the voice independent of gender, e.g., both
high soprano and high tenor have a very high pitch of voice (‘1.
very high’ = high soprano or high tenor, ‘2. high’ = low soprano
or low tenor, ‘3. low’ = high alto or high bass, ‘4. very low’ =
low alto or low bass).

16.4

Source

Chambers, J. M., Cleveland, W. S., Kleiner, B., and Tukey, P. A. (1983).
Graphical Methods for Data Analysis. New York: Chapman & Hall, data
set 4.

16.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/rzy9q/.

Figure 16.4: Data set included
in R: https://stat.ethz.ch/Rmanual/R-devel/library/
lattice/html/singer.html

16.6

Example Analysis

To conduct the Bayesian ANOVA, select the ANOVA → Bayesian ANOVA
option from the Common menu. Screenshots of the relevant JASP input
panel are shown in Figures 16.5, 16.6, and 16.7. Figure 16.5 shows
how to set up the ANOVA model. Drag the variable ‘Height’ into the
Dependent Variable field and the variables ‘Gender’ and ‘Pitch’ into
the Fixed Factors field. Tick the Effects option in the Output menu
to display the results for all effects in the model.
Figure 16.6 shows how to conduct post-hoc tests. Open the Post
Hoc Tests section and drag ‘Pitch’ to the box on the right to conduct
pair-wise comparisons between the levels of ‘Pitch’.
Figure 16.7 shows how to plot the results. Open the Descriptives
Plots section of the Bayesian ANOVA input panel. Drag the factor
‘Pitch’ into the Horizontal axis window and the factor ‘Gender’
into the Separate plots window. Tick the Credible interval box to
display error bars around the mean estimates.
The JASP output of the Bayesian ANOVA is shown in Figures 16.8
and 16.9. The model comparison table in Figure 16.8 lists the results
for all models under consideration. The principle of marginality dictates that models with interaction terms also include the constituent
main effects. Hence, our two-way ANOVA has five models: The null
model, two single main effect models, one model with two main
effects, and one model with two main effects and an interaction term.
All models are compared to the null model (specified by the option
Compare to null model in Figure 16.5).
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Figure 16.5: Screenshot of
the JASP input panel for the
Figure 16.6: Screenshot of
analysis of the Singers data
the JASP input panel for the
(Chambers et al. 1983) using
analysis of the Singers data
Bayesian ANOVA: Model setup.
(Chambers et al. 1983) using
Bayesian ANOVA: Post hoc
tests.

Figure 16.7: Screenshot of
the JASP input panel for the
analysis of the Singers data
(Chambers et al. 1983) using
Bayesian ANOVA: Descriptives
plot.
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The column P(M) shows the prior model probabilities. In this
case, all prior model probabilities are 0.2 so that all models are
equally plausible a priori. The column P(M|data) shows the posterior model probabilities of the five models, and the column BFM
shows the change from prior to posterior model odds. The column
BF10 lists the Bayes factor in favor of each of the models compared to
the null model.
All models receive strong evidence compared to the null model.
Accordingly, the null model has the lowest posterior model probability. The model that outperforms the null model the most is the model
with two main effects (Gender + Pitch) and has the highest posterior
probability P(Gender+Pitch|data) = 0.892.

Figure 16.8: JASP output for the
Singers data (Chambers et al.
1983): Model comparison in
Bayesian ANOVA.

Figure 16.9 displays the evidence for the presence or absence of
each of the factors averaged across the different models. In our twofactor design, we have five models but only three different effects: the
main effect of ‘Gender’, the main effect of ‘Pitch’, and the interaction
effect between the two factors.
Figure 16.9: JASP output for the
Singers data (Chambers et al.
1983): Analysis of effects.

The Analysis of Effects table shows the results with respect to
individual effects, and not the whole models. In a two-way ANOVA,
the effects we test are the two main effects and one interaction, identified by the first column in the table. The second column, P(incl),
displays the prior probability of inclusion, which is the sum of all
prior model probabilities of models that contain the respective effect.
The third column, P(incl|data), contains the posterior inclusion
probability and is calculated in the same way as the prior inclusion
probability: it is a sum of posterior probabilities of the models containing that effect. The last column displays the Bayes factor in favor
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of the inclusion of the effect. We observed an overwhelming evidence
for the presence of an effect of ‘Gender’, strong evidence for the presence of an effect of ‘Pitch’, and weak evidence for the absence of the
interaction.
Figure 16.10: JASP output for
the Singers data (Chambers
et al. 1983): Post hoc tests for
the factor ‘Pitch’.

The post hoc tests for the factor ‘Pitch’ are shown in Figure 16.10.
Pitch has four levels: ‘very high’, ‘high’, ‘low’, and ‘very low’. As
in frequentist statistics, we use post hoc tests to determine which of
these levels differ from each other, given we observed evidence for
differences between them in the results from ANOVA. We compare
each level to every other level using Bayesian t-test. This results in six
pair-wise comparisons. The most important information in the Post
Hoc Comparison table can be found in the Posterior Odds column.
Unlike the Bayes factors, the posterior odds are corrected for multiple
testing by fixing to 0.5 the prior probability that the null hypothesis
holds across all comparisons (Westfall et al. 1997, de Jong 2019). Both
from the Bayes factor and from the posterior odds column, we can
see that the existence of a difference between the levels ‘very high’
and ‘very low’ receives the highest support. This means that the
individuals with a very high pitch of voice (high sopranos and high
tenors) differ from the individuals with lowest pitch of voice (low
altos and low basses) in their average body height. Specifically, the
posterior odds are 82.154: after seeing the data, the probability that
this difference exists in the population of Singers is 82.154 times
larger than the probability that the null hypothesis is correct (given
the prior model probabilities defined by Westfall et al. 1997). The
uncorrected Bayes factor for this difference is 198.338 which can be
interpreted as extreme evidence for a difference between the two
levels compared to the hypothesis of no difference. There is also
strong evidence for differences between the ‘very high’ pitch and
‘low’ pitch (BF10 = 12.914) and between the high pitch and the very
low pitch (BF10 = 12.707), leading to the corrected posterior odds of
5.349 and 5.264, respectively.
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Figure 16.11: JASP output for
the Singers data (Chambers
et al. 1983): Descriptives plot.
Mean height (in inches) of females (white dots) and males
(black dots), ordered from very
high pitch to very low pitch
(along the x-axis) together with
95% credible intervals.

The descriptive plot displayed in Figure 16.11 shows the effects
that we inspected in the model comparison. Male singers are on average taller than female singers. The upwards trending lines indicate
that singers with different voice pitch differ in their body height.
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Want to Know More?

3 Chambers, J. M., Cleveland, W. S., Kleiner, B., and Tukey, P. A. (1983).
Graphical Methods for Data Analysis. New York: Chapman & Hall

3 de Jong, T. (2019). A Bayesian Approach to the Correction for Multiplicity.
Master thesis, University of Amsterdam. https://psyarxiv.com/s56mk/

3 Westfall, P. H., Johnson, W. O., and Utts, J. M. (1997). A Bayesian perspective on the Bonferroni adjustment. Biometrika, 84:419–427

17 Tooth Growth: 2 × 3 ANOVA
with Lotte Kehrer
Description
This data set, Tooth Growth, provides “the length of odontoblasts
(cells responsible for tooth growth) in guinea pigs. Each animal
received one of three dose levels of vitamin C (0.5, 1, and 2 mg/day) by one of two delivery methods, orange juice (OJ) or ascorbic
acid (a from of vitamin C coded as VC).” (excerpt from the data set
documentation in R)

17.1

Purpose

The purpose of the original research (Crampton 1947) was to examine
the bioassay (i.e., concentration or potency of a substance by its effect
on a living organism) of vitamin C.
“The problem of the assay of this vitamin was of particular concern
to the Canadian Government during the war years because of the
difficulty of providing natural sources of vitamin C to the armed forces
for considerable portion of the year.” (Crampton 1947)

Here we use this data set to demonstrate two-way ANOVA in
JASP. Specifically, we examine the adequacy of the null hypothesis
that neither dose nor type of supplement influence the length of
odontoblast cells.

17.2

Data Screenshot

The Tooth Growth data set (Crampton 1947) consists of 60 rows and 3
columns. Each row corresponds to one guinea pig.

17.3
• len

Variables

Figure 17.1: A guinea pig. Image on Max Pixel under a CC0
license.
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Figure 17.2: Screenshot of the
first five rows of the Tooth
Growth data (Crampton 1947).

– Type: Continuous
– Description: Length of the odontoblast cell.
• supp
– Type: Categorical
– Description: The type of supplement the guinea pig received
(‘OJ’ = Orange juice, ‘VC’ = Ascorbic acid).
• dose
– Type: Ordinal
– Description: The dose of vitamin C (‘500’ = 0.5 mg/day, ‘1000’ =
1 mg/day, ‘2000’ = 1 mg/day).

17.4

Source

Bliss, C. I. (1952). The Statistics of Bioassay. New York: Academic Press,
Crampton, E. W. (1947). The growth of the odontoblasts of the incisor
tooth as a criterion of the vitamin C intake of the guinea pig. Journal
of Nutrition, 33:491–504

17.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/6c4dh/.

Figure 17.3: Data set included
in R: http://stat.ethz.ch/Rmanual/R-devel/library/
datasets/html/ToothGrowth.
html

17.6

Example Analysis

To conduct the ANOVA, open the relevant analysis window under
the ANOVA → ANOVA option from the Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 17.4, 17.5, and 17.6. Figure 17.4 shows how to set up the factorial
ANOVA model. Drag the variable ‘len’ into the Dependent Variable
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box. We are interested in the effects of ‘dose’ and ‘supp’, and so we
drag these into the Fixed Factors box. In the Assumption Checks
section, select Homogeneity tests box.
Figure 17.5 shows the arrangement of the post-hoc tests and
the descriptive plot. Because ‘dose’ has three levels, a statistically
significant main effect of ‘dose’ from an ANOVA would not reveal
which of the three levels differ from each other. To conduct a posthoc analysis testing the pair-wise differences between the three levels
of ‘dose‘, drag the variable ‘dose’ to the window on the right under
the Post-Hoc Tests section. To plot the data, open the Descriptives
Plots section and drag the variable ‘dose’ into the Horizontal axis
box, and the ‘supp’ into the Separate lines box. Tick the Display
error bars to plot the 95% confidence intervals.
Figure 17.6 shows the setup of a simple main effects analysis for
the case that the interaction between ‘dose’ and ‘supp’ indicates that
the effects of the supplement depend on dose. Assign the variable
‘supp’ to the Simple effect factor box and ‘dose’ to the Moderator
factor 1. With this setting, we will conduct three separate one-way
ANOVAs comparing the two supplements under each of the level of
‘dose’.

Figure 17.4: Screenshot of
the JASP input panel for the
analysis of the Tooth Growth
data (Crampton 1947) using
ANOVA: Model setup and
assumption checks.

The JASP output is shown in Figures 17.8, 17.9, and 17.11. Figure 17.7 shows the result of Levene’s test of equality of variances.
The test indicates that we can not reject the null hypothesis that both
groups have equal variances (F(5,54) = 1.940, p = 0.103). We thus
proceed to interpret the results of ANOVA.1

See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1
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Figure 17.5: Screenshot of
the JASP input panel for the
analysis of the Tooth Growth
data (Crampton 1947) using
ANOVA: Post hoc tests and
descriptives plot.

Figure 17.6: Screenshot of
the JASP input panel for the
analysis of the Tooth Growth
data (Crampton 1947) using
ANOVA: Simple main effects.

tooth growth: 2 × 3 anova

149

Figure 17.7: JASP output for the
Tooth Growth data (Crampton
1947): Levene’s test of equality
of variances.
Figure 17.8 displays the results of ANOVA. The main effect of the
supplement (F(1,54)=15.572, p < .001), the main effect of the dose
(F(2,54) = 92.000, p < .001), and the interaction between supplement
and dose (F(2,54) = 4.107, p =.022) are all statistically significant at the
α = .05 level. The results of the post-hoc test in Figure 17.9 suggest
that the odontoblasts’ length differ between all conditions of dose.

The statistically significant interaction effect motivates a simple
main effects analysis, the result of which are shown in Figure 17.10.
There is a statistically significant difference between the supplement
types for a dose of 0.5 mg/day and for a dose of 1 mg/day as well,
but not for a dose of 2 mg/day.

Figure 17.8: JASP output for the
Tooth Growth data (Crampton
1947): ANOVA.

Figure 17.9: JASP output for the
Tooth Growth data (Crampton
1947): Post hoc test. The three
levels of ‘dose’ are compared to
each other.

Figure 17.11 shows the descriptive plot. The plot reveals that the
higher the dose, the longer the odontoblasts. The OJ supplement
results in longer odontoblasts than the VC supplement for the dose
of 0.5 mg/day and also for the 1 mg/day.
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Figure 17.10: JASP output for
the Tooth Growth data (Crampton 1947): Simple main effects.
Supplement types are compared for each level of dose
separately.

Figure 17.11: JASP output for
the Tooth Growth data (Crampton 1947): Descriptive plot.
Mean odontoblasts lengths for
different supplement types
(white and black dots) and
amount of dose together with
95% confidence intervals.

tooth growth: 2 × 3 anova
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Want to Know More?

3 Bliss, C. I. (1952). The Statistics of Bioassay. New York: Academic Press
3 Crampton, E. W. (1947). The growth of the odontoblasts of the incisor tooth
as a criterion of the vitamin C intake of the guinea pig. Journal of Nutrition,
33:491–504

3 Tijmstra, J. (2018). Why checking model assumptions using null hypothesis
significance tests does not suffice: A plea for plausibility. Psychonomic
Bulletin & Review, 25:548–559
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18 Bugs: 2 × 2 × 2 ANOVA
with Lotte Kehrer

Description
This data set, Bugs, provides the extent to which people want to
kill arthropods that vary in freighteningness (low, high) and disgustingness (low, high). Each participant rated their attitude for all
arthropods. Specifically, images of arthropods were divided in four
categories that represent the amount of fear and disgust they were
expected to induce. In the experiment, participants had to rate the
amount of hostility they felt towards the arthropods. Overall, 1351
participants took part in the experiment. We will investigate the data
from a subset of 93 participants.

18.1

Purpose

The purpose of the original study was to find out what features
motivate people to want to kill some types of arthropod. Hostility of
people towards an insect is defined as
“the extent to which they either wanted to kill, or at least in some
way get rid of, that particular insect. The option of just getting rid of
the insect was included because, first, some people may be morally
opposed to killing, and, second, the disgustingness factor may have
prevented some individuals from wanting to kill the insects because
they would not want to get close enough to the insects to risk being
touched by them.” (Ryan et al. 2013)

Here we use this data set to demonstrate the repeated measures
ANOVA in JASP. Specifically, we answer the question whether the
amount of disgust and fear an insect induces can explain the degree
of hostility towards the arthropod.

Figure 18.1: Bugs. Image by
Obsidian Soul under a CC-BY
4.0 license.
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Data Screenshot

The Bugs data set (Ryan et al. 2013) consists of 93 rows and 8 columns.
Each row corresponds to one participant.

18.3

Variables

• Subject
– Type: Continuous
– Description: Number that indexes the participant.
• Gender
– Type: Categorical
– Description: Gender of the participants (‘Female’ = female, ‘Male’
= male).
• Region
– Type: Categorical
– Description: Participants’ place of residence (‘North’ = North
America, ‘South’ = South America, ‘Austral’ = Australia, ‘Europe’ = Europe, ‘Other’ = other continent).
• Education
– Type: Categorical
– Description: Participants’ level of education (‘less’ = less than
high school, ‘high’ = high school graduate, ‘some’ = some
college, ‘college’ = college graduate, ‘partial’ = partial advance
degree training, ‘advance’ = advanced degree).
• Lo D, Lo F
– Type: Continuous
– Description: Average hostility ratings for insects in the Low
Disgusting and Low Frightening condition. Hostility was rated
on a scale from 0 (not wanting to kill the insect at all) to 10
(greatest possible desire to kill the insect).

Figure 18.2: Screenshot of the
first six rows of the Bugs data
(Ryan et al. 2013).
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• Lo D, Hi F
– Type: Continuous
– Description: Average hostility ratings for insects in the Low
Disgusting and High Frightening condition. Hostility was rated
on a scale from 0 (not wanting to kill the insect at all) to 10
(greatest possible desire to kill the insect).
• Hi D, Lo F
– Type: Continous
– Description: Average hostility ratings for insects in the High
Disgusting and Low Frightening condition. Hostility was rated
on a scale from 0 (not wanting to kill the insect at all) to 10
(greatest possible desire to kill the insect).
• Hi D, Hi F
– Type: Continuous
– Description: Average hostility ratings for insects in the High
Disgusting and High Frightening condition. Hostility was rated
on a scale from 0 (not wanting to kill the insect at all) to 10
(greatest possible desire to kill the insect).

18.4

Source

Ryan, R. S., Wilde, M., and Crist, S. (2013). Compared to a small,
supervised lab experiment, a large, unsupervised web–based experiment on a previously unknown effect has benefits that outweigh its
potential costs. Computers in Human Behavior, 29:1295–1301.

18.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/a39jm/.

18.6

Example Analysis

To test whether there exists a relation between ‘Hostility’ and ‘Disgustingness’ and/or ‘Frighteningness’, we are going to conduct a
repeated measures ANOVA. To visualize the interaction effects, we
will create interaction plots.
To conduct the repeated measures ANOVA, select ANOVA →
Repeated Measures ANOVA in the Common menu.
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A screenshot of the relevant JASP input panel is shown in Figure 18.3. To set up the analysis, we first create the two factors we
want to test in the Repeated Measures Factors section. By default,
JASP automatically shows RM factor 1 with a couple of sublevels in
the respective section.

Figure 18.3: Screenshot of the
JASP input panel for the analysis of the Bugs data (Ryan et al.
2013) using repeated measures
ANOVA.

It is wise to change the names into the factors that are tested as
shown in Figure 18.3. This makes it easier to interpret the results
later on. To change the names, click on the factor name and rewrite
it. We have created two factors, ‘Disgustingness’ and ‘Frighteningness’, both with a low and a high level. JASP automatically creates
the respective cells in the Repeated Measures Cells box. You can
now assign the four different variables to the correct cell. To examine
whether there is a difference between male and female participants,
we add ‘Gender’ as the Between Subject Factor. Since it is generally
recommended to investigate effect sizes, we check the Estimates of
effect size box in the Additional Options menu. This adds an additional column for η 2 to the output table. To conduct the necessary
assumption checks, go to Assumption Checks and select Homogeneity
tests. To visualize the interaction effects, we can create interaction
plots in the Descriptive Plots section of the input panel. To display
a three-way interaction effect, we create two separate plots for ‘Gen-

bugs: 2 × 2 × 2 anova

157

der’. In both plots, we display ‘Disgustingness’ on the horizontal
axis and ‘Frighteningness’ as separate lines. To gain insights about
measurement errors, we select the Error bar displaying option and
display confidence intervals around the means.

Figure 18.4: JASP output for
the Bugs data (Ryan et al. 2013):
Levene’s test of equality of
variances.

The JASP output shown in Figures 18.4, 18.5, 18.6, and 18.7. The
output in Figure 18.4 shows the results of Levene’s test which compares the variances of men and women for each cell in the design.
All cells show non-significant results. Thus, we do not reject the null
hypothesis that the variances are equal in each cell and continue
with the ANOVA.1 We do not have to check for sphericity since
the repeated measures factors contain only two levels and thus this
assumption cannot be violated.

The JASP output for the within subjects effects is displayed in
Figure 18.5. The table shows tests of main and interaction effects. The
main effects of ‘Disgustingness’ and ‘Frighteningness’ are statistically
significant at the α = .05 level, F(1,85) = 12.061, p < 0.001 and F(1,85)
= 32.122, p < 0.001, respectivelly. We reject the null hypothesis

See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

Figure 18.5: JASP output for
the Bugs data (Ryan et al. 2013):
Within subjects effects.
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that there is no effect of disgustingness or frighteningness on the
hostility towards the arthropod. However, the interaction effects
are also statistically significant. Although ‘Disgustingness’ and
‘Frighteningness’ do not significantly interact with ‘Gender’, F(1,85)
= 0.432, p = 0.513 and F(1,85) = 1.285, p = 0.260, there is a significant
two-way interaction between ‘Disgustingness’ and ‘Frighteningness’,
F(1,85) = 4.688, p = 0.033, and a significant three-way interaction
between all factors, F(1,85) = 4.688, p = 0.033. However, with η 2 =
0.05, the effect size of these interaction effects is fairly small.
The JASP output for the between subjects effects is displayed in
Figure 18.6. In our case, the only between subjects factor is ‘Gender’.
The main effect of this factor is not statistically significant; F(1,85) =
0.996, p = 0.321. We provisionally retain the null hypothesis that men
and women are equally hostile towards the arthropods.

Figure 18.6: JASP output for
the Bugs data (Ryan et al. 2013):
Between subjects effect.

The JASP output for the interaction plot is displayed in Figure 18.7.
The plot shows that the interaction between ‘Disgustingness’ and
‘Frighteningness’ is much stronger for male participants. Specifically,
men appear about equally hostile to all arthropods except those that
are neither frightening nor disgusting.

Figure 18.7: JASP output for
the Bugs data (Ryan et al. 2013):
Descriptives plot. The mean
hostility rating for different
‘Frighteningness’ groups (black
and white dots) and ‘Disgustiness’ groups (along x-axis) for
each gender separately together
with 95% confidence intervals.
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Want to Know More?

3 Ryan, R. S., Wilde, M., and Crist, S. (2013). Compared to a small, supervised lab experiment, a large, unsupervised web–based experiment on a
previously unknown effect has benefits that outweigh its potential costs.
Computers in Human Behavior, 29:1295–1301

3 Tijmstra, J. (2018). Why checking model assumptions using null hypothesis
significance tests does not suffice: A plea for plausibility. Psychonomic
Bulletin & Review, 25:548–559
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19 Bush Tucker Food: One-way Repeated Measures
ANOVA
Description
This dataset, Bush Tucker Food, provides the number of seconds
before celebrities retch while eating disgusting food - each celebrity
consumed four different kinds of disgusting items. Specifically:
“I’m a Celebrity, Get Me Out of Here! is a TV show in which celebrities
(more like ex-celebrities), in a pitiful attempt to salvage their careers (or
to have careers in the first place), go and live in the jungle in Australia
for a few weeks. During the show, they are subjected to various humiliating and degrading tasks to win food for their campmates. The tasks
frequently involve creepy-crawlies; for example, a contestant might be
locked in a coffin full of rats, forced to put their head in a bowl of large
spiders, or have eels and cockroaches poured onto them. It’s cruel,
voyeuristic, gratuitous, car-crash TV, and I love it. As a vegetarian, for
me the bushtucker trial in which the celebrities eat various animalrelated things is particularly noxious. Some examples are eating live
stick insects or witchetty grubs, and chewing on fish eyes, kangaroo
testicles and (surprisingly elastic) kangaroo penises. Seeing a fish eye
exploding in someone’s mouth is a mental scar that’s hard to shake off.
I’ve often wondered (perhaps a little too much) which of the bushtucker foods is the most revolting. Imagine that I answered this question by getting eight celebrities and forcing them to eat four different
animals (the aforementioned stick insect, kangaroo testicle, fish eye and
witchetty grub) in counterbalanced order. On each occasion I measured
the time it took the celebrity to retch, in seconds.” (Field 2017, p. 1091)

19.1

Figure 19.1: Witchetty Grub.
Image on Max Pixel under a
CC0 license.

Purpose

Andy Field invites us to imagine that we wish to know which of the
four types of food celebrities find most revolting.
Here we use this data set to demonstrate the repeated measures
ANOVA in JASP. Specifically, we will examine the adequacy of the
null hypothesis that celebrities find each of the four meals equally
repulsive.

Figure 19.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Data Screenshot

The Bush Tucker Food data set (Field 2017) contains 8 rows and 5
columns. Each row corresponds to one celebrity.

19.3

Variables

• Celebrity
– Type: Categorical
– Description: Number that indexes the celebrity.
• Stick Insect
– Type: Continuous
– Description: The number of seconds it took until the person
retched while eating Stick Insect.
• Kangaroo Testicle
– Type: Continuous
– Description: The number of seconds it took until the person
retched while eating Kangaroo Testicle.
• Fish Eye
– Type: Continuous
– Description: The number of seconds it took until the person
retched while eating Fish Eye.
• Witchetty Grub

Figure 19.3: Screenshot of the
entire Bush Tucker Food data
(Field 2017).
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– Type: Continuous
– Description: The number of seconds it took until the person
retched while eating Witchetty Grub.

19.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

19.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/hgmw2/.

19.6

Example Analysis

To conduct Repeated Measures ANOVA, open the relevant analysis
window under ANOVA → Repeated Measures ANOVA option from the
Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 19.4 and 19.5. To create the repeated measures factor, we need
to type the factor name and its levels in the Repeated Measures
Factors. A detail of that setup is shown in Figure 19.4. After creating
the factor, we can drag the actual data from the list of variables into
the right order as shown in the Figure 19.5. This setup specifies the
repeated measures ANOVA.
When the repeated factor has three or more levels, we should examine whether the assumption of sphericity is met. Select Sphericity
test under the Assumption Checks options, which will run Mauchly’s
test of sphericity. By selecting Sphericity corrections, we can also
request additional results based on the Greenhouse-Geisser and
Huynh-Feldt corrections.
The JASP output is shown in Figures 19.6 and 19.7. Figure 19.6
shows the output of the assumptions checks: Mauchy’s test shows a

Figure 19.4: Screenshot of the
JASP input panel for analysis of
Bush Tucker Food data (Field
2017) using repeated measures
ANOVA: Seting up the levels of
the repeated measures factor.
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Figure 19.5: Screenshot of the
JASP input panel for analysis of
Bush Tucker Food data (Field
2017) using repeated measures
ANOVA.
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violation of sphericity, W = 0.136, p = 0.047. Because the GreenhouseGeisser measure of departure from sphericity is smaller than .75 (e =
0.533), using this correction would not be overly conservative; thus,
we will rely on Greenhouse-Geisser correction (Girden 1992) which
can be found in the main results table in Figure 19.7.

Figure 19.6: JASP output for
the Bush Tucker Food data
(Field 2017): Mauchly’s test of
sphericity.

The repeated measures ANOVA with the Greenhouse-Geisser
correction indicates that the within subjects effect of food is not
statistically significant at the α = .05 level, F(1.599, 11.19) = 3.794, p =
0.063. We cannot reject the null hypothesis that the four types of food
are equally repelling to celebrities.

Figure 19.7: JASP output for the
Bush Tucker Food data (Field
2017): Within subjects effects
with sphericity corrections.
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Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
3 Girden, E. R. (1992). ANOVA: Repeated Measures. London: Sage
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Alcohol Attitudes: 3 × 3 Repeated Measures ANOVA

Description
This data set, Alcohol Attitudes, provides attitudes towards water,
wine, and beer after watching positive, neutral, or negative imagery
of that drink – each participant features in each cell of the 3x3 design.
Specifically:
“Participants viewed a total of nine videos over three sessions. In
one session, they saw three videos: (1) a brand of beer (Strange Brew)
presented alongside negative imagery (a bunch of inanimate dead
bodies in a trendy bar with the slogan ‘Strange Brew: who needs a
liver?’); (2) a brand of wine (Liquid Fire) presented within positive
imagery (a bunch of sexy hipster types in a trendy bar with the slogan
‘Liquid Fire: your life would be so much better if you were a sexy
hipster type’); and (3) a brand of water (Backwater) presented with
neutral imagery (some completely average people in a trendy bar
accompanied by the slogan ‘Backwater: it will make no difference to
your life one way or another’). In a second session (a week later), the
participants saw the same three brands, but this time Strange Brew
was accompanied by the positive imagery, Liquid Fire by the neutral
image and Backwater by the negative. In a third session, the participants saw Strange Brew accompanied by the neutral image, Liquid
Fire by the negative image and Backwater by the positive. After each
advert participants rated the drinks from âĹŠ100 (dislike very much)
through 0 (neutral) to 100 (like very much). The order of adverts was
randomized, as was the order in which people participated in the three
sessions. This design is quite complex. There are two predictor/independent variables: the type of drink (beer, wine or water) and the type
of imagery used (positive, negative or neutral). These two variables
completely cross over, producing nine experimental conditions.” (Field
2017, p. 1134–1135)

20.1

Purpose

“There is evidence from advertising research that attitudes towards
stimuli can be changed using positive imagery (e.g., Stuart et al. 1987).
As part of an initiative to stop binge drinking in teenagers, the government funded some scientists to look at whether negative imagery could
be used to make teenagers’ attitudes towards alcohol more negative.

Figure 20.1: Repeated measures.
Image by Dariusz Sankowski
under a CC0 license.

Figure 20.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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The scientists designed a study to address this issue by comparing the
effects of negative imagery against positive and neutral imagery for
different types of drinks.” (Field 2017, p. 1134)

Here we use this data set to demonstrate repeated measures
ANOVA in JASP. Specifically, we examine the adequacy of the null
hypothesis that people have the same attitudes for all three types of
drinks and that these attitudes are unaffected by imagery.

20.2

Data Screenshot

The Alcohol Attitudes data set (Field 2017) consists of 20 rows and 10
columns. Each column corresponds to one participant.

20.3

Variables

• beerpos
– Type: Continuous
– Description: Attitude towards beer with a positive image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• beerneg
– Type: Continuous
– Description: Attitude towards beer with a negative image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• beerneut
– Type: Continuous
– Description: Attitude towards beer with a neutral image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• winepos

Figure 20.3: Screenshot of the
first five rows of the Alcohol
Attitudes data (Field 2017).
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– Type: Continuous
– Description: Attitude towards wine with a positive image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• wineneg
– Type: Continuous
– Description: Attitude towards wine with a negative image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• wineneut
– Type: Continuous
– Description: Attitude towards wine with a neutral image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).(on a scale from −100 to 100).
• waterpos
– Type: Continuous
– Description: Attitude towards water with a positive image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• waterneg
– Type: Continuous
– Description: Attitude towards water with a negative image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• waterneut
– Type: Continuous
– Description: Attitude towards water with a neutral image, rated
on a scale from −100 (dislike very much) through 0 (neutral) to
100 (like very much).
• participant
– Type: Categorical
– Description: Number that indexes the participant.
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Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

20.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/vq7f4/.

20.6

Example Analysis

To conduct a two-way repeated measures ANOVA, open the relevant
analysis window under ANOVA → Repeated Measures ANOVA option
from the Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 20.4, 20.5, and 20.6. Figure 20.4 shows the setup of the repeated
measures ANOVA model. Specify the two factors and their levels
in the Repeated Measures Factor box (see chapter 19). Replace the
default ‘RM Factor 1’ with ‘Drink’ and then enter the three types of
drinks as levels of that factor (‘Beer’, ‘Wine’, and ‘Water’) by selecting
and typing in the empty fields. Similarly, create the second factor by
replacing the ‘RM Factor 2’ with ‘Imagery’ and subsequently entering
the three levels (‘Positive’, ‘Neutral’, ‘Negative’). JASP will prepare
all nine combinations of the factor levels in the Repeated Measures
Cells. Populate the cells by placing the variables from the Variables
box into the corresponding empty slots.
Figure 20.5 shows the setup for assumption checks. To check the
assumption of sphericity, select Sphericity tests under Assumption
Checks. Select also Sphericity corrections to produce the ANOVA
results with Greenhouse-Geisser and Huynh-Feldt corrections. Figure 20.6 shows how to plot the data. Open the Descriptives Plots
section and put ‘Drinks’ into the Horizontal axis box and ‘Imagery’
in the Separate lines box. The Label y-axis can be used to show
the name of the dependent variable – in this case, our dependent
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Figure 20.4: Screenshot of the
JASP input panel for the analysis of Alcohol Attitudes data
(Field 2013) using repeated
measures ANOVA: Model
setup.

Figure 20.5: Screenshot of the
JASP input panel for the analysis of Alcohol Attitudes data
(Field 2013) using repeated
measures ANOVA: Assumption
checks.

172

the jasp data library

Figure 20.6: Screenshot of the
JASP input panel for the analysis of Alcohol Attitudes data
(Field 2013) using repeated
measures ANOVA: Descriptives
plot.

variable is ‘Alcohol Attitudes’. Select the Display error bars box
with the Confidence interval option.
The JASP output is is shown in Figures 20.7, 20.8, and 20.9. Figure 20.7 shows that the Mauchly’s test of sphericity is statistically
significant for both factors (‘Drinks’ W = 0.267, p < 0.001 ; ‘Imagery’
W = 0.662, p = 0.024) but not for the interaction of the two factors (W
= 0.595, p = 0.436). However, since the assumption of sphericity is
violated for the main factors and the Greenhouse-Geisser estimate of
e is lower or close to 0.75, it is prudent to interpret the GreenhouseGeisser corrected results of ANOVA for all effects in the analysis.

Figure 20.7: JASP output for
the Alcohol Attitudes data
(Field 2013): Mauchly’s test of
sphericity.

Figure 20.8 shows the results of the repeated measures ANOVA.
All effects are significant at the conventional α = .05 level. This
suggests that the rating of the beverage depends both on the type
of drink (F(1.154, 21.930) = 5.106, p = 0.030) and valence of imagery
(F(1.495, 27.108) = 122.565, p < 0.001) and that the attitudes are influenced by the imagery differently for each type of drink (F(3.194,
60.678) = 17.155, p < 0.001).
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Figure 20.8: JASP output for the
Alcohol Attitudes data (Field
2013): Within subjects effects
with sphericity corrections.
Figure 20.9: JASP output for the
Alcohol Attitudes data (Field
2013): Descriptives Plot. Mean
attitude rating towards different
types of drinks (along x-axis)
after positive (white dots), neutral (black dots), and negative
(white squares) imagery together with 95% confidence
intervals.
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Figure 20.9 plots the results. The plot suggests that attitudes towards the drinks are most positive for after the positive imagery,
followed by neutral imagery, and finally negative imagery.1 Furthermore, the influence of the imagery depends on the type of beverage:
Compared to neutral imagery, negative imagery is relatively harmful
for wine and relatively harmful for beer.

However, to assess this suggestion
properly, one would have to test these
specific contrasts.

1
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Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
3 Stuart, E. W., Shimp, T. A., and Engle, R. W. (1987). Classical conditioning of consumer attitudes: Four experiments in an advertising
context. Journal of Consumer Research, 14:334–349
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Looks or Personality: 2 × 3 × 3 Mixed Design ANOVA

Description
This data set, Looks or Personality, provides preference scores provided by ten men and ten women for nine speed-dating partners who
varied in ‘attractiveness’ (high, average, low) and ‘charisma’ (high,
some, none). Specifically:
“The participants were [...] 10 men and 1- women who came to the
speed-dating event that you had set up. Over the course of the evening
they speed-dated all nine stooges of the gender that they’d normally
date. After their 3-minute date, they rated how much they’d like
to have a proper date with the person as a percentage (100% = ‘I’d
pay large sum of money for their phone number’, 0% = ‘I’d pay a
large sum of money for a plane ticket to get as far away from them
as possible’). As such, each participant rated nine different people
who varied in their attractiveness and personality. So, there are two
repeated-measures variables: Looks (with three levels because the
person could be attractive, average, or ugly) and Personality (again
with three levels because the person could have lots of charisma, have
some charisma, or be a dullard). The people giving the ratings could
be male or female, so we should also include the gender of the person
making the ratings (male or female), and this, of course, will be a
between-groups variable.” (Field 2013; 2017)

21.1

Figure 21.1: Speed date. Image
by Linh Do under a CC-BY 4.0
license.

Purpose

“Lots of magazines go on and on about how men and women want
different things from relationships (or perhaps it’s just my wife’s copies
of Marie Claire, which I don’t read - honestly). The big question seems
to be: are looks or personality more important?”(Field 2013; 2017)

Here, we use this data set to demonstrate how to conduct a Mixed
Design ANOVA in JASP. Specifically, we will test whether looks or
personality is more important in selecting dates, and whether it is
different for males and females.

Figure 21.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Data Screenshot

The Looks or Personality data set (Field 2013; 2017) consists of 20
rows and 11 columns. Each row represents one participant and their
ratings of speed dating partners.

21.3

Variables

• participant
– Type: Categorical
– Description: Code that indexes the participant.
• gender
– Type: Categorical
– Description: Gender of the participant (‘Male’, ‘Female’).
• att_high
– Type: Continuous
– Description: Rating of a speed-dating partner (attractive with
high charisma) on a scale from 0 (‘I’d pay a large sum of money
for a plane ticket to get as far away from them as possible’) to
100 (‘I’d pay large sum of money for their phone number’).
• av_high
– Type: Continuous
– Description: Rating of a speed-dating partner (average attractiveness with high charisma) on a scale from 0 (‘I’d pay a large
sum of money for a plane ticket to get as far away from them as
possible’) to 100 (‘I’d pay large sum of money for their phone
number’).
• ug_high
– Type: Continuous

Figure 21.3: Screenshot of the
first five rows of the Looks or
Personality data (Field 2013;
2017).

looks or personality: 2 × 3 × 3 mixed design anova

– Description: Rating of a speed-dating partner (ugly with high
charisma) on a scale from 0 (‘I’d pay a large sum of money for
a plane ticket to get as far away from them as possible’) to 100
(‘I’d pay large sum of money for their phone number’).
• att_some
– Type: Continuous
– Description: Rating of a speed-dating partner (attractive with
some charisma) on a scale from 0 (‘I’d pay a large sum of
money for a plane ticket to get as far away from them as possible’) to 100 (‘I’d pay large sum of money for their phone
number’).
• av_some
– Type: Continuous
– Description: Rating of a speed-dating partner (average attractiveness with some charisma) on a scale from 0 (‘I’d pay a large
sum of money for a plane ticket to get as far away from them as
possible’) to 100 (‘I’d pay large sum of money for their phone
number’).
• ug_some
– Type: Continuous
– Description: Rating of a speed-dating partner (ugly with some
charisma) on a scale from 0 (‘I’d pay a large sum of money for
a plane ticket to get as far away from them as possible’) to 100
(‘I’d pay large sum of money for their phone number’).
• att_none
– Type: Continuous
– Description: Rating of a speed-dating partner (attractive with
none charisma) on a scale from 0 (‘I’d pay a large sum of money
for a plane ticket to get as far away from them as possible’) to
100 (‘I’d pay large sum of money for their phone number’).
• att_none
– Type: Continuous
– Description: Rating of a speed-dating partner (average attractiveness with none charisma) on a scale from 0 (‘I’d pay a large
sum of money for a plane ticket to get as far away from them as
possible’) to 100 (‘I’d pay large sum of money for their phone
number’).
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• att_none
– Type: Continuous
– Description: Rating of a speed-dating partner (ugly with none
charisma) on a scale from 0 (‘I’d pay a large sum of money for
a plane ticket to get as far away from them as possible’) to 100
(‘I’d pay large sum of money for their phone number’).

21.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

21.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/hbdxm/.

21.6

Example Analysis

To conduct the mixed ANOVA, open the relevant analysis window
under ANOVA → Repeated Measures ANOVA in the Common menu.
Screenshot of the relevant JASP input panel are shown in Figures 21.4 and 21.5.
Figure 21.4 shows how to specify the mixed ANOVA model.
Because we have two repeated factors, we need to specify their levels
first. To do so, we need to fill in names of the two factors in the
Repeated Measures Factors box and add 3 levels for each of them.
JASP will automatically prepare 9 cells in the Repeated Measures
Cells box. Fill them with the corresponding variables (be careful to
input the correct variables in the correct cell!). Because we are also
interested how ‘gender’ changes the relationships, we add it into the
Between Subject Factors box.
Figure 21.5 shows how to plot the results. After opening the
Descriptive Plots section, we can define up to three factors by

looks or personality: 2 × 3 × 3 mixed design anova

which to split the mean patterns. To view the results, we can therefore put the factor ‘Looks’ into the Horizontal axis box, while creating separate lines for each level of ‘Charisma’ by putting it into the
Separate lines option. Putting ‘Gender’ into the Separate plots
option will create two plots - one per ‘Gender’. We also request confidence intervals by selecting Error bars displating Confidence
inteval option.
In addition to the main analysis, we should always request assumption checks. This can be done in the Assumption checks section
- we should request both Sphericity tests (conducting Mauchly’s
test for each within subjects factors and their interaction) and the
Homogeneity tests (conducting Levene’s test for each cell in the
design, comparing variances of men and women). Because none of
the assumption were violated (all tests were non-significant)1 , we
omit the output here to ensure brevity of the example. For further
information, check out the JASP file at https://osf.io/hbdxm/.
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See Tijmstra (2018) for philosophical
and practical concerns about this usage
of assumption checks.

1

Figure 21.4: Screenshot of the
JASP input panel for analysis of
the Looks or Personality data
(Field 2013; 2017) using the
mixed ANOVA: Model setup.

The JASP output is shown in Figures 21.6 and 21.7.
Figure 21.6 summarises the main output of the analysis. The first
table indicates the tests of the within subject effects along with interaction with every other factor. The second table is a test of the
between subject effect(s). All effects in the first table are statistically
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Figure 21.5: Screenshot of the
JASP input panel for analysis of
the Looks or Personality data
(Field 2013; 2017) using mixed
ANOVA: Descriptive plots.

significant at the .05 level, suggesting that we cannot omit any interaction from the model. The main between subject effect is not
statistically significant, but that might not be very important, as the
interactions qualify the main effects.
Figure 21.7 shows the patterns. Whereas there is a clear drop in
the rating by males the more ugly his partner gets, the charisma does
not seem too important. The ratings by females seem to be predominantly affected the charisma: If her partner is highly charismatic, they
get a high rating regardless of the looks, and the exact opposite when
they are not charismatic. The looks make a difference only when the
charisma is neither low nor high.2

Note that we did not explicitly test
these exact patterns, but only the
overall differences and interactions. To
examine exactly the patterns we see
in the plot, we would need to conduct
simple effects analyses.
2

looks or personality: 2 × 3 × 3 mixed design anova

183

Figure 21.6: JASP output for the
Looks or Personality data (Field
2013; 2017): Mixed ANOVA.
Both within and between
subjects effects and their interactions are shown.
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Figure 21.7: JASP output for
the Looks or Personality data
(Field 2013; 2017): Descriptives
plot. Mean rating of a date of
attractive, average, or ugly looking partner (along the x-axis)
with high (white circle), some
(black circle), or none (white
square) charisma, seperately
for ratings by males (top plot),
and ratings by females (bottom
plot) together 95% confidence
intervals.

looks or personality: 2 × 3 × 3 mixed design anova

21.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition

185

22

Viagra: One-Way ANCOVA

Description
This data set, Viagra, provides men’s libido (and that of their partners) after having been administered different doses of Viagra. Specifically:
“In the psychology literature sexual performance issues have been
linked to a loss of libido (Hawton, 1989). Suppose we tested this
belief by taking three groups of participants and administering one
group with a placebo (such as a sugar pill), one group with a low
dose of Viagra and one with a high dose. The dependent variable
was an objective measure of libido (I will tell you only that it was
measured over the course of a week – the rest I will leave to your own
imagination). [...] Imagine that the researcher [...] realized that the
libido of the participants‘ sexual partners would affect the participants‘
own libido. [...] Therefore, they [...] took a measure of the partner‘s
libido.” (Field 2013)

22.1

Figure 22.1: The famous blue
pill. Image by Paille under a
CC-BY-SA 4.0 license.

Purpose

“There was a lot of excitement, when I wrote the first edition of the
book, surrounding the drug Viagra. Admittedly there‘s less excitement now, but it has been replaced by an alarming number of spam
emails on the subject. [...] Viagra is a sexual stimulant (used to treat
impotence) that broke into the black market under the belief that is will
make someone a better lover.” (Field 2013)

Here we demonstrate the ANCOVA in JASP. Specifically, we
assess the adequacy of the null hypothesis that Viagra does not
influence libido. Because libido of participants’ partners can explain
some portion of the variance of their own libido, we will use it as a
covariate to gain more power in the analysis.

22.2

Data Screenshot

The Viagra data set (Field 2013) consists of 30 rows and 3 columns.
Each column corresponds to one participant.

Figure 22.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.

188

the jasp data library

Figure 22.3: Screenshot of the
first five rows of the Viagra data
(Field 2013).

22.3

Variables

• Dose
– Type: Categorical
– Description: The dose of the Viagra (‘Placebo’ = sugar pill,
‘Low Dose’ = Low dose of Viagra, ‘High Dose’ = High dose
of Viagra).
• Libido
– Type: Continuous
– Description: Participant’s libido (measured “objectively” over the
course of one week).
• PartnerLibido
– Type: Continuous
– Description: Libido of participant’s partner (measured “objectively” over the course of one week).

22.4

Source

The example is associated with the book Field, A. (2013). Discovering
statistics using IBM SPSS statistics. London: Sage, 4th edition. The data
set was reported by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on the
website that accompanies Andy Field’s book. Without Andy Field’s
explicit consent, this data set may not be distributed for commercial
purposes, this data set may not be edited, and this data set may not
be presented without acknowledging its source (i.e., the terms of a
CC BY-NC-ND license).

Figure 22.4: The order of the
levels of ‘dose’. Click on the
variable name to open this window. By selecting a level and
moving it by the triangles on
the right, we can reorder the
levels as we need. The order
of factor levels is important for
contrasts, see text for details.

viagra: one-way ancova

22.5
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/mchsu/.

22.6

Example Analysis

To conduct the ANCOVA, open the relevant JASP analysis window
under ANOVA → ANCOVA option in the Common menu.

Screenshots of the relevant JASP input panel are shown in Figures 22.5 and 22.6. Figure 22.5 shows the set up of the ANCOVA.
Put ‘libido’ into the Dependent Variable box, ‘dose’ into the Fixed
Factors and ‘partnerLibido’ into the Covariates box. Next, open
Assumption Checks section and select Homogeneity test and Q-Q
plot of residuals. To test some more specific effects, we can also

Figure 22.5: Screenshot of the
JASP input panel for analysis of
Viagra data (Field 2013) using
ANCOVA: Model setup, assumption checks, and contrasts.
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conduct contrasts in the Contrasts section.1 In this case we select
simple contrast for ‘dose’, which will compare the High Dose group
to the Placebo group and the Low Dose group to the Placebo group.
Figure 22.6 shows how to request additional statistics. Open the
Additional Options section and drag ‘dose’ to the right box under
Marginal Means. The marginal means option will produce the group
means with the covariate held fixed at its mean level. Under the
Aditional Options, select Descriptives option to produce raw descriptives of the dependent variable, and also Estimates of effect
size – particularly η 2 and partial η 2 .

The contrasts in JASP depend on how
the levels of ‘dose’ are ordered. This
can be checked and adjusted by clicking
on a variable name in the Data viewer.
Make sure that the levels of ‘dose’ are
ordered as shown in Figure 22.4

1

Figure 22.6: Screenshot of the
JASP input panel for analysis of
Viagra data (Field 2013) using
ANCOVA: Marginal means,
descriptives, and effect sizes.

The JASP output is shown in Figures 22.7, 22.8, 22.9, and 22.10.
Figure 22.7 shows the Levene’s test of Equality of Variances, which
is significant (F(2, 27) = 4.019, p = 0.019), and the Q-Q plot of residuals, which suggests violation of the assumption of normality. Best
practise in these kinds of situations is to subsequently carry out a
different statistical procedure to analyze the data. Here, we will continue describing the output of ANCOVA for demonstration purposes
only. Bear in mind, however, that ANCOVA might not be the best
approach to analyze this data set.
Figure 22.8 shows the ANCOVA results. These results suggest
that Viagra ‘dose’ has effect on libido (F(2, 26) = 4.142, p = 0.027).
Figure 22.9 shows the simple contrasts for ‘dose’ and suggests that
both groups with Viagra have higher libido than the Placebo group,

viagra: one-way ancova

Figure 22.7: JASP output for
the Viagra data (Field 2013):
Levene’s test of equality of
variances and a Q-Q plot of
residuals.

Figure 22.8: JASP output for
the Viagra data (Field 2013):
ANCOVA.
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on average. Figure 22.10 shows the marginal means table and the
descriptives. The marginal means take into account the covariate
(partner’s libido), whereas descriptives means calculate the raw
means agnostic of the model.

Figure 22.9: JASP output for the
Viagra data (Field 2013): Simple
contrasts. The two experimental
groups are compared to the
control group.

Figure 22.10: JASP output for
the Viagra data (Field 2013):
Marginal means and descriptives.

viagra: one-way ancova

22.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
3 Miller, G. A. and Chapman, J. P. (2001). Misunderstanding analysis
of covariance. Journal of Abnormal Psychology, 110:40–48
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23

Glasgow Norms: Bayesian Pearson’s Correlation

Description
This data set, Glasgow Norms, provides a set of normative ratings
of 5, 553 English words on nine psycholinguistic dimensions. Specifically:
“The Glasgow Norms are a set of normative ratings for 5,553 English
words on 9 psycholinguistic dimensions: arousal, valence, dominance,
concreteness, imageability, familiarity, age of acquisition, semantic size,
and gender association (...) for any given subset of words, the same
participants provided ratings across all 9 dimensions (32 participants/word, on average).” (Scott et al. 2019, p. 2).

23.1

Purpose

The purpose of the original study was to develop a large set of
standardized, freely available, psycholinguistic materials. Scott et al.
(2019) state that
“Overall, the Glasgow Norms provide a valuable resource, in particular,
for researchers investigating the role of word recognition in language
comprehension” (Scott et al. 2019, p. 2).

Here we use this data set to demonstrate Bayesian Pearson’s
correlation. Specifically, we will estimate how the psycholinguistic
dimensions relate to each other. For example, are words that are
rated higher on the Dominance dimension rated as more masculine
or feminine? Are words associated with higher arousal rated more
positive or negative?

23.2

Data Screenshot

The Glasgow Norms data set (Scott et al. 2019) consists of 5, 553 rows
and 29 columns. Each row corresponds to a specific word, and the
columns relate to various lexical properties.

Figure 23.1: Dictionary. Image
by Flazingo Photos has been
cropped and under a CC-BY-SA
4.0 license.
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Variables

• word
– Type: Categorical
– Description: The word whose lexical properties are listed.
• length
– Type: Categorical
– Description: Word length in number of letters.
• M AROU
– Type: Continuous
– Description: A word’s mean arousal value (averaged across
raters). Each rater judged the extent to which a word has emotional impact in terms of internal activation on a 9-point scale
(‘1’ = very unarousing, ‘9’ = very arousing).
• SD AROU

Figure 23.2: Screenshot of the
first 18 rows and 8 columns of
the Glasgow Norms data (Scott
et al. 2019).

glasgow norms: bayesian pearson’s correlation

– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
arousal value. Each rater judged the extent to which a word has
emotional impact in terms of internal activation on a 9-point
scale (‘1’ = very unarousing, ‘9’ = very arousing).
• N AROU
– Type: Continuous
– Description: The number of raters who judged a word’s arousal
value. Each rater judged the extent to which a word has emotional impact in terms of internal activation on a 9-point scale
(‘1’ = very unarousing, ‘9’ = very arousing).
• M VAL
– Type: Continuous
– Description: A word’s mean valence (averaged across raters).
Each rater judged the extent to which a word has value or
worth on a 9-point scale (‘1’ = very negative, ‘5’ = neutral, ‘9’ =
very positive).
• SD VAL
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
valence. Each rater judged the extent to which a word has value
or worth on a 9-point scale (‘1’ = very negative, ‘5’ = neutral, ‘9’
= very positive)..
• N VAL
– Type: Continuous
– Description: The number of raters who judged a word’s valence.
Each rater judged the extent to which a word has value or
worth on a 9-point scale (‘1’ = very negative, ‘5’ = neutral, ‘9’ =
very positive).
• M DOM
– Type: Continuous
– Description: A word’s mean dominance value (averaged across
raters). Each rater judged the extent to which a word represents
the degree of control one feels on a 9-point scale (‘1’ = you are
very controlled, ‘9’ = you are very dominant).
• SD DOM
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– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
dominance value. Each rater judged the extent to which a word
represents the degree of control one feels on a 9-point scale (‘1’
= you are very controlled, ‘9’ = you are very dominant).
• N DOM
– Type: Continuous
– Description: The number of raters who judged a word’s dominance value. Each rater judged the extent to which a word
represents the degree of control one feels on a 9-point scale (‘1’
= you are very controlled, ‘9’ = you are very dominant).
• M CNC
– Type: Continuous
– Description: A word’s mean concreteness (averaged across
raters). Each rater judged the extent to which a word represents
something that can be experienced by our senses on a 7-point
scale (‘1’ = very abstract, ‘7’ = very concrete).
• SD CNC
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
concreteness. Each rater judged the extent to which a word
represents something that can be experienced by our senses on
a 7-point scale (‘1’ = very abstract, ‘7’ = very concrete).
• N CNC
– Type: Continuous
– Description: The number of raters who judged a word’s concreteness. Each rater judged the extent to which a word represents
represents something that can be experienced by our senses on
a 7-point scale (‘1’ = very abstract, ‘7’ = very concrete).
• M IMAG
– Type: Continuous
– Description: A word’s mean imageability (averaged across
raters). Each rater judged the degree of effort involved in generating a mental image of the word’s referent on a 7-point scale
(‘1’ = very unimageable, ‘7’ = very imageable).
• SD IMAG

glasgow norms: bayesian pearson’s correlation

– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
imageability. Each rater judged the degree of effort involved in
generating a mental image of the word’s referent on a 7-point
scale (‘1’ = very unimageable, ‘7’ = very imageable).
• N IMAG
– Type: Continuous
– Description: The number of raters who judged a word’s imageability. Each rater judged the degree of effort involved in
generating a mental image of the word’s referent on a 7-point
scale (‘1’ = very unimageable, ‘7’ = very imageable).
• M FAM
– Type: Continuous
– Description: A word’s mean familiarity (averaged across raters).
Each rater judged the degree to which they were accustomed
to a word on a 7-point scale (‘1’ = very unfamiliar, ‘7’ = very
familiar).
• SD FAM
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
familiarity. Each rater judged the degree to which they were
accustomed to a word on a 7-point scale (‘1’ = very unfamiliar,
‘7’ = very familiar).
• N FAM
– Type: Continuous
– Description: The number of raters who judged a word’s familiarity. Each rater judged the degree to which they were
accustomed to a word on a 7-point scale (‘1’ = very unfamiliar,
‘7’ = very familiar).
• M AOA
– Type: Continuous
– Description: A word’s mean age of acquisition (averaged across
raters). Each rater estimated the age at which they initially
acquired a word on a 7-point scale (‘1’ = 0 to 2 years, ‘2’ = 3 to 4
years, ‘3’ = 5 to 6 years, ‘4’ = 7 to 8 years, ‘5’ = 9 to 10 years, ‘6’
= 11 to 12 years, ‘7’ = 13+ years).
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• SD AOA
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
age of acquisition. Each rater estimated the age at which they
initially acquired a word on a 7-point scale (‘1’ = 0 to 2 years, ‘2’
= 3 to 4 years, ‘3’ = 5 to 6 years, ‘4’ = 7 to 8 years, ‘5’ = 9 to 10
years, ‘6’ = 11 to 12 years, ‘7’ = 13+ years).
• N AOA
– Type: Continuous
– Description: The number of raters who judged a word’s age of
acquisition. Each rater estimated the age at which they initially
acquired a word on a 7-point scale (‘1’ = 0 to 2 years, ‘2’ = 3 to 4
years, ‘3’ = 5 to 6 years, ‘4’ = 7 to 8 years, ‘5’ = 9 to 10 years, ‘6’
= 11 to 12 years, ‘7’ = 13+ years).
• M SIZE
– Type: Continuous
– Description: A word’s mean semantic size (averaged across
raters). Each rater estimated the magnitude of a word’s referent
expressed in either concrete or abstract terms on a 7-point scale
(‘1’ = very small, ‘7’ = very big).
• SD SIZE
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
semantic size. Each rater estimated the magnitude of a word’s
referent expressed in either concrete or abstract terms on a
7-point scale (‘1’ = very small, ‘7’ = very big).
• N SIZE
– Type: Continuous
– Description: The number of raters who judged a word’s semantic
size. Each rater estimated the magnitude of a word’s referent
expressed in either concrete or abstract terms on a 7-point scale
(‘1’ = very small, ‘7’ = very big).
• M GEND
– Type: Continuous

glasgow norms: bayesian pearson’s correlation

203

– Description: A word’s mean gender association (averaged across
raters). Each rater estimated the degree to which a word is
considered to be associated with male or female behavior on a
7-point scale (‘1’ = very feminine, ‘7’ = very masculine).
• SD GEND
– Type: Continuous
– Description: The standard deviation (across raters) of a word’s
gender association. Each rater estimated the degree to which
a word is considered to be associated with male or female
behavior on a 7-point scale (‘1’ = very feminine, ‘7’ = very
masculine).
• N GEND
– Type: Continuous
– Description: The number of raters who judged a word’s gender
association. Each rater estimated the degree to which a word is
considered to be associated with male or female behavior on a
7-point scale (‘1’ = very feminine, ‘7’ = very masculine).

23.4

Source

Scott, G. G., Keitel, A., Becirspahic, M., O’Donnell, P. J., and Sereno,
S. C. (2019). The Glasgow norms: Ratings of 5,500 words on 9 scales.
Behavior Research Methods, 51:1258–1270, https://psyarxiv.com/akzyx/.

23.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/gamhd/..

23.6

Example Analysis

As a first step, we will inspect the correlations between the nine
psycholinguistic dimensions. Open the relevant analysis window
under Regression → Bayesian Correlation Matrix option from
the Common menu.1 A screenshot of the relevant JASP input panel
is shown in Figure 23.3. Drag all nine dimensions into the variable
selection window.
The size of the data set and the number of tests involved means
that we have to wait a little before JASP produces the output shown
in Figure 23.4. By default, JASP returns the classical estimate of the
Pearson correlation coefficient r for each of the pairwise associations

As of JASP 0.12, this functionality is
available under Bayesian Correlation.

1
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Figure 23.3: Screenshot of the
JASP input panel for the analysis of the Glasgow Norms
data (Scott et al. 2019) using the
Bayesian Pearson’s correlation.

glasgow norms: bayesian pearson’s correlation

between the variables. For each association, JASP also presents the
Bayes factor BF10 that quantifies the extent to which the alternative
hypothesis H1 outpredicts the null hypothesis H0 (Wagenmakers
et al. 2016). The null hypothesis assumes that the true correlation
is absent, that is, the latent correlation coefficient ρ equals 0. The
alternative hypothesis assumes that the uncertainty about ρ is given
by a stretched beta distribution which is symmetric around ρ = 0;
when the width is set to 1, the prior is uniform and each value of ρ is
deemed equally likely a priori (Ly et al. 2018a). Note that for most of
the correlations we obtain overwhelming evidence for the alternative
hypothesis. Apart from three correlations (‘AOA’-‘AROU’, ‘SIZE’‘FAM’, ‘CNC’-‘DOM’), all Bayes factors show strong evidence for the
existence of a correlation between the relevant dimensions. The large
sample size makes it relatively easy to obtain favorable evidence for
the alternative hypothesis even when the size of the correlations are
small.
To learn about the uncertainty of the correlation estimates under
H1 , we can ask JASP to produce credible intervals. Figure 23.4 shows
that JASP provides, for each pairwise association, both the lower and
the upper bound of the central 95% credible interval. It is evident
that the magnitude of the correlations varies considerably; whereas
some correlations are as large as r = .91 (‘IMAG’-‘CNC’), others
are as small as .06 (‘CNC’-‘VAL’). Some dimensions actually seem
uncorrelated; for example, Arousal (‘AROU’) and Age of Aquisition (‘AOA’) yield a Pearson’s r = 0.000, a 95% CI (given H1 ) of
[−0.026, 0.026], and a BF10 = 0.017, which means that H0 outpredicted H1 by a factor of 1/0.017 = 58.82.
To gain more insight into the correlation patterns and check the
validity of the analysis, it is advisable to plot the data. This can
be done by ticking the check boxes under the Plots section in the
analysis menu (see Figure 23.3). The produced output can be seen in
Figure 23.5. The lower half of the correlation plot shows the posterior
distributions of the Bayesian correlation coefficients. We can see
that all posterior distributions are highly peaked, indicating great
certainty about the magnitude of the correlations. The diagonal of
the plot shows histograms and density functions of the distribution
for the single variables. For most of the dimensions, there are both
very high-rated and very low-rated words so that the whole scale is
used. However, for most dimensions, the peak of the distribution is
in the middle. The upper part of the plot shows one scatter plot for
each correlation, displaying the joint distribution of the two pertinent
variables.
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Figure 23.4: JASP output for
the Glasgow Norms data (Scott
et al. 2019): Bayesian correlation matrix. Apart from three
cases, all Bayes factors show
strong support for the existence
of correlations between the
dimensions.

glasgow norms: bayesian pearson’s correlation
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Figure 23.5: JASP output for
the Glasgow Norms data (Scott
et al. 2019): Bayesian correlations plot. The plot shows the
distributions in scatterplots
(upper part), posterior distributions of Pearson correlation
coefficients ρ (lower part), and
distributions of individual
variables (diagonal).
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Want to Know More?

3 Ly, A., Marsman, M., and Wagenmakers, E.-J. (2018a). Analytic posteriors
for Pearson’s correlation coefficient. Statistica Neerlandica, 72:4–13

3 Scott, G. G., Keitel, A., Becirspahic, M., O’Donnell, P. J., and Sereno, S. C.
(2019). The Glasgow norms: Ratings of 5,500 words on 9 scales. Behavior
Research Methods, 51:1258–1270

3 Wagenmakers, E.-J., Morey, R. D., and Lee, M. D. (2016). Bayesian benefits
for the pragmatic researcher. Current Directions in Psychological Science,
25:169–176

24

Exam Anxiety: Pearson’s Correlation

Description
This data set, Exam Anxiety, provides questionnaire of students
prior to an exam (variables are anxiety, preparedness, and grade).
Specifically:
“[...]A psychologist was interested in the effects of exam stress and
revision on exam performance. She had devised and validated a
questionnaire to assess state anxiety relating to exams (called the Exam
Anxiety Questionnaire, or EAQ). This scale produced a measure of
anxiety scored out of 100. Anxiety was measured before an exam, and
the percentage mark of each student on the exam was used to assess
the exam performance. She also measured the number of hours spent
revising.” (Field 2017, p. 596)

24.1

Purpose

Andy Field uses this data set to discuss correlation coefficients. Here,
we will use this dataset to demonstrate the Pearson’s correlation
in JASP. Specifically, we will investigate the relationship between
three variables: Exam Anxiety, Grade, and Hours of revisiting the
materials.

24.2

Figure 24.1: Don’t worry, it’s
just a correlation. Image by
CollegeDegrees360 under a
CC-BY-SA 4.0 license.

Data Screenshot

The Exam Anxiety dataset (Field 2017) consists of 103 rows and 5
columns. Each row corresponds to one student.

24.3

Variables

• Code
– Type: Categorical
– Description: Number that indexes the participant.
• Revise

Figure 24.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Figure 24.3: Screenshot of
the first six rows of the Exam
Anxiety data (Field 2017).

– Type: Continuous
– Description: The number of hours spent revisiting the content for
the exam.
• Exam
– Type: Continuous
– Description: Performance on the exam, raging from 0 (low
performance) to 100 (high performance).
• Anxiety
– Type: Continuous
– Description: Anxiety prior the exam, measured using the Exam
Anxiety Questionnaire, ranging from 0 (no anxiety) to 100 (high
anxiety).
• Gender
– Type: Categorical
– Description: The Gender of participant (‘Male’ and ‘Female’).

24.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

exam anxiety: pearson’s correlation
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/c6fhm/.

24.6

Example Analysis

To conduct the correlation analysis with the three correlation pairs,
open Regression → Correlation Matrix in the Common menu.1
A screenshot of the relevant JASP input panel is shown in Figure 24.4. Begin the analysis by dragging the variables of interest
- ‘Revise’, ‘Exam’ and ‘Anxiety’) to the analysis window on the
right. With the default option Pearson selected under Correlation
Coefficients, JASP will automatically calculate the pairwise Pearson
correlations between the three variables.

As of JASP 0.12, this functionality is
available under Correlation.

1

Figure 24.4: Screenshot of the
JASP input panel for the analysis of the Exam Anxiety data
(Field 2017) using Pearson’s
correlation.

There are several options to select to complement the default
Pearson correlation matrix. For example, we might ask JASP to
produce a pairwise table instead of a correlation matrix, which in
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some cases produces better overview of the results. You can do this
by selecting Display pairwise table. Similarly, we might choose
to report or ’flag’ significance tests of 0 correlation by selecting
Flag significant correlations, or confidence intervals under the
corresponding option Confidence intervals. We can also plot the
data. To do so, select Correlation matrix under Plots. If you select
the suboptions Densities for variables and Statistics, the plot
will populate a correlation matrix plot with a scatterplot in the upper
right off-diagonal, the selected statistics in the lower left off-diagonal,
and the histograms with estimated density on the diagonals.

Figure 24.5: JASP output for the
Exam Anxiety data (Field 2017):
Pearson’s correlation table for
the variables ‘Anxiety’, ‘Exam’,
and ‘Revise’.
The JASP output is shown in Figures 24.5 and 24.6. The correlation
matrix in Figure 24.5 suggests that all correlations are statistically significant at the conventional α = .05 level. Furthermore, the patterns
of the results are in line with expectations: Students who studied
more before the exam got better grades and experienced less anxiety
before the exam, whereas more anxious students scored lower on the
exam.
Figure 24.6 shows the correlation matrix plot. The histograms
show that the variables are clearly not normally distributed, and the
relations of the variables might not be strictly linear. This suggests
that it would be more appropriate to study the association between
the variables using either Spearman’s rho or Kendall’s tau.

exam anxiety: pearson’s correlation
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Figure 24.6: JASP output for the
Exam Anxiety data (Field 2017):
Correlation plot.
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Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition

25

The Biggest Liar: Spearman’s Correlation

Description
This data set, The Biggest Liar, provides creativity test scores and
ranking in a lying competition. Specifically:
“Imagine I wanted to test a theory that more creative people will be
able to create taller tales. I gathered together 68 past contestants from
this competition1 and noted where they were placed in the competition
(first, second, third, etc.) and also gave them a creativity questionnaire
(maximum score 60). The position in the competition is an ordinal
variable because the places are categories but have a meaningful
order (first place is better than second place and so on). Therefore,
Spearman’s correlation coefficient should be used (Pearson’s r requires
interval or ratio data).” (Field 2017, p. 608)

25.1

Purpose

Here, we use this data set to demonstrate Spearman’s rho and
Kendall’s tau coefficients of correlation in JASP. Specifically, we are
interested to see whether the position in the competition is associated
with creativity.

25.2

Figure 25.1: Was Pinocchio
creative? Image by Juliana
Coutinho under a CC-BY 4.0
license.

Data Screenshot

The Biggest Liar data set (Field 2017) consists of 68 rows and 3
columns. Each row represents a (fictional) participant.

25.3

Variables

• Creativity
– Type: Continuous
– Description: The score on the creativity questionnaire, ranging
from 0 (low creativity) to 60 (high creativity).
• Position

Figure 25.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
World’s Biggest Liar Competition, see
Field (2017, p. 608)

1
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– Type: Ordinal
– Description: The achieved position in The Biggest Liar Contest
(1 = winner of the contest).
• Novice
– Type: Categorical
– Description: Is the participant telling the tales for the first time
or not (‘0’ = Participated before, ‘1’ = First time participant)?

25.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

25.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/ypwk5/.

Figure 25.3: Screenshot of the
first five rows of The Biggest
Liar data ((Field 2017).

the biggest liar: spearman’s correlation

25.6

Example Analysis

To conduct the analysis, open the relevant analysis window under
Regression → Correlation matrix in the Common menu.2
A screenshot of the relevant JASP input panel is shown in Figure 25.4.
To conduct the analysis, drag the two variables of interest – ‘Position’
and ‘Creativity’ – into the variables box on the right.
As the position in the contest is not continuous but ordinal, we
should deselect the default Pearson option, which tells JASP to
calculate the Pearson’s correlation. Instead, we select the correlation
coefficients Spearman and Kendall’s tau-b. We will leave all other
options as is.
Figure 25.5 shows the correlation matrix that JASP returns. Both
Spearman’s rho and Kendall’s tau are statistically significant at
the α = .05 level. Despite their slight differences in magnitudes
(ρ = −0.373, τ = −0.300), they essentially tell the same story: more
creative people tend to do better in the Biggest Liar contest (that is,
their ‘Position’ in the final rank is a smaller number).

25.7
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Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition

As of JASP 0.12, this functionality is
available under Correlation.
2
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Figure 25.4: Screenshot of the
JASP input panel for the analysis of The Biggest Liar data
(Field 2017) using Spearman’s
and Kendall’s correlations.

the biggest liar: spearman’s correlation
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Figure 25.5: JASP output for the
Biggest Liar data (Field 2017):
Spearman’s and Kendall’s
correlation table.

26 Big Five Personality Traits: Pearson’s Correlation
with Lotte Kehrer
Description
This data set, Big Five Personality Traits, provides scores on Big Five
personality traits of 500 participants.

26.1

Purpose

The purpose of the original study was to illustrate the use of a measurement invariance in exploratory factor analysis with target rotation (Dolan et al. 2009). Here, we use this data set to demonstrate the
Pearson’s correlation in JASP.

26.2

Figure 26.1: The “Big 5”. Image
by Anna Tunikova under a
CC-BY 4.0 license.

Data Screenshot

The Big Five Personality Traits data set consists of 500 rows and 5
columns for each of the Big Five personality traits: ‘Neuroticism’,
‘Extraversion’, ‘Openness’, ‘Agreeableness’, and ‘Conscientiousness’.

26.3

Variables

• Neuroticism
– Type: Continuous

Figure 26.2: Screenshot of the
first five rows of the Big Five
Personality Traits data (Dolan
et al. 2009).
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– Description: Score on Neuroticism per participant scaled from 1
(lowest) to 5 (highest).
• Extraversion
– Type: Continuous
– Description: Score on Extraversion per participant scaled from 1
(lowest) to 5 (highest).
• Openness
– Type: Continuous
– Description: Score on Openness per participant scaled from 1
(lowest) to 5 (highest).
• Agreeableness
– Type: Continuous
– Description: Score on Agreeableness per participant scaled from
1 (lowest) to 5 (highest).
• Conscientiousness
– Type: Continuous
– Description: Score on Conscientiousness per participant scaled
from 1 (lowest) to 5 (highest).

26.4

Source

Dolan, C. V., Oort, F. J., Stoel, R. D., and Wicherts, J. M. (2009). Testing
measurement invariance in the target rotated multigroup exploratory
factor model. Structural Equation Modeling, 16:295–314

26.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/et97s/.

26.6

Example Analysis

To conduct the analysis, open the relevant analysis window under
Regression → Correlation Matrix in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure
26.3. Drag all five variables into the variables box on the right side.
The default of JASP in the Correlation Coefficients section is

big five personality traits: pearson’s correlation

Pearson – this is what we want, and so we do not need to change

anything.
JASP gives the option to also produce a pairwise table next to the
correlation matrix, which sometimes gives a better overview of the
results. To select this option, tick the Display pairwise table box.
We also tick Report significance and Confidence intervals boxes
to draw some inferences.
Select Correlation matrix under the Plots section, which will
give us a correlation matrix plot of the five variables. With the
Densities for variables option ticked in addition, we also obtain histograms with the estimated density on the diagonals on the
correlation matrix plot. We will also ask JASP to give us the selected
statistics in the lower diagonal by ticking the Statistics box.
The JASP output is shown in Figures 26.4 and 26.5. Figure 26.4
shows the pairwise correlation table, with Pearson’s r, the p-value,
and the confidence interval for each combination of variables. The
first row (‘Neuroticism’ and ‘Extraversion’), for example, gives us
r = −0.350, p < 0.001. This indicates that the relation between ‘Neuroticism’ and ‘Extraversion’ is negative. A p-value smaller than 0.001
suggests that the correlation is statistically significant – if the population correlation were equal to zero, a sample correlation of −0.35, or
more extreme (in absolute terms – positive, or negative), would occur
with a probability smaller than 0.001. On the other side, the results
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Figure 26.3: Screenshot of the
JASP input panel for the analysis of the Big Five Personality
Traits data (Dolan et al. 2009)
using Pearson’s correlation.
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for the correlation between ‘Extraversion’ and ‘Agreeableness’ show
r = 0.055, p = 0.223; the observed relation between the two variables
is slightly positive, but the correlation is not statistically significant at
the conventional α = .05 level.

Figure 26.5 shows the correlation matrix plot. This plot provides
more insight into the relation between the variables. The histograms
on the diagonals suggest that the variables are approximately normally distributed, and the scatter plots show that there are no outliers that skew the results, nor are there pronounced non-linear
associations between the variables.
We can thus conclude that there are some variables that correlate
statistically significantly: ‘Neuroticism’ – ‘Extraversion’ &– ‘Conscientiousness’, Extraversion – ‘Openness’, ‘Openness’ – ‘Agreeableness’
and ‘Agreeableness’ – ‘Conscientiousness’. The two strongest sample
correlations are the correlation between ‘Neuroticism’ and ‘Extraversion’ (r = −0.350, p < 0.001) and the correlation between ‘Neuroticism’
and ‘Conscientiousness’ (r = −0.368, p < 0.001).

Figure 26.4: JASP output for
the Big Five Personality Traits
data (Dolan et al. 2009): Pearson’s correlation table for
the variables ‘Neuroticism’,
‘Extraversion’, ‘Openness’,
‘Agreeableness’ and ‘Conscientiousness’.

big five personality traits: pearson’s correlation
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Figure 26.5: JASP output for the
Big Five Personality Traits data
(Dolan et al. 2009): Correlation
matrix plot.
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Want to Know More?

3 Dolan, C. V., Oort, F. J., Stoel, R. D., and Wicherts, J. M. (2009). Testing
measurement invariance in the target rotated multigroup exploratory factor
model. Structural Equation Modeling, 16:295–314

3 Rodgers, J. L. and Nicewander, W. A. (1988). Thirteen ways to look at the
correlation coefficient. The American Statistician, 42:59–66

3 Judge, T. A. and Zapata, C. P. (2015). The person–situation debate revisited:
Effect of situation strength and trait activation on the validity of the big five
personality traits in predicting job performance. Academy of Management
Journal, 58:1149–1179

27

Adam Sandler: Bayesian Pearson’s Correlation

Description
This data set, Adam Sandler, provides Rotten Tomatoes ratings and
box office success for movies featuring Adam Sandler. Specifically,
the data we present here contain a sample of filmography of Adam
Sandler between 2001 and 2015. Every movie has a rating and box
office sales (in millions of USD) taken from Rotten Tomatoes (www.
rottentomatoes.com).

27.1

Purpose

Rotten Tomatoes (www.rottentomatoes.com) is a popular film and
television review website. Every movie gets a rating in terms of
"freshness", which indicates popular opinion on the movie’s quality.
In this example, we investigate whether movies featuring Adam
Sandler that receive higher ratings on Rotten Tomatoes also do
relatively well at the box office.
Here we use this data set to demonstrate the Bayesian Pearson’s
correlation in JASP. Specifically, we will correlate the ratings of the
films, ‘Freshness’, with the box office sales, ‘Box Office($M)’.

27.2

Data Screenshot

The Adam Sandler data set consists of 32 rows and 4 columns. The
rows represent information about each film: the Year, Freshness, Box
Office, and Movie Title.

27.3

Variables

• Year
– Type: Continuous
– Description: The year of the movie’s premiere.
• Freshness

Figure 27.1: Adam Sandler.
Image by Angela George under
a CC-BY-SA 4.0 license.
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– Type: Continuous
– Description: The rating from Rotten Tomatoes (ranging between
0 and 1, where 0 corresponds to ’rotten!’, whereas 1 corresponds
to ’fresh!’.

Figure 27.2: Screenshot of the
first five rows of the Adam
Sandler data.

• Box Office
– Type: Continuous
– Description: The official box office sales of the movie (in millions
of USD).
• Movie Title
– Type: Categorical
– Description: The name of each movie.

27.4

Source

The data were collected from Rotten Tomatoes (www.rottentomatoes.
com) in 2015 by Eric-Jan Wagenmakers.

27.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/6e8rh/.

27.6

Example Analysis

We will conduct a Bayesian correlation analysis between Freshness
ratings from Rotten Tomatoes and the box office sales. To conduct
the analysis, open the relevant analysis window under Regression →
Bayesian Correlation pairs in the Common menu.1
As of JASP 0.12, this functionality is
available under Bayesian Correlation.

1

adam sandler: bayesian pearson’s correlation

A screenshot of the relevant JASP input panel is shown in Figure 27.3. Drag the two variables ‘Freshness’ and ‘Box Office’ and
to the variables window on the right. We wish to test the hypothesis that better movies attract larger audiences (not smaller audiences), and therefore we are only interested in a positive correlation
(i.e., whether the ratings correlate positively with revenue). This
can be specified by selecting the corresponding box – Correlated
positively – under the Hypothesis section. For the purposes of this
analysis, select BF01 under Bayes Factor, which will tell JASP to
report the Bayes factor in favor of the null hypothesis, compared
to the one-sided alternative. Then, we need to specify the prior for
the population correlation under the alternative hypothesis. This is
done using the Stretched beta prior width setting under Prior.
The Stretched beta prior width is a scaling factor of a symmetric Beta
distribution spread over the interval −1 and 1, where the width corre1
sponds conceptually to a = b = width
in a normal Beta density. Using
the default width of 1 therefore assigns a uniform prior between
0 and 1 (if the hypothesis were two-sided, it would be uniform between −1 and 1). This states that every positive correlation is equally
likely a priori. To see how the prior behaves, it is useful to select the
Prior and Posterior plot under Plots. If there is doubt about what
prior is reasonable, we can conduct a robustness analysis to see how
the results are affected by the choice of the prior, by selecting Bayes
factor robustness check under the Plots options. We also select
the standard descriptive Scatterplot and Sequential analysis. We
will go through all of these options below.
The JASP outputs are shown in Figures 27.4, 27.5, 27.6, and 27.7.
Figure 27.4 shows the sample correlation and the corresponding
Bayes factor. The correlation is actually small and negative (r =
−0.029), which is in the direction opposite to the one specified by our
alternative hypothesis (i.e., the correlation is positive)! In fact, the
BF0+ tells us that the data are about 5 times more likely under the
null model (which postulates that the population correlation is zero)
than under the alternative hypothesis which assigned ρ a uniform
distribution between 0 and 1.
Next, we can inspect the Prior and Posterior plot in Figure 27.5.
The dashed line corresponds to the prior distribution for ρ under
the one-sided alternative hypothesis. The posterior distribution is
indicated with the solid line. Because our alternative hypothesis
excluded the possibility of the correlation being negative, and the
sample r is negative, the most probable value of a correlation is 0.
The two grey points intersecting the prior and posterior correspond
to the probability densities that the population correlation is zero. As
we can see, the density of ρ = 0 under the prior was 1, whereas it is
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Figure 27.3: Screenshot of
the JASP input panel for the
analysis of the Adam Sandler
data using Bayesian Pearson’s
correlation.

Figure 27.4: JASP Output for
the Adam Sandler data: Correlation table.

adam sandler: bayesian pearson’s correlation
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about 5 under the posterior. This means that after seeing the data, the
0 correlation is about 51 = 5 more likely than before, which is numerically expressed by the Bayes factor (i.e., the Savage-Dickey density
ratio test, see Wagenmakers et al. 2010). The values on the top right
of the plot describe the posterior distribution of ρ, specifically the
median and the 95% Central credible interval. Note that these values
do not include the most probable value of the correlation under the
model (i.e., ρ = 0), nor the sample estimate of the correlation. This
is because we disregard a priori the possibility that the correlation
could be negative, and thus the posterior is truncated at 0 and the
descriptives of the posterior are biased towards small positive values.

Figure 27.5: JASP output for
the Adam Sandler data: Prior
and posterior posterior plot
of the population correlation
coefficient.

Now we can inspect the effect of the prior width on the conclusions drawn from the data. So far, we assumed that any correlation
between 0 and 1 is a priori equally likely, if there is any. We might
inspect how the results would change if we used different alternative
models. The Bayes factor robustness check plot answers this question.
Figure 27.6 shows that when the width is close to 0, the Bayes factor
does not distinguish the two hypotheses, which are more and more
similar as the width decreases. As the width increases, the alternative
hypothesis predicts with growing enthusiasm that the sample correlation coefficient will be positive and relatively far away from zero. As
the sample value is r = −0.029, this enthusiasm is unwarranted and
results in a predictive advantage for the null hypothesis.
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Figure 27.6: JASP Output for
the Adam Sandler data: Robustness analysis. See text for
details.

A further interesting question to consider is whether the evidence
changed in the 15 years during which these movies were produced.
Suppose that the movie producers tracked the data while making
the movies and would have wanted to know whether to assign any
importance to a possible correlation between the Rotten Tomatoes rating and the box office sales. We can inspect the Sequential analysis
plot in Figure 27.7, which shows how the evidence developed as the
data came in. Every new movie is represented as a dot in the Figure,
whereas the y-axis shows the evidence which we had at that time.
With slight fluctuations, the Bayes factor shows a steady march towards increasing support of the null hypothesis. However, until the
fifteenth title, the evidence was only anecdotal.

27.7

Want to Know More?

3 www.rottentomatoes.com
3 Wagenmakers, E.-J., Lodewyckx, T., Kuriyal, H., and Grasman, R. (2010).
Bayesian hypothesis testing for psychologists: A tutorial on the Savage–
Dickey method. Cognitive Psychology, 60:158–189
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233

Figure 27.7: JASP output for the
Adam Sandler data: Sequential
analysis. See text for details.

28

Fidgeting & Fat Gain: Linear Regression

Description
This data set, Fidgeting and Fat Gain, provides fat gain of participants and their non-deliberate exercise activities. Specifically:
“Researchers deliberately overfed 16 healthy adults for 8 weeks. They
measured fat gain (in kilograms) and, as an explanatory variable,
increase in energy use (in calories) from activity other than deliberate
exercise - fidgeting, daily living, and the like.” (Moore et al. 2012, p.
108)

28.1

Purpose

The purpose of the original study was to investigate whether physical
activity other than deliberate exercise explains individual differences
in weight gain when overeating:
“Some people don’t gain weight even when they overeat. Perhaps
fidgeting and other ‘non-exercise activity’ (NEA) explains why - the
body might spontaneously increase non-exercise activity when fed
more.” (Moore et al. 2012, p. 108)

Figure 28.1: Is fidgeting good
for your weight? Image by Petr
Kratochvil under a CC0 license.

Here we use this data set to demonstrate linear regression in JASP.
Specifically, we test whether the amount of non-exercise activity
(‘NEA’) predicts fat gain (‘Fat’) – that is whether higher ‘NEA’ is
associated with ‘Fat’ and how strong this relationship is.

28.2

Data Screenshot

The Fidgeting and Fat gain data set (Levine et al. 1999) consists of 16
rows and 3 columns. Each row corresponds to one participant.

28.3

Variables

• NEA
– Type: Continuous

Figure 28.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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Figure 28.3: Screenshot of the
first five rows of the Fidgeting
and Fat Gain data set (Levine
et al. 1999) as reported by
Moore et al. (2012).

– Description: Energy use (in calories) from non-exercise activities.
• Fat
– Type: Continuous
– Description: Fat gain (in kg) after the 8 weeks of overeating.
• Resid
– Type: Continuous
– Description: This variable is not of interest for the current analysis.

28.4

Source

Levine, J. A., Eberhardt, N. L., and Jensen, M. D. (1999). Role of nonexercise activity thermogenesis in resistance to fat gain in humans.
Science, 283:212–214
This example analysis is based on Chapter 2 (pp. 108–115) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

28.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/enq5w/.

28.6

Example Analysis

To conduct the analysis, open the relevant analysis window by selecting Regression → Linear Regression in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 28.4. The variable ‘Fat’ is the dependent variable, so we drag it
in the Dependent Variable box. The variable ‘NEA’ is the predictor,
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so we drag it in the Covariates box. We also tell JASP to compute
confidence intervals by ticking the Confidence intervals box under
Statistics section.
Figure 28.4: Screenshot of the
JASP input panel for the analysis of the Fidgeting and Fat
Gain data (Levine et al. 1999)
using linear regression.

The JASP output is shown in Figure 28.5. The first table in shows
the model summary – R denotes the correlation of the predicted values with the observed ones, R2 is the standard indicator of explained
variance of the dependent variable by the covariates. These indicators
are not that interesting for now, as we could have obtained them just
using correlation analysis.
Compared to the correlation analysis, linear regression brings
additional information – the coefficients of the linear model. These
are summarized in the second table shown in Figure 28.5. The intercept is that value of the dependent variable where the independent
variable equals zero. The second row indicates the slope of the independent variable, that is, how much the dependent variable changes
with the change of the independent variable. The estimated linear
model can thus be expressed as ‘Fat’ = 3.505 − 0.003× ‘NEA’. The
other values in the table provide additional information about the
coefficients. The regression coefficient of ‘NEA’ is a statistically significant predictor of ‘Fat’ with 95% CI [−0.005, −0.002]. We may
conclude that non-exercise activities are negatively associated with
fat gain.
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Want to Know More?

3 Rodgers, J. L. and Nicewander, W. A. (1988). Thirteen ways to look at the
correlation coefficient. The American Statistician, 42:59–66

3 Levine, J. A., Eberhardt, N. L., and Jensen, M. D. (1999). Role of nonexercise activity thermogenesis in resistance to fat gain in humans. Science,
283:212–214

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

Figure 28.5: JASP output for
the Fidgeting and Fat Gain data
(Levine et al. 1999): Model summary and coefficients tables.

29

Physical Activity & BMI: Linear Regression

Description
This data set, Physical Activity and BMI, provides participants’ Body
Mass Index and average daily number of steps. Specifically:
“As part of a recent study, researchers looked at the relationship
between physical activity (PA) measured with a pedometer and body
mass index (BMI). Each participant wore the pedometer for a week and
the average steps per day (in thousands) were recorded. Various body
composition variables, including BMI (kg/m2 ) were measured. For this
example, we focus on a sample of 100 female undergraduates.” (Moore
et al. 2012, p. 536)

29.1

Purpose

“Decrease in physical activity is considered to be a major contributor to
the increase in prevalence of overweight and obesity in the adult population. Because the prevalence of physical inactivity among college
students is similar to the adult population, a clearer understanding of
college students’ physical activity behaviors is needed to develop early
interventions.” (Moore et al. 2012, p. 536)

Figure 29.1: Running for health.
Image by Clique Images under
a CC0 license.

Here we use this data set to demonstrate linear regression in JASP.
Specifically, we will assess whether physical activity relates to BMI
and how strong the relationship is.

Figure 29.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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29.2

Data Screenshot

The Physical activity and BMI data set (Mestek et al. 2008) consists
of three columns and 100 rows. Each row corresponds to one participant.

Figure 29.3: Screenshot of the
first five rows of the Physical
Activity & BMI data (Mestek
et al. 2008) as reported in
Moore et al. (2012).

29.3

Variables

• Subject
– Type: Categorical
– Description: Number that indexes the participant.
• PA (Physical activity)
– Type: Continuous
– Description: Mean number of steps per day (in thousands) made
by a participant during one week.
• BMI
– Type: Continuous
– Description: Body Mass Index (i.e., the body mass divided by the
square of the body height, expressed in kg/m2 ).

29.4

Source

Mestek, M. L., Plaisance, E., and Grandjean, P. (2008). The relationship
between pedometer-determined and self-reported physical activity
and body composition variables in college-aged men and women.
Journal of American College Health, 57:39–44
This example analysis is based on Chapter 10 (pp. 536–548) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/y2wzc/.

29.6

Example Analysis

To conduct the linear regression, open the relevant analysis window
under Regression → Linear Regression in the Common Menu.
A screenshot of the relevant JASP input panel is shown in Figure 29.4. Drag the outcome ‘BMI’ in the Dependent Variable box and
the predictor ‘PA’ in the Covariate box to specify the linear model.

The JASP output is shown in Figures 29.5 and 29.6. Figure 29.5
was produced using the Descriptives Statistics module (see
Chapter 1) and shows the distributions of the two variables and
a scatterplot plot. The scatterplot shows a negative relationship
between the two variables. Moreover, it does not seem that there are
outliers which could undully influence our inferences about the slope
of the regression line.
To assess whether the apparent relationship between ‘PA’ and
‘BMI’ is statistically significant, inspect the output of the linear regression analysis in Figure 29.6. The Model Summary table shows that
the ‘PA’ explains nearly 15% of the variance of ‘BMI’. The coefficients
of the model can be read from the Coefficients output table. The
model can be expressed as ‘BMI’ = 29.578 − 0.665× ‘PA’. The other
values in the table provide additional information about the coefficients. The regression coefficient of ‘PA’ is statistically significant at

Figure 29.4: Screenshot of the
JASP input panel for the analysis of the Physical Activity
and BMI data set (Mestek et al.
2008) using linear regression.
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Figure 29.5: JASP output for
the Physical Activity and
BMI data (Mestek et al. 2008):
Descriptives plot. The distributions of the two variables are
shown on the diagonal, and
the scatterplot is shown on the
upper-right panel.
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the α = .05 level (t(98) = −4.135, p < .001) with 95% CI [−0.969,
−0.340].

To conclude, physical activity ‘PA’ is indeed a statistically significant predictor of ‘BMI’. The more steps a person takes per day, the
lower their ‘BMI’. On average about 1, 000 steps are associated with a
decrease of ‘BMI’ by 0.665.

Figure 29.6: JASP output for
the Physical Activity and BMI
data (Mestek et al. 2008): Model
summary and coefficients table.
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Want to Know More?

3 Mestek, M. L., Plaisance, E., and Grandjean, P. (2008). The relationship
between pedometer-determined and self-reported physical activity and
body composition variables in college-aged men and women. Journal of
American College Health, 57:39–44

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

30

College Success: Linear Regression

Description
This data set, College Success, provides high school grades, SAT
scores, and Grade Point Average of 224 university students. Specifically:
“Our case study uses data collected at a large university on all firstyear computer science majors in a particular year.” (Moore et al. 2012,
p. 574)

30.1

Purpose

The purpose of the original study was to predict college success
using high-school grades and SAT scores. Specifically:
“The purpose of the study was to attempt to predict success in the
early university years. One measure of success was the cumulative
grade point average (GPA) after three semesters. Among the explanatory variables recorder at the time the students enrolled in the university were average high school grades in mathematics (HSM), science
(HSS), and English (HSE). We will also examine the SAT Mathematics
and SAT Verbal scores as explanatory variables.” (Moore et al. 2012, p.
574)

Figure 30.1: Keep calm and
study hard. Image by U.S. Air
Force/GS-09/Roman Balik
under a CC0 license.

Here, we use this data set to demonstrate the use of linear regression in JASP. Specifically, we address the question of whether high
school grades and SAT scores can predict college success as measured by university Grade Point Average (‘GPA’). We will compare
different models and the strengths of predictors. More specifically,
the question we will ultimately try to answer is whether SAT scores
add any new information in predicting academic performance over
high-school grades.

Figure 30.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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30.2

Data Screenshot

The College Success data set (Campbell and McCabe 1984) consists of
224 rows and 8 columns. Each row represents one student.

30.3

Variables

• id
– Type: Categorical
– Description: Number that indexes the student.
• gpa
– Type: Continuous
– Description: Grade Point Average during the first three semesters
in college (0 = low, 4 = high).
• hsm
– Type: Continuous
– Description: The average high school grade in mathematics (0 =
low, 10 = high).
• hss
– Type: Continuous
– Description: The average high school grade in science (0 = low,
10 = high).
• hse
– Type: Continuous
– Description: The average high school grade in English (0 = low,
10 = high).

Figure 30.3: Screenshot of the
first five rows of the College
Success data (Campbell and
McCabe 1984) as reported in
Moore et al. (2012).

college success: linear regression

• satm
– Type: Continuous
– Description: SAT score in mathematics.
• satv
– Type: Continuous
– Description: SAT score in verbal knowledge.
• sex
– Type: Categorical
– Description: Participant’s sex (‘1’ = ?, ‘2’ = ?).

30.4

Source

Campbell, P. F. and McCabe, G. P. (1984). Predicting the success of
freshmen in a computer science major. Communications of the ACM,
27:1108–1113
This example analysis is based on Chapter 11 (pp. 574–592) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

30.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/sdha3/.

30.6

Example Analysis

30.6.1

Preliminary analyses

Before conducting the multiple regression, we will first inspect the
descriptives. To produce the descriptive statistics, open the relevant
analysis window under Descriptives → Descriptive Statistics in
the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 30.4. Drag the variables ‘gpa’, ‘hsm’, ‘hss’, ‘hse’, ‘satm’, and
‘satv’ into the Variables box. Open the Plots section and select
Correlation plot to inspect the distributions of the variables and
their bi-variate relationships.
The JASP output is shown in Figures 30.5 and 30.6. Figure 30.5
shows the descriptives of all of the variables we have selected. In our
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case, our attention should focus on the Figure 30.6 which shows the
distributions and the scatter plots of the variables.

Figure 30.4: Screenshot of the
JASP input panel for the descriptives of the College Success
data (Campbell and McCabe
1984).

Figure 30.5: JASP output for the
College Success data (Campbell
and McCabe 1984): Descriptives.

The correlation plot reveals a couple of issues that we should keep
in mind when conducting the linear regression. The dependent variable GPA has a slight negative skew. This tells us that we should
examine the distribution of the residuals carefully, as the residuals
should approximately follow a normal distribution with a mean of
zero. Second, have a look at the independent variables: They show
a pronounced negative skew, especially for the three high-school
grades. This is not surprising, as it may just reflect that only students
with relatively good grades make it to college. We should pay atten-
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Figure 30.6: JASP output for the
College Success data (Campbell
and McCabe 1984): Correlation
matrix plot.
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tion to potential outliers which could unduly influence the regression
coefficients. Third, the positive manifold between all predictors suggest that we should investigate the impact of multicollinearity on
our results. For the sake of brevity, we discuss only the most important results here; for more details, see the JASP file in the JASP Data
Library for discussion of the assumption checks.

30.6.2

Regression on High-School Grades

Predicting GPA by high-school grades can be done using linear
regression. Select Regression → Linear Regression in the Common
menu.
A screenshot of the relevant JASP input panel is shown in Figure 30.7. Put ‘gpa’ in the Dependent Variable box, and ‘hsm’, ‘hss’
and ‘hse’ as Covariates (with Method ‘Enter’).

Figure 30.7: Screenshot of the
JASP input panel for the analysis of the College Success data
(Campbell and McCabe 1984)
using linear regression.

The JASP output is shown in Figure 30.8 and displays three tables.
The Model Summary tells us that the high-school grades explain about
20% of the variance of GPA. The ANOVA table shows that the model
predicted GPA statistically significantly better than the null model,
F(3, 220) = 18.86, p < 0.001. The Coefficients table shows that only
the high-school grade from mathematics (‘hsa’) is a statistically
significant predictor of GPA at the α = .05 level. The VIF statistics
suggest that multicollinearity is not such a big issue (VIF < 2).
Because the two other predictors are not statistically significant, it
might be a good idea to exclude one of the weaker predictors from
the model. However, we will not do that in this example, but move
towards another option – adding SAT scores to the linear model.

college success: linear regression
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Figure 30.8: JASP output for the
College Success data (Campbell and McCabe 1984): Model
summary and linear regression
coefficients.

30.6.3

Regression using all variables

Now we will assess how the results change when we use all predictors. To conduct the analysis, open the relevant JASP analysis
window under Regression → Linear Regression in the Common
menu.
A screenshot of the relevant JASP input panel is shown in Figure 30.9. To conduct the regression using all variables, put ‘hsm’,
‘hss’, ‘hse’, ‘satm’ and ‘satv’ in the Covariates box and the ‘gpa’ in
the Dependent Variable box. Our question is whether adding the
two SAT scores improves the prediction of GPA over and above
the model containing only the high-school grades. To do this, open
Model section and tick the boxes Add to null model next to the Model
terms ‘hsm’, ‘hss’, and ‘hse’. Next, open the Statistics section and
make sure that the R squared change is selected as well.
The JASP output is shown in Figure 30.10. The tables now show
two different sets of results. The first set of results concern the null
model (indicated by 0) which contains the three high-school grades
as predictors – note that the results are the same as we computed
previously. The second set of results concern the new model (indicated by 1), which contains all five predictors: three high-school
grades and the two SAT scores. The second row of the Model Summary
table shows that the new model explains about 21% of the variance
of GPA, which is a 0.7 % increase compared to the model containing only high-school grades; this leads to a test for R2 change of
F (2, 218) = 0.950, p = 0.388 which is not statistically significant at
the α = .05 level: we cannot reject the null hypothesis that SAT scores
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Figure 30.9: Screenshot of the
JASP input panel for the analysis of the College Success data
(Campbell and McCabe 1984)
using linear regression: Comparing two models – do SAT
scores add anything to the prediction of GPA by high-school
grades?
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do not improve the prediction of GPA. The Coefficients table also
shows that the only statistically significant predictor of GPA remains
high-shool grade from mathematics (‘hsm’).

Figure 30.10: JASP output for
the College Success data (Campbell and McCabe 1984): Model
summary and linear regression
coefficients. The Model Summary table and the ANOVA
table provide comparison of the
full model (high-school grades
+ SAT scores) the null model
(high-school grades).
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Want to Know More?

3 Campbell, P. F. and McCabe, G. P. (1984). Predicting the success of
freshmen in a computer science major. Communications of the ACM,
27:1108–1113

3 Rodgers, J. L. and Nicewander, W. A. (1988). Thirteen ways to look at the
correlation coefficient. The American Statistician, 42:59–66

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition

31

Album Sales: Linear Regression

Description
This fictional data set, Album Sales, provides the factors that may
influence album sales. Specifically:
“This data file has 200 rows, each one representing a different album.
There are also several columns, one of which contains the sales (in
thousands) of each album in the week after release (Sales) and one
containing the amount (in thousands of pounds) spent promoting
the album before release (Adverts). The other columns represent
how many times songs from the album were played on a prominent
national radio station in the week before release (Airplay), and how
attractive people found the band’s image out of 10 (Image). Each
variable is in a column and each row represents a different album. So,
the first album had £10,260 spent advertising it, sold 330,000 copies,
received 43 plays on radio the week before release, and was made by a
band with a pretty sick image.” (Field 2017)

31.1

Purpose

Figure 31.1: Album sales. Image by Michael Spencer under a
CC-BY 4.0 license.

“One day my boss came in to my office and said: ’Andy, I know you
wanted to be a rock star and you’ve ended up working as my statsmonkey, but how many albums will we sell if we spend £100,000 on
advertising?”’(Field 2017, p. 201)

Here we use this data set to demonstrate the frequentist linear
regression in JASP. Specifically, we explore which variables can
potentially explain album sales. First, we test whether the amount of
money spent on advertisement predicts the number of albums sold.
Then we test whether album sales could also be explained by other
variables, such as the attractiveness of the band and how often the
music is played on the radio.

31.2

Data Screenshot

The Album Sales data set consists of 200 rows and 4 columns. Each
row corresponds to one album.

Figure 31.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Figure 31.3: Screenshot of the
first five rows of the Album
Sales data (Field 2013).

31.3

Variables

• adverts
– Type: Continuous
– Description: Amount of money spent on advertisement of the
album (in thousands of British Pounds).
• sales
– Type: Continuous
– Description: Number of albums sold (in thousands).
• airplay
– Type: Continuous
– Description: The number of times songs from the album are
played on radio the week before release.
• attract
– Type: Continuous
– Description: Attractiveness of the band. The mode of attractiveness ratings given by a random sample of the target audience (0
= low attractiveness, 10 = high attractiveness)

31.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this

album sales: linear regression

257

data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

31.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/m89b3/..

31.6
31.6.1

Example Analysis
One predictor

First we will predict album sales (‘sales’) with only the advertisement
budget (‘adverts’), using simple linear regression. To conduct the linear regression, open the relevant analysis window under Regression
→ Linear Regression in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 31.5. Put ‘Sales’ into the Dependent box, and put ‘adverts’ into
the Covariates box. To produce more informative output, open the
Statistics section and make sure that the Estimates and Mode fit
boxes are selected.
The JASP output is shown in Figure 31.6 and displays three tables.
The Model Summary table suggest that ‘adverts’ predicts ‘sales’ well,
explaining about 33.5 % of the variance in ‘sales’. The ANOVA table
shows that the model predicted ‘sales’ statistically significantly better
than the null model, F (1, 198) = 99.587, p<0.001. The Coefficients
table shows the estimates of the individual model terms. The unstandardized regression coefficient associated with ‘adverts’ shows
that increasing the advertising budget by one thousand pounds is
associated with on average about 96 more album copies sold. The
coefficient associated with ‘adverts’ is statistically significant at the
α = .05 level (t(198) = 9.979, p < 0.001).

Figure 31.4: Interested in this
example? Check out a JASP
blog post for more information: https://jasp-stats.org/
2017/10/18/hierarchicalregression-jasp-0-8-3/
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Figure 31.5: Screenshot of the
JASP input panel for the analysis of the Album Sales data
data (Field 2013) using linear
regression.

Figure 31.6: JASP output for the
Album Sales data (Field 2013):
Model summary and linear
regression coefficients.

album sales: linear regression

31.6.2

Multiple predictors

Suppose on that we are not interested only in ‘adverts’, but we also
have other predictor variables – specifically, how often the band was
played on the radio the week before the release (‘airplay’), and how
attractive the band is to the target audience (‘attract’). All of these
variables could provide us with some insight into how much ‘sales’
to expect for individual albums.
However, we already know that we can explain some of the variance in ‘sales’ using ‘adverts’. In order to assess whether and to what
extend ‘sales‘ predictions improve when ‘airplay’ and ‘attract’ are
added as covariates, we compare the model with ‘adverts’ as a sole
predictor to the model with all three predictors.
A screenshot of the relevant JASP input panel is shown in Figure 31.7. To specify the linear model, follow the steps as in the previous section but this time include all predictors into the Covariates
box. Then, open the Model section and tick the Add to null model
box next to the ‘adverts’ in the Model terms. This will tell JASP that
the linear model we presented in the previous section (predicting
album sales with advertising budget) is the baseline model to which
we compare the new model containing all three predictors, ‘adverts’,
‘airplay’, and ‘attract’.
Next, we might want to adjust the settings to gain more insight
into the model’s performance. A screenshot of the relevant JASP
input panel is shown in Figure 31.8. In the Statistics section, we
tick the R2 change box (to test whether the new model improves the
predictions compared to the model with ‘adverts’ only). Next, we
tick the Collinearity diagnostics to check whether possible correlations between the predictors influence our results. Under Residuals,
we can also select different options for Casewise diagnostics for
identifying potential outliers and assessing their impact on our
model. In this case, we choose to show outliers whose standardized residuals fall outside of 2 standard deviations. The Assumption
Checks section offers several methods for assessing whether the assumptions of the linear regression are met. We will select Residuals
vs predicted, Residuals histogram → Standardized residuals,
and Q-Q plot standardized residuals boxes. Finally, the JASP
output is shown in Figures 31.9, 31.10, and 31.11.
Figure 31.9 shows the summary of the models we compared. Note
that we have now two rows in the table – the first line corresponds to
the null model (predicting ‘sales’ just by ‘adverts’) and is the same as
discussed in the previous section.
The second row summarizes the predictive performance of the
model with all three predictor variables. The new model explains
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Figure 31.7: Screenshot of the
JASP input panel for the analysis of the Album Sales data
(Field 2013) using multiple
linear regression. Null model
can be specified by selecting the
variables in the Model section.

album sales: linear regression

261

Figure 31.8: Screenshot of the
JASP input panel for the analysis of the Album Sales data
(Field 2013) using multiple
linear regression: Additional
options.
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about 66.5% of the variance of ‘sales’, which is 33% more than the
null model, and the F-test suggests this or more extreme increase is
unlikely if the two additional variables did not improve the predictions; F(2, 196) = 96.447, p < 0.001. The adjusted R2 statistic drops
by only half of a percent, which suggests that we are not over-fitting
the data. The second table containing ANOVA test output shows
the test of the explained variance of the two models compared to the
basic null model (grand mean). However, because we already know
that the first model did better than chance and the second model did
better than the first, this information is not so interesting for now.

Figure 31.10 shows the summary of the individual coefficients.
The coefficients table for the null model is the same as in the previous example, and so we can focus on the second part of the table. All
predictors are statistically significant at the α = .05 level, suggesting
that every single predictor is able to add information about ‘sales’.
The VIF of the predictors is very close to 1, suggesting (almost) no
collinearity. The Standardized coefficients offer us an option to compare the predictors. It seems that ‘adverts’ and ‘airplay’ are both
strong predictors of ‘sales’, whereas ‘attractiveness’ is somewhat
weaker.

Figure 31.11 shows one of the assumption checks, namely the
residuals plotted against the predicted values of ‘sales’. This plot
could help to detect heterogeneity of the residuals, non-normality
of the residuals, or influential outliers. In this case, the residuals
are homogeneously dispersed around 0 for all predicted values,
suggesting the model is not seriously misspecified.

Figure 31.9: JASP output for the
Album Sales data (Field 2013)
using multiple linear regression:
Model comparison.

Figure 31.10: JASP output for
the Album Sales data (Field
2013) using multiple linear
regression: Summary of the
coefficient estimates.

album sales: linear regression

263

Figure 31.11: JASP output for
the Album Sales data (Field
2013) using multiple linear regression: Residuals vs Predicted
values plot.

31.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition

32

Auction: Bayesian Linear Regression

Description
This data set, Auction, provides the selling price and age of antique
clocks, and the number of bidders in the auction.

32.1

Purpose

The purpose of the original study was to assess whether the final
price of antique clock is related to the age of the clocks and the
number of bidders at the auction.
“A collector of antique grandfather clocks sold at auction believes that
the price received for the clocks depends on both the age of the clocks
and the number of bidders at the auction.” (Mendenhall and Sincich
1993, p. 171).

Here we use this data set to demonstrate the Bayesian linear
regression in JASP. Specifically, we will test whether the age of the
clock and the number of bidders in the auction predict the final
selling price.

32.2

Data Screenshot

The Auction data set (Mendenhall and Sincich 1993) consists of 32
rows and 3 columns. Each row corresponds to an antique clock.

32.3

Variables

• Age
– Type: Continuous
– Description: The age of the antique clock in years.
• Bidders
– Type: Continuous

Figure 32.1: Bidding. Image
by Tom Woodward under a
CC-BY-SA 4.0 license.
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Figure 32.2: Screenshot of the
first five rows of the Auction
data (Mendenhall and Sincich
1993).

– Description: The number of bidders participating in the auction
for the clock.
• Price
– Type: Continuous
– Description: The final selling price of the clock.

32.4

Source

Mendenhall, W. and Sincich, T. (1993). A Second Course in Statistics:
Regression Analysis. Boston: Prentice Hall, 6th edition
See also http://www.statsci.org/data/general/auction.html for
more information.

32.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/zd2ae/.

32.6

Example Analysis

To test whether ‘Bidders’ and ‘Age’ of the clock predict ‘Price’, we
will conduct a Bayesian multiple regression. Open the analysis
window under Regression → Bayesian Linear Regression in the
Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 32.3. As we want to predict ‘Price’ by ‘ ‘Age’ and ‘Bidders’, we

auction: bayesian linear regression

drag ‘Price’ into the Dependent Variable box, and ‘Age’ and ‘Bidders’
into the Covariates box.1 We will also select options under Output
section, namely Posterior summary of the Best model to display the
coefficient estimates under the model which is the most probable
after seeing the data. Also, we tick the Plot of coefficients box
to show the coefficient estimates graphically. Furthermore, we will
select Bayes Factor → BF01 option and Order → Compare to best
model so that the output expresses the relative evidence in favor of
the best model.
By default, JASP uses the so called “Jeffreys-Zellner-Siow” prior
(JZS) with an r-scale of 0.354, which we will use in this example.
You are, however, encouraged to use different priors, if you know
what are you doing – different options to change the priors can be
found under Advanced options section. Nevertheless, the JZS prior is
considered as a standard for linear regression, and is advocated to be
used as a default choice when performing Bayesian linear regression.
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Techically, ‘Bidders’ is a discrete
ordinal variable and as such it could be
problematic to use it as a covariate in a
Bayesian Linear Regression. We assume
here that the variable has enough
values to be approximately continuous.
Had it been a categorical variable, we
ought to conduct a different analysis,
such as Bayesian AN(C)OVA.

1

Figure 32.3: Screenshot of
the JASP input panel for the
analysis of the Auction data
(Mendenhall and Sincich 1993)
using Bayesian linear regression.

The JASP output is shown in Figures 32.4 and 32.5. Figure 32.4
shows the Model Comparison table which contains the information

268

the jasp data library

about which model is the best in predicting the prices. In particular,
each row corresponds to a model, where the Null model states that
neither of the predictors explain any variance in ‘Price’, the Bidders
model states that number of bidders but not age of the clock explain
‘Price’, and the reverse for the model Age. Finally, the most complicated model denoted as Age + Bidders states that both predictors
explain some portion of the variance of the prices. The column denoted by P(M) is the prior probability of each of the models, that is,
how much probability of each of the models we assign before we
know the data. By default, JASP uses a uniform prior on the model
space (all models are equally likely), which could have been changed
in the Advanced Options, if we had reasons to favor a priori specific
models. Another column P(M|data) shows the posterior probabilities
of the models. An alternative way of expressing this information is
by using posterior model odds, which is denoted by BFM . The next
column is the Bayes Factor BF01 . Because we selected a comparison
of the models to the best model, the best model will always have a
BF10 = 1 (we are comparing it to itself). The last column shows the
variance of ‘Prices’ explained by the model, R2 . In our example, we
observed overwhelming evidence for the model with two predictors
with a posterior probability which is essentially one. The data are
about 5.79 × 1011 times more likely under the two predictor model
(R2 =0.89) than the null model, 2.28 × 1011 times more likely than under model with only ‘Bidders’ as a predictor (R2 =0.16), and 9.33 × 107
times more likely than under the model with only ‘Age’ as a predictor (R2 =0.53). This strongly suggests that both of the predictors are
explaining some variance of ‘Price’.

Figure 32.4: JASP output for
the Auction data (Mendenhall and Sincich 1993): Model
comparison.

Figure 32.5 summarizes the posterior distributions of the model
coefficients under the best model with both predictors. As in classical
regression, Intercept stands for the average price if both predictors
were 0, which is problematic to interpret in this context – if there
had been zero bidders, the clock would never had been sold. The
coefficients of the two predictors are more informative. The mean
of the posterior for the coefficient ‘Age’ is 12.56 with 95% CI [10.73,
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14.39], which means that every year of age of the clock adds on
average about 12.56 pounds to the final price and we are 95% certain
that the values range between 10.73 and 14.39. Similarly, the mean
of the coefficient for ‘Bidders’ is 84.63 with 95% CI [67.00, 102.27],
which we can interpret as the average final price rising by about 84.63
pounds with every new bidder in the auction. The plot below the
table in Figure 32.5 shows the same information visually.

Figure 32.5: JASP output for
the Auction data (Mendenhall
and Sincich 1993): Coefficient
estimates under the best model.
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Want to Know More?

3 Mendenhall, W. and Sincich, T. (1993). A Second Course in Statistics:
Regression Analysis. Boston: Prentice Hall, 6th edition

3 http://www.statsci.org/data/general/auction.html

33

Titanic: Logistic Regression

Description
This data set, Titanic, provides age, cabin class, and survival status of
1313 passengers on the Titanic.

33.1

Purpose

“The sinking of the Titanic is a famous event, and new books are
still being published about it. Many well-known facts – from the
proportions of first-class passengers to the ‘women and children first’
policy, and the fact that that policy was not entirely successful in
saving the women and children in the third class – are reflected in the
survival rates for various classes of passenger.” (excerpt from the R
documentation, https://stat.ethz.ch/R-manual/R-devel/library/
datasets/html/Titanic.html)
Here, we use this data set to demonstrate the use of logistic regression in JASP. Specifically, our goal is to predict survival based on
passengers’ age and cabin class.

33.2

Figure 33.1: The Titanic. Image
by unknown author under a
CC0 license.

Data Screenshot

The Titanic data set (Dawson 1995) consists of 1313 rows and 5
columns. Each row represents one passenger of the Titanic, and gives
information about their name, cabin class, age, sex, and whether or
not they survived.

33.3

Variables

• Name
– Type: Categorical
– Description: Passenger name.
• PClass

Figure 33.2: Interested in
this example? Check out a
JASP blog post for more information: https://jaspstats.org/2018/02/13/newvideo-perform-logisticregression-analysis-jasp/
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– Type: Categorical
– Description: Passenger class (‘1st’, ‘2nd’, ‘3rd’).

Figure 33.3: Screenshot of the
first five rows of the Titanic
data (Dawson 1995).

• Age
– Type: Continuous
– Description: Age of the passenger.
• Sex
– Type: Categorical
– Description: Sex of the passenger (‘female’, ‘male’).
• Survived
– Type: Categorical
– Description: Indicates whether or not the person survived the
disaster (‘10 = survived, ‘00 = did not survive).

33.4

Source

Dawson, R. J. M. (1995). The “unusual episode” data revisited. Journal
of Statistics Education, 3:1–9

33.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/hvf4e/.

Figure 33.4: Data set included
in R: https://stat.ethz.ch/Rmanual/R-devel/library/
datasets/html/Titanic.html

33.6

Example Analysis

First, we will use logistic regression to explore whether ‘Age’ and
passenger’s class, ‘PClass’, relate to whether the person survived. To
conduct the logistic regression, open the relevant analysis window
under Regression → Logistic Regression in the Common menu.

titanic: logistic regression
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A screenshot of the relevant JASP input panel is shown in Figure 33.5. Drag the variable ‘Survived’ into the Dependent Variable
box. ‘Age’ goes into the Covariates box and ‘PClass’ into the
Factors box. In the Statistics section, we select Odds-ratio under Regression Coefficients, which facilitates the interpretation of the results. Furthermore, we also select Confusion matrix
under Performance Diagnostics, and Sensitivity/Recall and
Specificity under Performance metrics.

Figure 33.5: Screenshot of the
JASP input panel for the analysis of the Titanic data (Dawson
1995) using logistic regression.

The JASP output is shown in Figures 33.6, 33.7, and 33.8.
Figure 33.6 shows the Coefficients table. The covariate ‘Age’ has
its own slope. The categorical variable ‘PClass’ – the passenger’s
cabin class – has three categories, and so there is an estimate for
the second and the third class. The estimate for the first class is
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included in the intercept and therefore serves as a reference category
(we can change the reference category by reordering the levels of
the variable). The intercept therefore tells us about a theoretical
odds ratio of survival of a newborn (Age = 0) in the 1st class. An
odds ratio of 7.642 means that this person would have 7.642 times
higher probability to survive than to die. The odds ratio for ‘Age’ is
slightly below 1, which means that within a particular cabin class, the
probability of a passenger surviving compared to the probability of a
passenger dying is higher when the passenger’s ‘Age’ is lower. The
odds-ratios for the second and third class suggest that a person with
the same ‘Age’ from the first class would have higher probability to
survive than a passenger from the second or third class.

Figure 33.6: JASP output for
the Titanic data (Dawson 1995):
Coefficients summary.

To obtain more insight about what the results imply, let’s plot the
probabilities of surviving depending on Class or Age. Under the
Plots tab, select the option Display conditional estimates plots.
This will result in two plots as shown in Figure 33.7 – one for each
predictor. The plot on the left shows that probability of survival
decreases with increasing ‘Age’. The plot on the right shows that the
probability of survival is highest for the first class and lowest for the
third class.
Figure 33.8 shows the performance diagnostics and performance
metrics. Specifically, the Confusion matrix shows a contingency table
of observed survival versus the model predictions of the survival.
The model has correctly classified 350 passengers who died and 158
passengers who survived. However, the model would predict death
for 155 passengers who actually survived and conversely, predict
survival for 93 passengers who actually died. This directly leads to
sensitivity and specificity in the Performance metrics. Sensitivity
stands for the proportion of correctly predicted survival labels for
people who actually survived (0.505, which can be also calculated by
hand from the confusion matrix – 158/(158 + 155), whereas specificity
stands for the proportion of correctly predicted death labels for
people who actually died (0.79, which can be again calculated by
hand from the confusion matrix – 350/(350 + 93)).

titanic: logistic regression
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Figure 33.7: JASP output for the
Titanic data (Dawson 1995): Descriptive plots. The probabilities
of survival depending on Age
(left) and Social Class (right)
are shown with 95% confidence
intervals.

Figure 33.8: JASP output for
the Titanic data (Dawson 1995):
Performance diagnostics.
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Want to Know More?

3 Dawson, R. J. M. (1995). The “unusual episode” data revisited. Journal of
Statistics Education, 3:1–9

3 For more information about this example, check out a video by Alexander
Etz on the JASP YouTube channel: https://youtu.be/bUgpJeeReBY

Part V

Frequencies

34

Hungry Zombies: Bayesian Binomial Test

Description
This fictional data set, Hungry Zombies, provides answers of 12
zombies to the question: "what is your appetitive state?"

34.1

Purpose

These data were bravely collected by Sunday Mourning for an inclass project at Ardeal Elementary. Her schoolteacher is Miss Narcisa.
Figure 34.3 shows Sunday as she presents the data.
Here, we use this data set to demonstrate the use of the Bayesian
binomial test in JASP. Specifically, we want to quantify the evidence
for the null hypothesis: “All zombies are hungry”. According to this
hypothesis, the binomial chance parameter θ equals 1.
The data can be used to examine how evidence can be collected
in favor of a general law, in this case the null hypothesis that all
zombies are hungry. In addition, the data can be used to demonstrate
how evidence acumulates as data collection continues in order to
reach a more certain conclusion or terminated after an unforeseen
event (e.g., the twelfth zombie, “Donald”, biting Sunday).

34.2

Figure 34.1: A hungry zombie.
Image by Virginia State Parks
under a CC-BY 4.0 license.

Data Screenshot

The Hungry Zombies data set consists of twelve rows and a single column. Each row represents one zombie, and all 12 zombies
indicated that they were hungry.

Figure 34.2: Interested in the
example? Check out a Bayesian
Spectacles blog post for more
information: https://www.
bayesianspectacles.org/the-

34.3

Variables

• Outcome.
– Type: Categorical
– Description: Response to the question “what is your appetitive
state?”

butler-the-maid-and-thebayes-factor/.
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Source

Sunday Mourning, September 1st , 2016 (personal communication).

34.5

Analysis Code

Figure 34.3: Sunday Mourning presents her school
project. Artwork by Viktor
Beekman based on concept
by Eric-Jan Wagenmakers
under a CC-BY 4.0 license:
https://creativecommons.org/

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/muva6/.

34.6

Example Analysis

To address the key question, “are all zombies hungry?”, we perform
a Bayes factor hypothesis test that pits the predictive performance
of H0 : θ = 1 (i.e., the general law: all zombies are hungry) against
that of a more complicated model that relaxes that law. For historical

licenses/by/4.0/.
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Figure 34.4: Screenshot of the
entire Hungry Zombies data
(Sunday Mourning, 2016).

and illustrative reasons, we specify that H1 : θ ∼ beta(1, 1), that is,
a uniform distribution from 0 to 1, such that every proportion θ of
hungry zombies in the infinite zombie population is deemed equally
likely a priori.
To conduct the Bayesian binomial test, open the relevant analysis window under Frequencies → Bayesian Binomial Test in the
Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 34.5. Drag the variable ‘Outcome’ into the right window to
specify the analysis. Since we want to collect evidence in favor of the
general law θ = 1, change the Test value to 1 and select the option
BF01 under the Bayes Factor menu (the default would display the
evidence in favor of H1 ). The Hypothesis option specifies whether
the test should be conducted one-sided or two-sided. In our case, the
results from the one-sided test (< Test value) are necessarily identical
to those of the two-sided value (6= Test value), because the complex
model can only relax the law towards values lower than 1. For the
sake of clarity, we choose the one-sided (< Test value) test option.
As specified before, H1 is defined as a uniform distribution from 0
to 1 which is also the default setting of the Prior menu (both Beta
prior: parameter a and Beta prior: parameter b are set to one).
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Let’s also select Prior and posterior with Additional info options
for the prior and posterior plot and some additional information, and
Sequential analysis box to display the accumulation of evidence as
the data accrues.
Figure 34.5: Screenshot of the
JASP input panel for the analysis of the Hungry Zombies data
(Sunday Mourning, 2016) using
the Bayesian binomial test.

The JASP output is shown in Figures 34.6 and 34.7.
Figure 34.6 shows the prior and posterior plot. The dotted line
is the uniform prior distribution under H1 ; the solid line is the
posterior distribution under H1 after having observed 12 zombies, all
of whom are hungry. The posterior distribution concentrates around
the test value. The Bayes factor in favor of the general law compared
to the complex model is BF01 = 13. This means that the observed
data are 13 times more likely under H0 than under H1 . The Bayes
factor is also visualized by the Savage-Dickey density ratio – the two
dots indicate the height of the prior distribution and the height of the
posterior distribution at the point specified by H0 (Dickey and Lientz
1970, Wetzels et al. 2010, Wagenmakers et al. 2010).
JASP also allows us to monitor evidence as it accrues. Figure 34.7
depicts this accumulation of evidence. Every hungry zombie increases the evidence in favor of the general law that “all zombies
are hungry”. Note that, in our example, with the addition of every
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data|H1

BF10 = 0.077
BF01 = 13.000

Figure 34.6: JASP output for the
Hungry Zombies data (Sunday
Mourning, 2016): Prior and posterior distribution for binomial
rate parameter θ. The prior distribution is uniform beta(1, 1);
consequently, the posterior
distribution is a beta(13, 1)
distribution.

median = 0.948
95% CI: [0.753, 0.998]
data|H0

20.0
Posterior
Prior

Density

15.0

10.0

5.0

0.0
0

0.2

0.4

0.6

0.8

1

Population proportion q
zombie, the Bayes factor increases by one. This becomes especially
apparent in the figure at points n = 2 (where BF01 = 3) and n = 9
(where BF01 = 10).
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Figure 34.7: JASP output for the
Hungry Zombies data (Sunday
Mourning, 2016): Accumulation of evidence (BF01 ) for the
general law "all zombies are
hungry". Every dot represents
one hungry zombie.

34.7

Want to Know More?

3 Etz, A. and Wagenmakers, E.-J. (2017). J. B. S. Haldane’s contribution to
the Bayes factor hypothesis test. Statistical Science, 32:313–329

3 Howie, D. (2002). Interpreting Probability: Controversies and Developments
in the Early Twentieth Century. Cambridge: Cambridge University Press

3 Wrinch, D. and Jeffreys, H. (1921). On certain fundamental principles of
scientific inquiry. Philosophical Magazine, 42:369–390

3 Zabell, S. L. (1989). The rule of succession. Erkenntnis, 31:283–321

35 Emily Rosa: Bayesian Binomial Test
with Angelika Stefan
Description
This data set, Emily Rosa, provides correct and incorrect decisions
from therapeutic touch practitioners in Emily Rosa’s famous experiment. Specifically, the example features an experiment designed and
later published by 9-year old Emily Rosa in JAMA. The experiment is
described as follows:
“Twenty-one practitioners with TT experience for from 1 to 27 years
were tested under blinded conditions to determine whether they could
correctly identify which of their hands was closest to the investigator’s
hand. Placement of the investigator’s hand was determined by flipping
a coin. [...] In the initial trial, the subjects stated the correct location of
the investigator’s hand in 70 (47%) of 150 tries.” (Rosa et al. 1998)

The experimental setup can be seen in Figure 35.2.

35.1

Purpose

The purpose of the original study was to test the effectiveness of
“Therapeutic Touch” as a medical treatment.
“Therapeutic Touch (TT) is a widely used nursing practice rooted
in mysticism but alleged to have a scientific basis. Practitioners of
TT claim to treat many medical conditions by using their hands to
manipulate a ‘human energy field’ perceptible above the patient’s
skin.” (Rosa et al. 1998, p. 1005)

Here we use this data set to demonstrate the the Bayesian binomial
test in JASP. Specifically, we will test if the TT practitioners can detect
the location of the investigator’s hand above chance.

Figure 35.1: Emily Rosa,
youngest person ever to publish in JAMA. Image by LindaRosaRN under a CC-BY-SA
4.0 license.
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Figure 35.2: Setup of Emily
Rosa’s experiment. Detailed
background information on
the experiment is available
at www.youtube.com/watch?
v=mNoRxCRJ-Y0. Artwork By
Viktor Beekman based on concept by Erik-Jan Wagenmakers
under a CC-BY 4.0 license:
https://creativecommons.org/
licenses/by/4.0.
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Data Screenshot

The Emily Rosa data set consists of 150 rows and one column. Each
cell in the data set represents one guess made by a TT practitioner.

Figure 35.3: Screenshot of the
first three rows of the Emily
Rosa data (Rosa et al. 1998).

35.3

Variables

• Outcome
– Type: Categorical
– Description: Outcome of TT practitioners’ guesses: Did the
experimenter put her hand above their right or left hand?
(‘Correct’ = correct guess, ‘Incorrect’ = incorrect guess).

35.4

Source

Rosa, L., Rosa, E., Sarner, L., and Barrett, S. (1998). A close look at
therapeutic touch. The Journal of the American Medical Association,
279:1005–1010

35.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/rmus4/.

35.6

Example Analysis

For simplicity, we will assume that TT practitioners do not differ in
their ability and treat all 150 trials as exchangeable. This makes the
problem suitable for a Bayesian binomial test that focuses on θ, the
rate with which TT practitioners correctly determine the location of
Emily Rosa’s hand.
To conduct the Bayesian binomial test, open the relevant analysis
window under the Frequencies → Bayesian Binomial Test option
in the Common menu. A screenshot of the relevant JASP input panel
is shown in Figure 35.4. Drag the ‘Outcome’ variable into the box
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on the right. Since we want to test the alternative hypothesis that TT
practitioners are able to guess correctly above chance level, we need to
select the >Test value option in the Hypothesis section. Also, select
the BF01 option from the Bayes Factor section and check the Prior
and posterior option from the Plots section. All other settings
remain at their default values.

Figure 35.4: Screenshot of the
JASP input panel for the analysis of the Emily Rosa data
(Rosa et al. 1998) using Bayesian
binomial test.

The JASP output is shown in Figures 35.5 and 35.6. Figure 35.5
shows the results of the binomial test. The first two columns of the
table show the absolute number of trials where TT practitioners
guessed correctly (70 out of 150 in total) or incorrectly (80 out of 150
in total). This means that TT practitioners guessed correctly in less
than a half of the trials. The last column of the table contains the respective Bayes factor in favor of the null hypothesis. The Bayes factor
in the first row is the one that addresses the hypothesis that we want
to test (“TT practitioners guess the correct location of the hand with
above chance accuracy”). You can see now that the Bayes factor in
favor of the null hypothesis is 16.955, so the data are approximately
17 times as likely to have occurred under the null hypothesis than

emily rosa: bayesian binomial test

289

under the alternative hypothesis. This can be interpreted as strong
evidence for the null hypothesis (Jeffreys 1961).

Figure 35.5: JASP output for
the Emily Rosa data (Rosa et al.
1998): Bayesian binomial test.
There is strong evidence that TT
practitioners choose the correct
hand at chance level.
Figure 35.6 displays the prior and posterior distribution of the
probability that a TT practitioner makes a correct guess, alongside
some additional information. Due to the directional nature of the
alternative hypothesis, both prior and posterior distribution are cut
off at 0.5. At θ = 0.5, the posterior distribution is much higher than
the prior distribution which means that there is relative evidence in
favor of the null hypothesis. Above the distribution plot, you can see
the Bayes factors with the so-called “pizza plot”. This pie chart is a
visual representation of the Bayes factor: about 1 part of the pie is
red, 17 parts are white. This means that if you imagine to turn the
pizza plot like a wheel of fortune, it is about 17 times more likely that
it stopps at “white” than that it stops at “red”. This can give you an
intuitive impression what a Bayes factor of around 17 in favor of the
null hypothesis means.

Figure 35.6: JASP output for
the Emily Rosa data (Rosa et al.
1998): Prior and posterior distribution of the binomial rate
parameter.
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Want to Know More?

3 Rosa, L., Rosa, E., Sarner, L., and Barrett, S. (1998). A close look at
therapeutic touch. The Journal of the American Medical Association,
279:1005–1010
3 Jeffreys, H. (1961). Theory of Probability. Oxford: Oxford University
Press, 3rd edition

36

Sun Block Lotions: Binomial Test

Description
This fictional data set, Sun Block Lotions, provides responses of 20
participants to the question: “Which of these two sun block lotions is
better?”
Imagine you created a new brand of a sun block lotion. Now,
you would like to know whether it is any different from the ones
already on the market. You give 20 participants your lotion and some
other lotion to use and ask them which of them they prefer (Moore
et al. 2012). If the two brands are about the same, about a half of the
participants would prefer your product.

36.1

Purpose

Assessing the quality of a product is important - sometimes we need
to know whether it makes sense to release a product on the market,
based on how it compares to products already available. However,
quality assessment comes with uncertainty, as we cannot test our
product on all potential buyers. Is 20 participants enough to tell a
difference between two products?
Here we use this data set to demonstrate the binomial test in JASP.
Specifically, we test whether “your” product is different from the
other ones.

36.2

Figure 36.1: Which sun block lotion is better? Image by Simon
Speed under a CC0 license.

Data Screenshot

The Sun Block Lotions data set (Moore et al. 2012) consists of 20
rows and one column. Each row corresponds to the choice of one
participant between yours and other lotion.

36.3

Variables

• Product
– Type: Categorical

Figure 36.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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Figure 36.3: Screenshot of the
entire Sun Block Lotions data
(Moore et al. 2012).

– Description: Response of the participant: Is yours or the other
lotion better?

36.4

Source

This fictional data set was constructed by Moore, D. S., McCabe, G.
P., and Craig, B. A. (2012). Introduction to the Practice of Statistics
(7th ed.). New York: W. H. Freeman and Company. The example
was created by Moore, McCabe and Craig who therefore own the
copyright. Moore, McCabe and Craig generously agreed that we
can include the data set in the JASP data library. This data set is
also publicly available on the website that accompanies their book,
whfreeman.com/ips7e. Without the authors’ explicit consent, this data
set may not be distributed for commercial purposes, this data set
may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license).

36.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/gevnm/.
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Example Analysis

To conduct the binomial test, open the relevant analysis window
under Frequencies → Binomial Test in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 36.4. First, drag the ‘Product’ into the window on the right. The
null hypothesis states that the two brands are the same. In that case,
participants should prefer one over the other with a 50% chance – the
Test value corresponding to the null hypothesis is equal to 0.5. We
wish to know how our product stands compared to others, and we
are not sure whether it is worse or better, and so we will use the twosided alternative hypothesis (6= Test value), which is the default. To
get more information about the precision of our estimate, we also
select Confidence interval and Descriptive plots.

Figure 36.4: Screenshot of the
JASP input panel for the analysis of the Sun Block Lotions
data (Moore et al. 2012) using
binomial test.

The JASP output is shown in Figures 36.5 and 36.6. Figure 36.5
displays the results of the binomial test. The table has two rows
corresponding to the two possible choices. Out of 20 participants,
13 selected ‘yours’ product (65%, 95% CI [0.41, 0.85], p < 0.26), and
so we cannot reject the null hypothesis that the two products are
received equally well. The width of the confidence interval tells us
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that we cannot reject a wide range of proportions (at the conventional
α = .05 level), which demonstrates that with such a small sample (n =
20), it is hard to reach meaningful conclusions.

Figure 36.5: JASP output for the
Sun Block Lotions data (Moore
et al. 2012): Binomial test.

Figure 36.6 shows the information discussed above visually. The
black dot indicates the sample proportion of the participants who
chose ‘yours’ product, and the whiskers the associated 95 % confidence interval. The dashed line shows the test value of the null
hypothesis - the confidence interval intersects the null hypothesis
which means we cannot reject the null hypothesis that the two products are received equally well.

Figure 36.6: JASP output for the
Sun Block Lotions data (Moore
et al. 2012): Descriptives plot.

sun block lotions: binomial test

36.7

Want to Know More?

3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to the
Practice of Statisics. New York: Freeman, 7th edition
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37 Three-Sided Coin: Bayesian Binomial Test from Summary Statistics

Description
This data set, Three-Sided Coin, provides the number of times that
each of two experimental coins landed on its edge (out of 1,000
tosses). Specifically, on the channel “Standupmaths” by Matthew
Parker, one video (https://youtu.be/-qqPKKOU-yY) contains an
empirical test if one out of two coin types (which differ in their
thickness) is close to being a fair three-sided coin. What does a
“three-sided coin” mean? Suppose that you have any normal coin
and you decide to flip it. In most examples, we would assume that
getting tails is as probable as getting heads, so both of them come up
with a 50% chance. However, sometimes the coin could land on its
edge (and therefore tails and heads have a slightly lower probability
than 50%). A fair three-sided coin is a coin which is so thick that it
lands on its edge with a chance of 1/3.

37.1

Purpose

The purpose of the original study was to

“find the ratio between the diameter and thickness of a cylindrical
coin that when thrown would give a one third chance of the coin
landing on its edge, as opposed to one of its faces.” (excerpt from
think-maths.co.uk/downloads/three-sided-coin-activity)

Here we use these data to demonstrate the Bayesian binomial test
in JASP using summary statistics. Specifically, we will test both a
‘thin’ and ‘thick’ coin and assess whether either of them is close to be
a three-sided coin.

Figure 37.1: Is this coin thick
enough to be a true three-sided
coin? Image by Petr Kratochvil
under a CC0 license.
For more information about the Three
Sided Coin project, visit http://thinkmaths.co.uk/downloads/three-sidedcoin-activity.
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Data Screenshot

The raw data are not available. However, with the JASP Summary
Statistics module (Ly et al. 2018b) we can conduct the binomial tests
from the observed counts, which are available.

37.3

Variables

We have only the counts of trials which ended by coin landing on its
edge. The ‘thin’ coin landed on its edge 132 times out of 1000 trials.
The ‘thick’ coin landed on its edge 410 times out of 1000 trials.

37.4

Source

Parker, M. [standupmaths] (2018, January 23). How thick is a threesided coin? [video file] retrieved from https://youtu.be/-qqPKKOUyY.

37.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/xzjk3/.

37.6

Example Analysis

To test the hypotheses that the coins have a chance of 1/3 of landing
on the edge, we can use the Summary Stats Module in JASP which
can be activated by clicking on the + → Summary Stats option.
To conduct the Bayesian binomial test, open the relevant analysis
window under Frequencies → Binomial Bayesian Test option in
the Summary Stats menu.
A screenshot of the relevant JASP input panel is shown in Figure 37.2. The ‘thin’ coin landed on its edge 132 times out of 1000
trials, so we enter 132 in the Successes box and 868 (1000 − 132) in
the Failures box. Our null hypothesis is that the probability of landing on edge is 1/3, and so we type this number in the Test value
box. We can also visualize the inference by ticking the Prior and
posterior option under the Plots section. Due to the fact that the
number of trials is relatively large and the deviation from the test
value is substantial, it might be advisable to report the BF in terms of
its logarithm Log(BF10 ). The prior with a and b equal to 1 specifies
the alternative model, which in this case spreads out the prior probability equally from 0 to 1. The same options can be selected for the
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‘thick’ coin, in which case we just change the number of Successes to
410 and number of Failures to 590.
Figure 37.2: Screenshot of the
JASP input panel for the analysis of the Three-Sided Coin data
(Parker, 2018) using a Bayesian
binomial test in the Summary
Stats module.

The JASP output is shown in Figures 37.3 and 37.4. Figure 37.3
shows the results of the binomial test for the ‘thin’ coin. The log(BF10 ) =
103.17 indicates extreme evidence for the alternative hypothesis,
which means that the data are relatively unlikely under the hypothesis that the ‘thin’ coin lands on its edge with a probability of 1/3.
This can be also seen from the prior and posterior plot, where the
posterior for the probability with which the coin lands on its edge is
very narrow around the median of 0.132 with 95% CI [0.112, 0.154],
which is far away from 1/3.
Figure 37.4 shows the results of the binomial tests for the ‘thick’
coin. The results indicate less evidence for the alternative hypothesis
than for the ‘thin’ coin, yet it is still overwhelming (log(BF10 ) = 9.55),
which means that the thick coin is also not a fair three-sided coin.
The data suggest that for the ‘thick’ coin, the chance of it landing on
its edge appears to exceed 1/3.

37.7

Want to Know More?

3 See the video and associated online initiative at http://think-maths.
co.uk/downloads/three-sided-coin-activity
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Figure 37.3: JASP output for the
Three-Sided Coin data (Parker,
2018): Bayesian binomial test,
and a prior and posterior plot.
There is overwhelming evidence that the thin coin is not a
three-sided coin.
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Figure 37.4: JASP output for the
Three-Sided Coin data (Parker,
2018): Bayesian binomial test,
and a prior and posterior plot.
There is overwhelming evidence that the thin coin is not a
three-sided coin.

38 Memory of Life Stresses: Multinomial Test
with Sophia Crüwell
Description
This data set, Memory of Life Stresses, provides the number of
reported life stresses (summed across participants) that occurred in
specific months prior to an interview.
Specifically, Uhlenhuth et al. (1974) investigated the connection
between life stresses and illness by asking 735 participants to indicate
which life stresses, negative life events, and illnesses they experienced
during the past 18 months. We will analyze a subset of this data
reported by Haberman (1978), who focused on the 147 participants
who reported only a single negative life event during this time span.

38.1

Purpose

Haberman (1978) used this data set to argue that retrospective surveys are unreliable because of the fallibility of human memory.
Specifically, people may forget to report negative events when these
occurred further back in time.
Here we use this data set to demonstrate the Multinomial Test in
JASP. We test whether the proportions of reported negative life events
decrease with increasing temporal distance between the event and
the interview.

38.2

Data Screenshot

The Memory of Life Stresses data (Haberman 1978) consists of 18
rows and 5 columns. Each row represents one month of the 18month period prior to the interview, and gives information about the
observed and expected number and percentage of participants who
felt stressed in that month.

Figure 38.1: Sometimes, we
just want to forget. Image by
tiyowprasetyo under a CC0
license.
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Variables

• Month

Figure 38.2: Screenshot of the
first 5 rows of the Memory of
Life Stresses data (Haberman
1978).

– Type: Ordinal
– Description: The number of months ago that the reported life
stress occurred (i.e., the first row signifies the month immediately prior to the interview).
• Stress.frequency
– Type: Continuous
– Description: The number of respondents who reported the life
stress in a particular month prior to the interview.
• Stress.percentage
– Type: Continuous
– Description: The Stress.frequency converted to percentages.
• Expected.counts
– Type: Continuous
– Description: The expected counts of reported life stresses under
a custom hypothesis. See the text below for explanation.
• Expected.proportions
– Type: Continuous
– Description: The expected counts converted to proportions.

38.4

Source

Haberman, S. J. (1978). Analysis of qualitative data: Introductory topics.
London: Academic Press
Figure 38.3: Interested in this
example? Check out a JASP
blog post for more information:
https://jasp-stats.org/2018/
03/06/conduct-multinomialtest-chi-square-test-jasp/
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Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/vd67b/.

38.6

Example Analysis

First we use the multinomial test to investigate whether stress frequency is equally distributed across the 18 months before the interview. To conduct the multinomial test, open the relevant analysis
window under Frequencies → Multinomial in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 38.4. Place the ‘Month’ variable into the Factor window, and
the ‘Stress.frequency’ in the Counts window. Note that JASP can also
work with non-aggregated data. In that case, only the Factor box
needs to be populated, and the Counts box is left empty.

Figure 38.4: Screenshot of the
JASP input panel for the analysis of the Memory of Life
Stresses data (Haberman 1978)
using the multinomial test.

The JASP output is shown in Figure 38.5. The output table shows
that the test yields χ2 (17) = 45.367, p < .001, which means that we
may feel entitled to reject the null hypothesis that the ‘Stress’ events
are uniformly distributed across the 18 months at the conventional
α = .05 level.
The null hypothesis of the multinomial test is that the distribution
of counts is uniform across all levels of the Factor variable. Sometimes, however, we might entertain a more specific null hypothesis.
For example, we might be interested in whether the observed distribution is equal to a distribution observed in an earlier study. To test
such custom hypotheses we can conduct χ2 goodness-of-fit tests.
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Figure 38.5: JASP output for the
Memory of Life Stresses data
(Haberman 1978): Multinomial
test.

A screenshot of the relevant JASP input panel to conduct a χ2
goodness-of-fit test is shown in Figure 38.6. Select the χ2 test option under the Hypothesis section. A new input table will appear in
which the columns correspond to individual (custom) null hypotheses, and the rows specify the expected counts (or proportions) under
that hypothesis for each of the levels of the specified Factor variable.
By default, JASP will include a multinomial null hypothesis that specifies a uniform distribution. To add a new, custom hypothesis, click
on Add column and enter a number in each cell. These numbers can
be percentages, counts, or any other quantifier of your choice – JASP
will automatically normalize this input to expected counts while
preserving the relative ratios. You can specify up to five different
hypotheses. In this example, we specify a single custom hypothesis
using the numbers that can be seen in the ‘Expected.counts’ column
from the data spreadsheet.
The resulting JASP output is shown in Figure 38.7. Each of the
specified null hypotheses has its own row. The first row corresponds
to the default multinomial test we conducted earlier. The second row
corresponds to our custom hypothesis (H0 (b)); the test is statistically
significant at the α = .05 level, which means we can reject this custom
hypothesis as well.
The multinomial analysis menu offers several additional options.
Descriptives will show the observed and expected counts (or proportions), and we can also ask for Confidence Intervals around
the observed counts. By selecting the Descriptives plot option, we
obtain a plot of the observed counts with their confidence intervals –
see Figure 38.8. The plot reveals that the number of reported negative
events indeed decreases over time, corroborating the suspicion of
(Haberman 1978).

memory of life stresses: multinomial test
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Figure 38.6: Screenshot of the
JASP input panel for the analysis of the Memory of Life
Stresses data (Haberman 1978)
using a χ2 goodness-of-fit test
with a custom hypothesis of
expected counts.

Figure 38.7: JASP output for the
Memory of Life Stresses data
(Haberman 1978): χ2 goodnessof-fit test. Each hypothesis has
its own row. Note that JASP
warns you that the χ2 approximation may be incorrect – this
is because the custom hypothesis has many expected counts
smaller than 5.
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Figure 38.8: JASP output for
the Memory of Life Stresses
data (Haberman 1978): Descriptives plot. The bars show the
observed counts of reported
negative events for each month
prior to the interview (y-axis).
The whiskers show the 95 %
confidence intervals.

38.7

Want to Know More?

3 Haberman, S. J. (1978). Analysis of qualitative data: Introductory topics.
London: Academic Press

3 Uhlenhuth, E. H., Lipman, R. S., Balter, M. B., and S., M. (1974). Symptom
intensity and life stress in the city. Archives of General Psychiatry, 31:759–
764

39

Listerism: Bayesian Contingency Table

Description
This data set, Listerism, provides the recovery status of patients
treated either with Lister’s method or with ordinary dressings.
Specifically:
“[...] In 1881, Donald MacAlister posed a famous problem in the
Educational Times, a problem that represents one of the earliest
instances concerning the comparison of two proportions in small
samples: ‘Of 10 cases treated by Lister’s method, 7 did well and 3
suffered from blood-poisoning; of 14 cases treated with ordinary
dressings, 9 did well and 5 had blood-poisoning; what are the odds
that the success of Lister’s method was due to chance?” (Jamil et al.
2017)

39.1

Purpose

“It is clear that the answer to this question is of considerable statistical
relevance, far exceeding the specifics of the problem at hand. In
modern-day educational research, one often wants to quantify the
evidence for the effectiveness of a new program or instruction; if the
new program seems to result in a beneficial outcome, the immediate
question is identical that posed by MacAlister: ‘What are the odds that
the success of the new method is due to chance’?” (Jamil et al. 2017)

Here we use this data set to demonstrate a Bayesian test for a
2 × 2 contingency table (sampling scheme: independent multinomial;
Gunel and Dickey 1974). For more information about the MacAlister’s problem, see Jamil et al. (2017) and references therein.

39.2

Data Screenshot

The Listerism data set (Jamil et al. 2017) consists of 4 rows and 3
columns. The first column indicates the treatment, the second indicates the outcome and the third the number of times this outcome
occurred.

Figure 39.1: Lister’s carbolic steam stray apparatus,
Hunterium Museum, Glasgow.
Image by Stephencdickson
under a CC-BY-SA 4.0 license.
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Figure 39.2: Screenshot of the
entire Listerism data (Jamil et al.
2017).

39.3

Variables

• Method
– Type: Categorical
– Description: Treatment method that was applied (i.e., Lister’s or
standard).
• Outcome
– Type: Categorical
– Description: The outcome following treatment: either the patient
suffered from blood poisoning or did well.
• Count
– Type: Continuous
– Description: The number of patients who fell into each of the
four categories.

39.4

Source

The data were posed by MacAlister (1881) in the Educational Times.
Jamil, T., Marsman, M., Ly, A., Morey, R. D., and Wagenmakers,
E.-J. (2017). What are the odds? Modern relevance and Bayes factor
solutions for MacAlister’s problem from the 1881 Educational Times.
Educational and Psychological Measurement, 77:819–830.

39.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/7nvj3/.

listerism: bayesian contingency table

39.6

Example Analysis

In this example, we will test whether the proportion of patients
who received Lister’s treatment and did well is greater than the
proportion of patients who received the standard treatment and did
well.
In order conduct the Bayesian contingency table test, open the relevant analysis window under Frequencies→Bayesian Contingency
Tables available from the Common menu.
A screenshot of the JASP input panel is shown in Figure 39.3.
Drag ‘Method’ into the Rows box, ‘Outcome’ into the Columns box,
and ‘Count’ into the Counts box. To test the equality of two proportions, select the Independent multinomial test with rows fixed in
the Sampling section. The term ‘rows fixed’ relates to how the table
is set up, and what factors we want to compare. Here, we are comparing the proportions under the two treatments – the treatment is
the row factor, and it is fixed by design; what varies is the outcome
variable, and this information is encoded in the columns. Furthermore, to test whether the Lister’s treatment is better than the standard
treatment, we need to specify the direction of the hypothesis, that is,
we select Group One > Group Two.
The JASP output is shown in Figures 39.4 and 39.5. Figure 39.4
shows how the data are distributed across the four cells. This is
especially informative in case the data are not aggregated in advance (which means we could not use the ‘Count’ variable). Exactly
70%(7/10) of the patients treated with Lister’s method did well, compared to about 64%(9/14) of the patients who were treated with the
standard method.
Figure 39.5 shows the results of the Bayesian test. The Bayes factor
in favor of the alternative hypothesis (i.e., Lister’s method is superior)
is BF+0 = 0.558, a number lower than 1, which means the data actually provide (weak) support in favor of the null hypothesis; the data
are about 1.79 (1/0.558) times more likely under the null hypothesis
(i.e., that Lister’s method does not improve on the standard method),
than under the alternative hypothesis that Lister’s method is superior.
The fact that the Bayes factor is only 1.79 signals absence of evidence
rather than evidence of absence.
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Figure 39.3: Screenshot of the
JASP input panel for the analysis of the Listerism data (Jamil
et al. 2017) using a Bayesian
test for contingency tables (sampling scheme: independent
multinomial).

listerism: bayesian contingency table
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Figure 39.4: JASP output for
the Listerism data (Jamil et al.
2017): Contingency table.

Figure 39.5: JASP output for
the Listerism data (Jamil et al.
2017): Bayesian independent
multinomial test.
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Want to Know More?

3 Jamil, T., Marsman, M., Ly, A., Morey, R. D., and Wagenmakers, E.-J.
(2017). What are the odds? Modern relevance and Bayes factor solutions
for MacAlister’s problem from the 1881 Educational Times. Educational and
Psychological Measurement, 77:819–830

40

MOOC Bias: χ2 Test of Independence

Description
This data set, MOOC Bias, provides the response rate from MOOC
lecturers to questions posed by eight constructed identities [i.e.,
gender (male, female) × race (White, Indian, Black , Chinese)]. Specifically, Baker et al. (2018) sent questions about the learning material
to 124 online courses under 8 differently constructed student names
suggesting different identities (combinations of White, Indian, Black,
Chinese, and male or female) and counted how many times the
question was answered by the MOOC instructors.

Analyses that Depend on the Results
The purpose of the original study was to assess evidence regarding
gender bias and racial bias in online learning environments. The working
paper received considerable attention from the media. However, as
pointed out by Timofey Pnin (@pnin1957, see https://twitter.com/
pnin1957/status/972183284515069953?s=19), the data may be less

informative than they appear at first sight. Specifically, the statistically
significant comparison that made it into the newspaper headlines was
probably made after seeing the data, and picked from potentially many
other theoretically valid comparisons that could have been made.
We like to stress that the evidence regarding sexism and racism is
hardly influenced by a single study like this. The original study reported
evidence concerning one potential manifestation of sexism and racism;
the existence of sexism and racism is not in any doubt. Furthermore,
the data are qualitatively in agreement with previous work and with what
we observe in other areas of everyday life. However, this particular data
set, considered in isolation, is not sufficiently informative to draw strong
conclusions about bias in online learning environments.

Figure 40.1: Diversity. Image by
OpenClipart-Vectors under a
CC0 license.
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Purpose

Here we use this data set to demonstrate the use of a χ2 test of
independence in JASP. Specifically, we will assess the adequacy of the
null hypothesis that all identities have the same probability of getting
an answer to a question on an online course.

40.2

Data Screenshot

The MOOC Bias data set (Baker et al. 2018) consists of 16 rows and 3
columns. Each row represents, for each combination of gender and
race, how often the question was answered, and how often it was not.

40.3

Variables

• Answer
– Type: Categorical
– Description: This variable indicates whether the question was
answered (‘Yes’, ‘No’).
• Group
– Type: Categorical
– Description: Constructed identity on an online course forum
(‘WM’ = white male, ‘WF’ = white female, ‘IM’ = Indian male,
‘IF’ = Indian female, ‘BM’ = black male, ‘BF’ = black female,
‘CM’ = Chinese male, ‘CF’ = Chinese female).
• Count
– Type: Continuous
– Description: The number of observations in each cell of the
design.

40.4

Source

Baker, R., Dee, T., Evans, B., and John, J. (2018). Bias in online classes:
Evidence from a field experiment. Working paper. Retrived from https:
//cepa.stanford.edu/content/bias-online-classes-evidencefield-experiment.

40.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/9rtnk/.

mooc bias: χ 2 test of independence
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Figure 40.2: Screenshot of the
entire MOOC Bias data (Baker
et al. 2018).
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Example Analysis

To test whether all identities have the same probability of getting an
answer to a question, we will carry out a χ2 test of independence.
To conduct the analysis, open the relevant analysis window under
Frequencies → Contingency Tables in the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 40.3. To create the contingency table, drag the variable ‘Group’
into the Rows window, ‘Answer’ into the Columns window, and
‘Count’ into the Counts box. For additional information, we request
the percentage within rows by selecting the Row box under the Cells
section.
The JASP output is shown in Figures 40.4 and 40.5. Figure 40.4
shows the data summarized as a contingency table. The table shows
the observed counts of answered and non-answered questions per
each group. The percentages below the counts correspond to the
number of responses for each group – for example, about 12.1% of
questions posed by white males (‘WM’) were answered, whereas only
3.2% of questions posed by Indian males (‘IM’) were answered.
Figure 40.5 shows the results of the χ2 test of independence, which
is not statistically significant; χ2 (7) = 9.206, p = 0.238. We cannot
reject the null hypothesis that the eight identities have the same
probability of obtaining an answer to a question.

mooc bias: χ 2 test of independence
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Figure 40.3: Screenshot of the
JASP input panel for the analysis of the MOOC bias data
(Baker et al. 2018) using a χ2
test of independence.
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Figure 40.4: JASP output for the
MOOC bias data (Baker et al.
2018): Contingency table.

Figure 40.5: JASP output for the
MOOC bias data (Baker et al.
2018): χ2 test of independence.

mooc bias: χ 2 test of independence

40.7

Want to Know More?

3 Baker, R., Dee, T., Evans, B., and John, J. (2018). Bias in online classes:
Evidence from a field experiment. Working paper. Retrived from https:
//cepa.stanford.edu/content/bias-online-classes-evidencefield-experiment.

3 The example came to our attention following a tweet by Timofey Pnin
(@pnin1957, https://twitter.com/pnin1957/status/972183284515069953?
s=19).

3 A final Bayesian thought: the observed data are consistent with the hypothesis that white men receive answers more readily than any of the other
groups. However, before seeing the data many other hypotheses about
bias could have been entertained – for instance, maybe women receive
more answers than men because they are deemed less independent and
more in need of help; or perhaps white and Chinese men are deemed
more capable and less in need of help, etc. So although the observed data
support the ‘white-male privilege’ hypothesis most, a priori there are so
many other reasonable hypotheses in play that our posterior confidence in
this specific one cannot be strong, given the statistical uncertainty in the
data.
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Health Habits: χ2 Test of Independence

Description
This data set, Health Habits, provides physical activity and consumption of fruits of 1184 students. Specifically:
“[...]Physical activity generally declines when students leave high
school for college. This suggests that college is an ideal setting to
promote physical activity. One study examined the level of physical
activity and other health-related behaviors in a sample of 1184 students.
Let’s look at the data for physical activity and consumption of fruits.
We categorize physical activity as low, moderate or vigorous and fruit
consumption as low, medium and high.”(Moore et al. 2012, p. 514)

41.1

Purpose

“Given the inconsistent findings in the literature, the authors’ purpose
in this study was to examine the associations between physical activity
and behavioral and perceptional correlates, such as binge drinking,
cigarette smoking, fruit or vegetable consumption, and weight perceptions, among midwestern college students.” (Moore et al. 2012, p.
514)

Figure 41.1: Would you eat
the apple? Image by Raquel
Martínez .

Here we use this data set to demonstrate the χ2 test of independence in JASP. Specifically, we will examine the adequacy of the null
hypothesis that physical activity is independent of fruit consumption.

41.2

Data Screenshot

The Health habits data set (Seo et al. 2007) consists of 1184 rows and
2 columns. Each row corresponds to one participant.

41.3

Variables

• Physical Activity
– Type: Categorical

Figure 41.2: Interested in this
example? Check out the website that accompanies the book
by Moore, McCabe, and Craig:
whfreeman.com/ips7e.
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Figure 41.3: Screenshot of nine
rows of the Health Habits data
(Seo et al. 2007) as reported in
Moore et al. (2012).

– Description: The level of physical activity of the students (‘Low’,
‘Medium’, or ‘Vigorous’).
• Fruit Consumption
– Type: Categorical
– Description: The degree of fruit consumption of the students
(‘Low’, ‘Medium’, or ‘High’).

41.4

Source

Seo, D.-C., Nehl, E., Agley, J., and Ma, S.-M. (2007). Relations between
physical activity and behavioral and perceptual correlates among
midwestern college students. Journal of American College Health,
56:187–197
This example analysis is based on Chapter 9 (pp. 514–518) in
Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition, with available
resources at whfreeman.com/ips7e.

41.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/t7umw/.

health habits: χ 2 test of independence

41.6

325

Example Analysis

Before conducting the analyses, note that both variables have three
ordered categories. To draw the correct inference, JASP needs to know
the correct order. By clicking on the name of the variable, a box
opens above the data viewer. In this box, we can place the levels in
order – as is shown in Figure 41.4.

Figure 41.4: Screenshot of the
JASP input panel for ordering
the levels of an ordinal variable.

To conduct a χ2 test of independence, open the relevant analysis
window under the Frequencies→Contingency tables option in the
Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 41.5. To specify the contingency table, drag the variable ‘Fruit
Consumption’ into the Rows window, and the variable ‘Physical Activity’ in the Columns window. By default, JASP conducts χ2 test of
independence, which we can leave as is. To gain more insight in
the strength of the relationship, we also select Gamma and Kendall’s
Tau-b coefficients for ordinal variables in the Statistics section.
Beware that for those statistics, it is crucial to check the ordering of
the factors in the Options section (selecting the opposite order for
one of the variables would change the sign of the statistic) – we have
already ordered the factors, so the settings are correct. We might
also request some additional output in the Cells section, such as
expected counts, or the row and column percentages.
The JASP output is shown in Figures 41.6 and 41.7. Figure 41.6
shows that the observed counts are not exactly in line with the expected counts (which are predicted by the null hypothesis that the
two variables are independent). Specifically, there seem to be slightly
more students who exercise vigorously and eat a lot of fruits, and
slightly more students who do not exercise much and do not eat a lot
of fruits.
Figure 41.7 shows that the χ2 test is significant at the α = .05 level;
2
χ (4) = 14.15, p = 0.007. The VS-MPR also suggests a strong support
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Figure 41.5: Screenshot of the
JASP input panel for the analysis of the Health Habits data
(Moore et al. 2012, Seo et al.
2007) using χ2 test of independence.

health habits: χ 2 test of independence

for dependence between the variables. We might conclude that the
two variables are related to each other. We might now look for an
indication how strong (and in which direction) this association is.
Both Gamma and Kendall’s Tau suggest they are positively related.
However, neither of the statistics is very large (about Gamma =
0.1 and Kendall’s τ = 0.06), which suggests that the dependency
between the variables is rather weak.

Figure 41.6: JASP output for
the analysis of the Healthy
Habits data (Seo et al. 2007):
Contingency table.
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Figure 41.7: JASP output for the
analysis of the Healthy Habits
data (Seo et al. 2007): χ2 test of
independence.

41.7

Want to Know More?

3 Kendall, M. G. (1938). A new measure of rank correlation.
Biometrika, 30:81–93
3 Moore, D. S., McCabe, G. P., and Craig, B. A. (2012). Introduction to
the Practice of Statisics. New York: Freeman, 7th edition
3 Seo, D.-C., Nehl, E., Agley, J., and Ma, S.-M. (2007). Relations
between physical activity and behavioral and perceptual correlates
among midwestern college students. Journal of American College
Health, 56:187–197

42

Dancing Cats: χ2 Test of Independence

Description
This data set, Dancing Cats, provides the number of cats who learned
to dance, trained by one of two types of conditioning. Specifically:
“A researcher was interested in whether animals could be trained to
line-dance. He took 200 cats and tried to train them to line-dance by
giving them either food or affection as a reward for dancelike behavior.
At the end of the week he counted how many animals could line-dance
and how many could not. There are two categorical variables here:
training (the animal was trained using either food or affection, not
both) and dance (the animal either learned to line-dance or it did not).
By combining categories, we end up with four different categories.”
(Field 2017, pp. 1380–1381)

42.1

Purpose

“I, Oditi, want my followers to harness the power of dancing cats. It
is a well-established fact that a dancing cat creates more energy than
nuclear fusion. To solve the mysteries of statistics, we must power
thousands of computers, and the only way to generate that kind of
power is a stadium of dancing cats. So that you can identify a dancing
cat, I have prepared a video of one... it also shows you how to do the
chi-square test. Stare into my lantern and be amazed.” Field (2017, pp.
1406-1407)

Here we use this data set to demonstrate the χ2 test of independence in JASP. Specifically, we will test whether cats are more likely
to learn how to line-dance when they receive food as a reward than
when they receive affection as a reward.

42.2

Figure 42.1: Teaching cats to
dance. Image by Ωméga under
a CC-BY-SA 4.0 license.

Data Screenshot

The Dancing Cats data set Field (2017) consist of 4 rows and 3
columns. The first column lists the type of training the cats received,
the second column indicates whether or not the cats learned to dance,

Figure 42.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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and the third column shows the number of cats that fall into each of
the four categories.

Figure 42.3: Screenshot of the
entire Dancing Cats data (Field
2017).

42.3

Variables

• Training
– Type: Categorical
– Description: Identifies the experimental condition. Cats either
received affection or food as a reward (‘Affection as Reward’ or
‘Food as Reward’).
• Dance
– Type: Categorical
– Description: Whether or not the cat learned to dance (‘Yes’ or
‘No’).
• Counts
– Type: Continuous
– Description: The number of cats that fall in a particular cell of
the 2 × 2 table.

42.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
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set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

42.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/th8zf/.

42.6

Example Analysis

To conduct the χ2 test of independence, open the relevant analysis
window under the Frequencies→Contingency Tables option from
the Common menu.
Screenshots of the relevant JASP input panel are shown in Figures 42.4 and 42.5. To specify the contingency table, drag the variable
‘Training’ into the Rows window, and the variable ‘Dance’ in the
Columns window. Because the data are aggregated, we need to place
the ‘Counts’ variable into the Counts box.
Figure 42.4: Screenshot of the
JASP input panel for the analysis of the Dancing Cats data
(Field 2017) using a χ2 test of
independence: Contingency
table specification.

Under the Statistics section, we select the Phi and Cramer’s
V coefficients and the Log odds ratio. Under the Cells section,
we select expected counts and percentages across Row, Column, and
Total.
The JASP output is shown in Figures 42.6 and 42.7. The Chi-Squared
Tests table shows that the χ2 test is significant at the α = .05
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Figure 42.5: Screenshot of the
JASP input panel for the analysis of the Dancing Cats data
(Field 2017) using χ2 test of
independence: Selection of
statistics.

level, suggesting that the ability to learn line-dancing is affected by
whether the cats receive food or affection as reward (χ2 (1) = 25.356,
p < 0.001, with Cramer’s V = 0.356). The Contingency Table shows
that that when rewarded with food, more cats were able to learn linedancing than is expected under the null hypothesis. The log odds
ratio is equal to −1.895 (95%CI [−2.692, −1.098]), whichwe can con
vert it to an odds ratio and take the inverse; the result, exp(−11.895) ,
tells us that cats rewarded with food were about 6.65 more likely to
learn line-dancing than those rewarded with affection. Life lesson: if
you want to teach cats to line-dance, feeding beats petting.

42.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
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Figure 42.6: JASP output for the
Cats data (Field 2017): Contingency table and the χ2 test of
independence.

Figure 42.7: JASP output for
the Cats data (Field 2017): Log
odds ratio, Phi and Cramer’s V
coefficients.

43

Dancing Cats & Dogs: Log-Linear Regression

Description
This data set, Dancing Cats & Dogs, provides the number of cats and
dogs who did or did not learn to dance, trained by one of two types
of conditioning. Specifically:
“[...] suppose we took the example we’ve just used [Dancing Cats]
but also collected data from a sample of 70 dogs? We might want to
compare the behaviour in dogs to that in cats. We would now have
three variables: Animal (dog or cat), Training (food as reward or
affection as reward) and Dance (did they dance or not?).” (Field 2017,
p. 1393)

43.1

Purpose

We have already established (in the Dancing Cats chapter, and Field
2017, pp. 1380–1393) that when it comes to training cats to dance,
food beats affection. We now extend our investigation to include
dogs.
Here we use this data set to demonstrate the log-linear analysis in
JASP. Specifically, we examine which type of training is better for cats
and dogs.

43.2

Figure 43.1: Teaching to dance
dogs as well as cats. Image by
Kevin Jarrett .

Data Screenshot

The Dancing Cats & Dogs data set (Field 2017) consists of 270 rows
and 3 columns. Each row corresponds to one animal. The first column lists the type of animal, the second column lists the type of
training, and the third column indicates whether or not the animal
learned to dance.

43.3

Variables

• Animal
– Type: Categorical

Figure 43.2: Interested in this
example? Check out the website that accompanies the book
by Andy Field: https://www.
discoveringstatistics.com/.
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Figure 43.3: Screenshot of the
Cats and Dogs data (Field
2017).

– Description: The type of animal that was trained (i.e., ‘Cat’ or
‘Dog’).
• Training
– Type: Categorical
– Description: The type of reward the animal received (i.e., ‘Food
as Reward’ or ‘Affection as Reward’).
• Dance
– Type: Categorical
– Description: Whether or not the animal learned to dance (i.e.,
‘Yes’ or ‘No’).

43.4

Source

This fictional data set comes from Field, A. P. (2017). Discovering
Statistics Using IBM SPSS Statistics (5th ed.). London: Sage. The data
set was constructed by Andy Field who therefore owns the copyright.
Andy Field generously agreed that we can include the data set in
the JASP data library. This data set is also publicly available on
the website that accompanies Andy Field’s book: https://edge.
sagepub.com/field5e. Without Andy Field‘s explicit consent, this
data set may not be distributed for commercial purposes, this data
set may not be edited, and this data set may not be presented without
acknowledging its source (i.e., the terms of a CC BY-NC-ND license;
https://creativecommons.org/licenses/by-nc-nd/3.0/).

43.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/fzhtw/.

dancing cats & dogs: log-linear regression
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Example Analysis

To conduct the log-linear regression, open the relevant analysis
window under Frequencies→Log-Linear Regression option from
the Common menu.
A screenshot of the JASP input panel is shown in Figure 43.4.
Place all variables into the Factors window. JASP automatically
estimates the full (saturated) model, including all main effects and
interactions.
Figure 43.4: Screenshot of the
JASP input panel for the analysis of the Cats and Dogs data
(Field 2017) using log-linear
regression.

The JASP output is shown in Figure 43.5. The ANOVA table shows
the test of model fit – that is, we test whether including a specific
term in the model significantly improves the fit to the data. The
three-way interaction is statistically significant at the α = .05 level,
suggesting that we need to retain the saturated model to capture the
patterns in the data. Substantively, this means that the effect of type
of training on learning to dance is different between cats and dogs.
To explore the pattern of the results more closely, we can conduct a
2
χ tests of independence for cats and dogs separately. To do so, open
the relevant analysis window under the Frequencies→Contingency
tables option from the Common menu.
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A screenshot of the relevant JASP input panel is shown in Figure 43.6. Put ‘Training’ and ‘Dance’ into the Rows and Columns, respectively. To split the analysis by ‘Animal’, add this variable into the
Layer box.
The JASP output is shown in Figure 43.7. The Chi-Squared
Tests show that the effect for cats is statistically highly significant,
χ2 (1) = 25.356, p < 0.001, whereas the result for dogs is less convincing, χ2 (1) = 3.932, p = 0.047. The Contingency Tables show that the
patterns are in fact reversed for the two animals: cats are more likely
to learn dancing when rewarded with food rather than affection,
whereas dogs are more likely to learn dancing when rewarded with
affection rather than food.1

Figure 43.5: JASP output for
the analysis of Dancing Cats &
Dogs data (Field 2017): Model
comparison.

Because we effectively conducted
two post-hoc tests, we should correct
for multiple testing and conclude that
the effect for dogs is not statistically
significant at the α = .05 level. Strictly
speaking, we therefore cannot reject
the null hypothesis that for teaching
dogs to dance, food and affection work
equally well.

1
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Figure 43.6: Screenshot of the
JASP input panel for the analysis of the Cats & Dogs data
(Field 2017) using two separate
χ2 tests of independence.
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Figure 43.7: JASP output for
the analysis of Dancing Cats &
Dogs data (Field 2017): Contingency tables and the χ2 tests of
independence for cats and dogs
separately.

dancing cats & dogs: log-linear regression

43.7

Want to Know More?

3 Field, A. (2017). Discovering statistics using IBM SPSS statistics.
London: Sage, 5th edition
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Part VI

Factor Analysis

44

G Factor: Exploratory Factor Analysis

Description
This data set, G Factor, provides Charles Spearman’s data of pupils’
school grades and their sensory discrimination scores.
Spearman (1863–1945) observed that people who perform one
task relatively well usually also perform other tasks relatively well,
even though the tasks may not seem directly related. In other words,
performance across seemingly unrelated tasks and activities is positively correlated. This positive correlation motivated a discussion
about general ability, a concept that came to be known as General
Intelligence (or the G Factor of Intelligence). Below we present Spearman’s original 1904 data featuring 23 boys from elementary school
(Spearman 1904).
Spearman was worried by the possibility that the age of the pupils
could act as a confound. To address this concern we have first partialed out the dependence of the seven performance indicators on
age; that is, we model the residuals of the seven performance indicators.
Be Like Charles – Share Your Data!
Spearman (1904) reported a series of experiments on general intelligence. It is a pleasant surprise to learn that as early as 1904, leading
researchers such as Spearman were already aware of the importance of
data sharing – Spearman reported all of his data in an appendix. More
than a hundred years later, this appendix has made it possible to include
Spearman’s data set in this book.
When data sets are large it is infeasible to report them in an appendix.
In the current Era of the Internet, however, sharing data can be easily accomplished by online public archiving. For this purpose we recommend
the Open Science Framework (osf.io). This platform is also integrated
with JASP and can display .jasp files directly in the browser; this way
everyone has access not only to the data, but to the annotated analyses
as well, and without the need even to install JASP.

Figure 44.1: Spearman’s Gfactor. Image by Schaefer under
a CC-BY-SA 4.0 license.
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44.1

Purpose

Intelligence is one of the most popular topics in psychological research. A perennial question is whether there is a single dominant
‘intelligence factor’ or whether there exist multiple abilities that determine performance on different tasks. Spearman is often cited that
there is a single dominant general intelligence factor which underlies
performance on most tasks:
“On the whole, then, we reach the profoundly important conclusion
that there really exists a something that we may provisionally term
’General Sensory Discrimination’ and similarly ’General Intelligence’,
and further that the functional correspondence between these two is
not appreciably less than absolute. [...] All examination, therefore, in
the different sensory, school, or other specific intellectual faculties, may
be regarded as so many independently obtained estimates of the one
great common Intellective Function. ” (Spearman 1904, p. 272).

Here we use the Spearman (1904) data set to demonstrate the use
of exploratory factor analysis (EFA) in JASP. Specifically, we examine
whether or not EFA retrieves a single general factor that underlies the
seven performance variables. Of these seven variables, three measure
sensory discrimination ability and four indicate grades for various
school subjects.

44.2

Data Screenshot

The Spearman data set (Spearman 1904) consists of 23 rows and 17
columns. Each row corresponds to one student.

44.3
• Year

Variables

Figure 44.2: Screenshot of the
first 10 rows of the G Factor
data (Spearman 1904).

g factor: exploratory factor analysis

– Type: Continuous
– Description: Pupil’s age in years.
• Months
– Type: Continuous
– Description: Pupil’s months of age in excess of ‘Year’.
• Age
– Type: Continuous
– Description: Pupil’s age converted to the decimal system.
• Pitch
– Type: Continuous
– Description: Rating of the pupil in a pitch sensory discrimination
task (‘0’ = min, ‘60’ = max).
• Light
– Type: Continuous
– Description: Rating of the pupil in a light (brightness) sensory
discrimination task (‘0’ = min, ‘60’ = max).
• Weight
– Type: Continuous
– Description: Rating of the pupil in a weight sensory discrimination task (‘0’ = min, ‘60’ = max).
• Classics
– Type: Continuous
– Description: The school grade in classic studies based on examinations (‘0’ = min, ‘30’ = max).
• French
– Type: Continuous
– Description: The school grade in French based on examinations
(‘0’ = min, ‘30’ = max).
• English
– Type: Continuous
– Description: The school grade in English based on examinations
(‘0’ = min, ‘30’ = max).
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• Mathematics
– Type: Continuous
– Description: The school grade in Mathematics based on examinations (‘0’ = min, ‘30’ = max).
• Residuals Pitch
– Type: Continuous
– Description: Residuals of the ‘Pitch’ variable after regressing it
on the variable ‘Age’.
• Residuals Light
– Type: Continuous
– Description: Residuals of the ‘Light’ variable after regressing it
on the variable ‘Age’.
• Residuals Weight
– Type: Continuous
– Description: Residuals of the ‘Weight’ variable after regressing it
on the variable ‘Age’.
• Residuals Classics
– Type: Continuous
– Description: Residuals of the ‘Classics’ variable after regressing it
on the variable ‘Age’.
• Residuals French
– Type: Continuous
– Description: Residuals of the ‘French’ variable after regressing it
on the variable ‘Age’.
• Residuals English
– Type: Continuous
– Description: Residuals of the ‘English’ variable after regressing it
on the variable ‘Age’.
• Residuals Mathematics
– Type: Continuous
– Description: Residuals of the ‘Mathematics’ variable after regressing it on the variable ‘Age’.

g factor: exploratory factor analysis

44.4

Source

Spearman, C. (1904). “General Intelligence,” objectively determined
and measured. The American Journal of Psychology, 15:201–292, Appendix ’Experimental Series III’, Table A (p. 289).

44.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/a6hy5/.

44.6

Example Analysis

In the following example, we will use exploratory factor analysis
(EFA) to assess whether we retrieve a single factor underlying the
seven performance indicators. To conduct an exploratory factor
analysis, open the relevant analysis window under the Factor →
Exploratory Factor Analysis option from the Common menu.
As mentioned above We will model the residuals of the performance indicators after taking into account the ‘Age’ variable. This is
important, as it is expected that pupil’s ‘mental faculties’ are developing with age – the results of conducting an EFA on the raw scores
would be therefore confounded with age.
A screenshot of the relevant input panel is shown in Figure 44.3.
To perform the analysis, drag all ‘Residuals’ variables into the
Included Variables panel. In this example, we will demonstrate
parallel analysis to determine the number of latent factors, and
use promax oblique rotation. The oblique rotation allows the underlying factors to correlate with each other. To add more information,
we also tick the Additional fit indices box, the Path diagram box,
and the Scree plot box from the Output options section.
The JASP output is shown in Figures 44.4, 44.5, 44.6, and 44.7.
Figure 44.4 shows the factor loadings for each retrieved factor. Because the parallel analysis identified a one-factor model solution
(discussed below), we have loadings only for the one factor. In the
Output Options section from the input panel, you can use a slider to
suppress loadings below a specified value. We specified this value to
be zero, so that we see all factor loadings. The school grades (‘Residuals -Classics, -English, -French and -Mathematics’) have very high
loadings, whereas the sensory discrimination variables (‘Residuals
-Light, Pitch and Weight’) have relatively small loadings. Figure 44.5
shows the χ2 test of the retrieved model, indicating that we cannot
reject the one-factor model solution (χ2 (14) = 17.823, p = 0.215).
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Figure 44.3: Screenshot of the
JASP input panel for analysis
of the G Factor data (Spearman
1904) using exploratory factor
analysis (EFA).

g factor: exploratory factor analysis
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Figure 44.4: JASP output for the
G Factor data (Spearman 1904):
Factor loadings.

Figure 44.5: JASP output for the
G Factor data (Spearman 1904):
χ2 test of the retrieved model.

Figure 44.6 shows a path diagram depicting the factor loadings.
All variables load positively (indicated by the green color) on the
factor and school grades have the highest loadings (indicated by the
width of the arrow).
But how convincing is the result that the variables truly reflect the
presence of a single latent factor? One option to answer this question
is to inspect the scree plot, which shows the eigenvalues of possible
factor solutions. Figure 44.7 shows the scree plot, where the solid line
with the circles designates the observed eigenvalues of factors in the
data. The dotted line with the triangles shows the 95th percentile of
simulated data. The parallel analysis selects the factor solution with
the most factors which have higher eigenvalues than the ones coming
from the simulations. In this example, only the first factor has higher
eigenvalue than the first factor from the simulated data, which is why
JASP returns one factor solution. If we had used, for example, the
Kaiser criterion (i.e., selecting factors that have an eigenvalue greater
than 1), we would have preferred the two factor model.
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Figure 44.6: JASP output for the
G Factor data (Spearman 1904):
Path diagram.

44.7

Want to Know More?

3 Spearman, C. (1904). “General Intelligence,” objectively determined and
measured. The American Journal of Psychology, 15:201–292
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Figure 44.7: JASP output for the
G Factor data (Spearman 1904):
Scree plot.

Part VII

Meta-Analysis

45

BCG Vaccine: Fixed Effect Meta-Analysis

Description
This data set, BCG Vaccine, provides test statistics from studies
examining the effectiveness of a BCG vaccine.

45.1

Purpose

Albert Calmette and Camille Guérin discovered the Calmette-Guérin
bacillus which forms the basis of the BCG vaccine against tuberculosis. The effectiveness of the BCG vaccine has been investigated in a
number of clinical trials.
Here we use this data set to demonstrate the fixed effect metaanalysis in JASP.

45.2

Data Screenshot

The BCG Vaccine data consists of 13 rows and 11 columns. Each row
corresponds to one study.

Figure 45.1: Are BCG vaccines
an effective preventive treatment? Image on torrange.biz
under a CC-BY 4.0 license.

Figure 45.2: Screenshot of the
entire BCG Vaccine data.
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45.3

Variables

• trial
– Type: Categorical
– Description: Number that indexes the study.
• author
– Type: Categorical
– Description: The authors of the clinical trial.
• year
– Type: Continuous
– Description: The year of publication of the trial results.
• tpos
– Type: Continuous
– Description: The number of TBC tests that came out positive (i.e.,
tuberculosis present) in the treatment (vaccine) condition.
• tneg
– Type: Continuous
– Description: The number of TBC tests that came out negative
(i.e., tuberculosis absent) in the treatment (vaccine) condition.
• cpos
– Type: Continuous
– Description: The number of TBC tests that came out positive (i.e.,
tuberculosis present) in the control (no vaccine) condition.
• cneg
– Type: Continuous
– Description: The number of TBC tests that came out negative
(i.e., tuberculosis absent) in the control (no vaccine) condition.
• ablat
– Type: Continuous
– Description: Geographical latitude of the study.
• alloc
– Type: Categorical

bcg vaccine: fixed effect meta-analysis
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– Description: Patient allocation (random, systematic, or alternate).
• ES
– Type: Continuous
– Description: Effect size, calculated as the difference of log odds
of positive outcome to negative outcome for treatment and
control groups (i.e., the log odds ratio):

ES = ln

tpos
tneg





− ln

cpos
cneg



.
• SE
– Type: Continuous
– Description: Standard error of effect size, computed as:
s
SE =

1
1
1
1
+
+
+
tpos tneg cpos cneg

.

45.4

Source

Grasman, R. (2017). Meta-analysis in JASP. JASP blog post, retrieved
from https://jasp-stats.org/2017/11/15/meta-analysis-jasp/

45.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/2y3kw/.

Figure 45.3: Interested in this
example? Check out a JASP
blog post for more information:
https://jasp-stats.org/2017/

45.6

Example Analysis

To conduct a meta-analysis, activate the Meta-analysis module under
+ → Meta Analysis. Open the relevant analysis window by selecting
Classical from the Meta Analysis menu.
A screenshot of the relevant JASP input panel is shown in Figure 45.4. Place the variable ‘ES’ in the Effect Size box, and the ‘SE’
in the Effect Size Standard Error box. Click on the Method drop
down menu and select Fixed Effects to select the fixed effects metaanalysis. Under the Statistics section, select the Estimates box and
the Forest plot box. To show the authors’ names of the individual
studies in the forest plot, place the ‘author’ variable in the Study
Labels box.

11/15/meta-analysis-jasp/
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Figure 45.4: Screenshot of the
JASP input panel for analysis
of the BCG Vaccine data using
fixed effects meta-analysis.

bcg vaccine: fixed effect meta-analysis
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The JASP output is shown in Figures 45.5 and 45.6. Figure 45.5
displays the results of the fixed effects meta-analysis in two tables.
The table Fixed and Random Effects provides the omnibus tests
for the estimated coefficients. The table Coefficients shows the
meta-analytic estimate of effect size. The Omnibus test of Model
Coefficients row in the first table shows a test of the null hypothesis that all meta-analytic effects are zero. For this fixed effect analysis,
there is only a single effect to test, thus the p-value of the Omnibus
test and the test of the intercept is in this case exactly the same. The
Test of Residual Heterogeneity provides a test for the heterogeneity of the effect sizes. The statistically significant result means that
the observed variance of effect sizes (or a variance more extreme)
is unlikely to occur if the variance in effect sizes were solely due to
sampling error. Hence the outcome of this test casts doubt on the
validity of the fixed effects model.

Figure 45.5: JASP output for
the BCG Vaccine data: Tests of
effects and coefficients in the
fixed effects meta-analysis.

Figure 45.6 shows the forest plot. Each study occupies one row
with its effect size and 95% confidence interval displayed both graphically and numerically. The FE Model row at the bottom shows the
fixed effect meta-analytic estimate accompanied by a 95% confidence
interval. As negative log odds ratios indicate the BCG vaccine is
helpful, application of the fixed effect model suggests that the BCG
vaccine indeed helps to prevent tuberculosis.1
However, the test of residual heterogeneity gave reason to believe
the fixed effects model is inappropriate, and therefore we cannot
generalize the estimate. However, the fixed effect estimate can be
still be interpreted as the average effect size of the observed studies,

As the BCG vaccine is currently one
of the most reputable and popular
vaccines worldwide, this conclusion
should not come as a shock.

1
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Figure 45.6: JASP output for
the BCG Vaccine data: Forest
plot under fixed effects metaanalysis.

which indicates that the BCG vaccine decreased the prevalence of
tuberculosis. To generalize the results, one should (at least) conduct
a random effects model to account for the heterogeneity of the effect
sizes.

45.7

Want to Know More?

3 Grasman, R. (2017). Meta-analysis in JASP. JASP blog post, retrieved from
https://jasp-stats.org/2017/11/15/meta-analysis-jasp/

Part VIII

Network Analysis

46 BFI: Network Analysis
with Sophia Crüwell

Description
This data set, BFI, provides responses from 2, 800 participants on 25
Big Five Inventory items and 3 demographic questions. Specifically,
the items were taken from the International Personality Item Pool
ipip (Goldberg et al. 1999), and the data itself come from the Synthetic Aperture Personality Assessment (SAPA) project (Revelle et al.
2010).

46.1

Purpose

“Studies of individual differences in cognitive and non-cognitive aspects of personality are frequently limited by the sample sizes available
in the typical university research setting. Small but stable relationships
are difficult to detect when one is limited to 50-100 subjects, and detecting complex relationships between multiple measures is difficult when
participants are limited to short 1 or 2-h studies.
[...] [T]he structure of personality can be studied by combining the
responses of many people across more items than any one person is
willing to take. This not actually a new procedure for the Educational
Testing Service has long used the very large samples available when
students take the SAT or GRE to develop new items by randomly
giving small subsets of items to much smaller (but still quite large,
e.g., N ≈ 1, 000) subsamples of students. Now, by using open source
and public domain software, this procedure is available to all of us.”
(Revelle et al. 2010, pp. 31–32)

Here we use this data set to demonstrate a network analysis in
JASP. Specifically, we estimate a partial correlation network of the
25 personality items; do the variables form separate clusters in the
network, according to the factor they belong to?

Figure 46.1: What systems constitute a network? Image by
GDJ under a CC0 license.
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Data Screenshot

The BFI data set (Revelle et al. 2010) consists of 2, 800 rows and 28
columns. Each row represents one participant and their answers on
the 25 personality items and 3 demographic questions.

46.3

Variables

• A1
– Type: Categorical
– Description: Response to the statement: “[I] am indifferent to the
feelings of others” on a 6-point Likert scale (1 = Very Inaccurate,
6 = Very Accurate).
• A2
– Type: Categorical
– Description: Response to the statement: “[I] inquire about others’
well-being” on a 6-point Likert scale (1 = Very Inaccurate, 6 =
Very Accurate).
• A3
– Type: Categorical
– Description: Response to the statement: “[I] know how to comfort others” on a 6-point Likert scale (1 = Very Inaccurate, 6 =
Very Accurate).
• A4
– Type: Categorical
– Description: Response to the statement: “[I] love children” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).

Figure 46.2: Screenshot of the
first 10 rows and 16 columns
of the BFI data (Revelle et al.
2010).

bfi: network analysis

• A5
– Type: Categorical
– Description: Response to the statement: “[I] make people feel
at ease” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very
Accurate).
• C1
– Type: Categorical
– Description: Response to the statement: “[I] am exacting in my
work” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very
Accurate).
• C2
– Type: Categorical
– Description: Response to the statement: “[I] continue until everything is perfect” on a 6-point Likert scale (1 = Very Inaccurate, 6
= Very Accurate).
• C3
– Type: Categorical
– Description: Response to the statement: “[I] do things according
to a plan” on a 6-point Likert scale (1 = Very Inaccurate, 6 =
Very Accurate).
• C4
– Type: Categorical
– Description: Response to the statement: “[I] do things in a halfway manner” on a 6-point Likert scale (1 = Very Inaccurate, 6 =
Very Accurate).
• C5
– Type: Categorical
– Description: Response to the statement: “[I] waste my time” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• E1
– Type: Categorical
– Description: Response to the statement: “[I] don’t talk a lot” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• E2
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– Type: Categorical
– Description: Response to the statement: “[I] find it difficult to
approach others” on a 6-point Likert scale (1 = Very Inaccurate,
6 = Very Accurate).
• E3
– Type: Categorical
– Description: Response to the statement: “[I] know how to captivate people.
• E4
– Type: Categorical
– Description: Response to the statement: “[I] make friends easily” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very
Accurate).
• E5
– Type: Categorical
– Description: Response to the statement: “[I] take charge” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• N1
– Type: Categorical
– Description: Response to the statement: “[I] get angry easily” on
a 6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• N2
– Type: Categorical
– Description: Response to the statement: “[I] get irritated easily” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very
Accurate).
• N3
– Type: Categorical
– Description: Response to the statement: “[I] have frequent mood
swings” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very
Accurate).
• N4
– Type: Categorical

bfi: network analysis

– Description: Response to the statement: “[I] often feel blue” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• N5
– Type: Categorical
– Description: Response to the statement: “[I] Panic easily” on a
6-point Likert scale (1 = Very Inaccurate, 6 = Very accurate).
• O1
– Type: Categorical
– Description: Response to the statement: “[I] am full of ideas” on
a 6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• O2
– Type: Categorical
– Description: Response to the statement: “[I] avoid difficult
reading material” on a 6-point Likert scale (1 = Very Inaccurate,
6 = Very Accurate).
• O3
– Type: Categorical
– Description: Response to the statement: “[I] carry the conversation to a higher level” on a 6-point Likert scale (1 = Very
Inaccurate, 6 = Very Accurate).
• O4
– Type: Categorical
– Description: Response to the statement: “[I] spend time reflecting on things” on a 6-point Likert scale (1 = Very Inaccurate, 6 =
Very Accurate).
• O5
– Type: Categorical
– Description: Response to the statement: “[I] will not probe
deeply into a subject” on a 6-point Likert scale (1 = Very Inaccurate, 6 = Very Accurate).
• Gender
– Type: Categorical
– Description: The participant’s gender. Men = ‘1’, Women = ‘2’.
• Education
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– Type: Categorical
– Description: The participant’s level of education; ‘1’ = High
School, ‘2’ = Finished High School, ‘3’ = Some College, ‘4’ =
College Graduate ‘5’ = Graduate Degree.
• Age
– Type: Continuous
– Description: The participant’s age in years.

46.4

Source

Revelle, W., Wilt, J., and Rosenthal, A. (2010). Individual differences in
cognition: New methods for examining the personality-cognition link.
In Gruszka, A., Matthews, G., and Szymura, B., editors, Handbook of
Individual Differences in Cognition, pages 27–49. New York: Springer

46.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/cwtxy/.

46.6

Example Analysis

In order to perform a Network Analysis in JASP, we first need to
activate Network module by selecting + → Network. Then, open the
relevant analysis window under Network from the Network menu.
A screenshot of the relevant JASP input panel is shown in Figure 46.4.
To specify the nodes in the network, select all 25 personality items
and drag them to the Dependent Variables window. We will use
the default EBICglasso estimator which simultaneously sets weakly
supported edges to zero (to achieve sparsity of the network model)
and estimates the strength of the remaining non-zero edges (Epskamp and Fried 2018). Then, we tick Network plot box to show
the network as a graph, and Centrality plot box to visualize centrality indices for each node. Also, we tick Weights matrix box and
Centrality table box to show the same information in tables.
To make the network plot more readable, we will color the nodes
based on the five factors to which the variables are supposed to
belong. To do this, open the Graphical Options section and drag
‘group’ to the box called Color nodes by.
The JASP output is shown in Figures 46.5, 46.6, 46.7, 46.8, and 46.9.

Figure 46.3: Data set included in R: https://www.
personality-project.org/r/
html/bfi.html

bfi: network analysis
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Figure 46.4: Screenshot of the
JASP input panel for the analysis of the BFI data (Revelle et al.
2010) using network analysis.
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Figure 46.5 shows the basic summary of the network: Each variable in the model forms a node, and so we have 25 nodes in the
network. Out of the (25
2 ) = 300 possible edges, the EBICglasso estimator indicates that 119 of them are non-zero, which is about 39.7 %.

Figure 46.5: JASP output for the
BFI data (Revelle et al. 2010):
Summary of network.

Figure 46.6 shows the estimated network. Each variable is depicted
as a circle (i.e., a node), and the lines connecting pairs of variables
represent the edges (i.e., partial correlations between the two variables given all other variables in the network). Green edges show
positive associations and red edges show negative associations, and
the width and saturation of the lines depict the absolute strength of
the relationship. The position of the nodes is based on the Fruchterman Reingold algorithm which tries to locate nodes with strong
edges between them closer together. The personality variables do
seem to cluster together according to the five factors. However, bear
in mind that drawing strong conclusions about the clustering of the
nodes based on the network plot is unwarranted, as the resulting
spatial configuration of nodes is not an inherent statistical property
of the network, but only a visualization technique. Further, we can
also see numerous connections across the five factors. Notice that
reverse coded items (e.g., C4 = “I do things in a half-way manner”)
relate negatively to normally coded items (i.e., C2 = “I continue until
everything is perfect”), but reverse coded items have positive associations between themselves, and the same applies to normally coded
items.
The network plot is essentially just a visualization of the estimated
weights matrix shown in Figure 46.7. The matrix shows the estimated
partial correlations between two variables, conditioned on all other
variables in the matrix. Notice that the matrix is symmetric – this is
because we estimated an undirected network model.
Figures 46.8 and 46.9 shows three centrality measures – betweenness, closeness, and degree. The centrality measures tell us how well
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Figure 46.6: JASP output for the
BFI data (Revelle et al. 2010):
Network plot. Each node is
colored based on the Big Five
factor it belongs to.

Figure 46.7: JASP output for
the BFI data (Revelle et al.
2010): First nine rows and nine
columns of the weights matrix.
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the nodes are connected within the network. Closeness is the inverted sum of all shortest paths from the node to all other nodes, betweenness measures how many shortest paths between two nodes go
through the node in question, and degree is the sum of the strength
of all connections to this node. The centrality measures are standardized by default, which can be changed under Analysis options
section.

Figure 46.8: JASP output for the
BFI data (Revelle et al. 2010):
Centrality plot.
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Figure 46.9: JASP output for the
BFI data (Revelle et al. 2010):
Centrality table.
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Want to Know More?

3 Epskamp, S. and Fried, E. I. (2018). A tutorial on regularized partial
correlation networks. Psychological Methods, 23:617–634
3 Goldberg, L. R. et al. (1999). A broad-bandwidth, public domain,
personality inventory measuring the lower-level facets of several
five-factor models. Personality Psychology in Europe, 7:7–28
3 Revelle, W., Wilt, J., and Rosenthal, A. (2010). Individual differences in cognition: New methods for examining the personalitycognition link. In Gruszka, A., Matthews, G., and Szymura, B.,
editors, Handbook of Individual Differences in Cognition, pages 27–49.
New York: Springer

Figure 46.10: Interested in this
example? Check out a JASP
blog post for more information: https://jasp-stats.org/
2018/03/20/perform-networkanalysis-jasp/

Part IX

Structural Equation
Modeling

47

Political Democracy: Structural Equation Model

Description
This data set, Political Democracy, provides –for each of 75 countries–
indicators of industrialization in 1960, and indicators of political
democracy in 1960 and 1965. With respect to the selection of countries we note the following:

“A sample of 99 countries at widely varying levels of development is
used for the empirical analysis. Because data for the state’s control of
the economic system are not available for Communist countries (except
Yugoslavia) the sample omits these societies.” (Bollen 1979, p. 576;
a detailed explanation of the variables is provided in the appendix,
pp. 585–586)

47.1

Purpose

“This research explores the relationship between development timing
and political democracy. A number of social scientists have argued that
the conditions favoring political democracy have deteriorated over time
so that the late developing countries are less likely to be democratic
than are the early developers. Another perspective suggests that with
the worldwide diffusion of the democratic ideology there is a great
deal of pressure for the later developers to adopt democratic forms of
government.” (Bollen 1979, p. 572)

In his introductory text on structural equation models, Bollen
(1989, pp. 332–338) later included this data set as an example .
Here we use this data set to demonstrate structural equation
modeling in JASP. Specifically, we will define both a measurement
model to quantify how observed variables measure hypothesized
latent variables, and a structural model to account for the relationship
between the latent variables.

Figure 47.1: Does the degree
of industrialization predict a
country’s degree of political
democracy? Image by Michael
Caven under a CC-BY 4.0 license.
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Data Screenshot

The Political Democracy data set (Bollen 1989) consists of 75 rows
and 11 columns. Each row corresponds to a single country. For
detailed description of the columns, see Bollen (1979, pp. 585–586)

47.3

Variables

• V1
– Type: Categorical
– Description: Number that indexes the developing country.
• y1
– Type: Continuous
– Description: Expert ratings of the freedom of the press in 1960.
• y2
– Type: Continuous
– Description: Expert ratings of the freedom of political opposition
in 1960.
• y3
– Type: Continuous
– Description: Expert ratings of the freedom of elections in 1960.
• y4
– Type: Continuous
– Description: Expert ratings of the effectiveness of the elected
legislature in 1960.
• y5
– Type: Continuous

Figure 47.2: Screenshot of the
first five rows of the Political
Democracy data (Bollen 1989).
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– Description: Expert ratings of the freedom of the press in 1965.
• y6
– Type: Continuous
– Description: Expert ratings of the freedom of political opposition
in 1965.
• y7
– Type: Continuous
– Description: Expert ratings of the freedom of elections in 1965.
• y8
– Type: Continuous
– Description: Expert ratings of the effectiveness of the elected
legislature in 1965.
• x1
– Type: Continuous
– Description: The gross national product (GNP) per capita in
1960.
• x2
– Type: Continuous
– Description: The inanimate energy consumption per capita in
1960.
• x3
– Type: Continuous
– Description: The percentage of the labor force in industry in
1960.

47.4

Source

Bollen, K. A. (1979). Political democracy and the timing of development. American Sociological Review, 44:572–587
Bollen, K. A. (1989). Structural Equations with Latent Variables. New
York: Wiley & Sons

47.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/grucs/.

Figure 47.3: Data set included in R: https://
rdrr.io/cran/lavaan/man/
PoliticalDemocracy.html
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Example Analysis

Figure 47.4 provides a graphical representation of the model whose
parameters we will estimate. We have specified three latent variables:
political democracy in 1960 (‘dem60’), political democracy in 1965
(‘dem65’), and industrialization in 1960 (‘ind60’). The industrialization is indicated by three variables (‘x1’–‘x3’), corresponding to GNP
per capita, energy consumption per capita, and percentage of labor
force in industry. Political democracy in 1960 and 1965 is indicated
by variables ‘y1’–‘y4’ and ‘y5’–‘y8’, respectively. We are primarily
interested to learn whether we can predict the political democracy in
1965 by industrialization and political democracy in 1960. We expect
that some of the indicators of the political democracy in 1960 and
1965 will covary over and above the implied relationship between the
latent variables – thus, we will also specify residual covariances.

Figure 47.4: A graphical representation of the structural
model for Political Democracy
data (Bollen 1989). Residual
variances are omitted from the
graph.

In order to estimate the structural equation model, activate the
SEM module under + → SEM. Open the relevant analysis window by
selecting Lavaan in the SEM menu.

political democracy: structural equation model
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The relevant JASP input panel is shown in Figure 47.6. The SEM
module in JASP is based on Lavaan package in R (Rosseel 2012),
which uses intuitive and straightforward syntax to specify the models. In particular, the model depicted in Figure 47.4 can be specified
by entering the following Lavaan code into the syntax box:

# measurement model

1

ind60 =~ x1 + x2 + x3

2

dem60 =~ y1 + y2 + y3 + y4

3

dem65 =~ y5 + y6 + y7 + y8

4

# regressions

5

dem60 ~ ind60

6

dem65 ~ ind60 + dem60

7

# residual correlations

8

y1 ~~ y5

9

y2 ~~ y4 + y6

10

y3 ~~ y7

11

y4 ~~ y8

12

y6 ~~ y8

13

To identify the model, by default Lavaan fixes the factor loadings
of the first indicator variable for each of the latent factors to 1. This
setting can be changed under Factor Scaling in the Options section,
but here we will stick to the default specification. Instead, we open
the Statistics section and select Additional fit measures. Acti+
vate the syntax box again and press Ctrl +
(or
on iOS) to
conduct the parameter estimation.
The JASP output is shown in Figures 47.7, 47.8, and 47.9. Figure 47.7 shows the basic information of the model fit. Because we are
fitting only one model, we do not need to pay attention to the AIC,
BIC, and ∆χ2 , which are useful when comparing different models
to each other. The χ2 test of fit does not reject the model (χ2 (35) =
38.125, p = 0.329).
Figure 47.8 shows additional information about the model fit. The
table User model versus baseline model shows some traditional
relative fit measures; most of them have high values, above 0.9, which
suggests acceptable model fit. Table Root Mean Square Error of
Approximation shows that the model fits well (RMSEA = 0.035, 90%
CI [0,0.092]). The table Standardized Root Mean Square Residual
shows that the SRMR = 0.044, which is acceptable by conventional
standards.
Figure 47.9 shows the Parameters Estimates table. The first 6
columns (textttest, se, Z, p and CIs) relate to the raw estimates. The
other variables produce the standardising estimates: std (lv) are
estimates based on standardising the variance of latent variables,

Figure 47.5: Lavaan syntax for
analysis of the Political Democracy data (Bollen 1989) using
structural equation modeling.
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Figure 47.6: Screenshot of the
JASP input panel for the analysis of Political Democracy data
(Bollen 1989) using structural
equation modeling.

Figure 47.7: JASP output for
the Political Democracy data
(Bollen 1989): Model fit.
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Figure 47.8: JASP output for
the Political Democracy data
(Bollen 1989): Additional fit
measures.
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std (all) are estimates based on standardising the variance of both

latent and observed variables, and std (nox) are estimates based
on standardising the variance of both latent and observed variables,
but not the variances of exogenous covariates. The column group
is useful in multi-group SEM as it indicates the group the parameter belongs to. The parameters are distinguished by the first three
unnamed columns. The middle of the three specifies the relation of
the variables on the first and the third column: =∼ denotes factor
loadings, ∼∼ denotes covariances (or variances), and the regression
coefficients are denoted by ∼ symbol. All regression coefficients are
significant; industrialization predicts political democracy in 1960 and
1965, and political democracy in 1960 predicts political democracy in
1965.

Figure 47.9: JASP output for
the Political Democracy data
(Bollen 1989): Parameter estimates.

political democracy: structural equation model

47.7

Want to Know More?

3 Bollen, K. A. (1979). Political democracy and the timing of development.
American Sociological Review, 44:572–587

3 Bollen, K. A. (1989). Structural Equations with Latent Variables. New York:
Wiley & Sons

3 Rosseel, Y. (2012). lavaan: An R package for structural equation modeling
and more. Journal of Statistical Software, 48(2):1–36

3 von Oertzen, T., Brandmaier, A. M., and Tsang, S. (2015). Structural equation modeling with Ωnyx. Structural Equation Modeling: A Multidisciplinary
Journal, 22:148–161

3 More information about SEM with Lavaan and the political
democracy example can be found at the official page of Lavaan:
http://lavaan.org/
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Miscellaneous

48 Anscombe’s Quartet: Importance of Visual Inspection of Data
Description
This data set, Anscombe’s Quartet, provides a classic example of the
need to visualize one’s data. Specifically:
“Anscombe’s quartet comprises four datasets that have nearly identical
simple descriptive statistics, yet appear very different when graphed.
Each dataset consists of eleven (x,y) points. They were constructed
in 1973 by the statistician Francis Anscombe to demonstrate both
the importance of graphing data before analyzing it and the effect
of outliers on statistical properties. He described the article as being
intended to counter the impression among statisticians that ‘numerical
calculations are exact, but graphs are rough.”’ (Wikipedia contributors
2018)

48.1

Purpose

The purpose of this data set was to demonstrate the importance of
data visualization:
“Most textbooks on statistical methods, and most statistical computer
programs, pay too little attention to graphs. Few of us escape being indoctrinated with three notions: (1) numerical calculations are exact, but
graphs are rough; (2) for any particular kind of statistical data there is
just one set of calculations constituting a correct statistical analysis; (3)
performing intricate calculations is virtuous, whereas actually looking
at the data is cheating. [...] Most kinds of statistical calculation rest on
assumptions about the behavior of the data. These assumptions may be
false, and then the calculations may be misleading. We ought always
to try to check whether the assumptions are reasonably correct; and if
they are wrong we ought to be able to perceive in what ways they are
wrong. Graphs are very valuable for these purposes.” (Anscombe 1973,
p. 17)

Here we use this data set to demonstrate descriptive statistics and
a Bayesian analysis of correlations.

Figure 48.1: Francis John ‘Frank’
Anscombe (1918–2001) Image
by Victor Beekman under a
CC-BY 4.0 license.
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Data Screenshot

Anscome’s quartet (Anscombe 1973) contains 11 rows and 9 columns.

48.3

Variables

• V1
– Type: Categorical
– Description: Number that indexes the observation.
• x1 – x4
– Type: Continuous
– Description: The hypothetical predictor variable under four
possible scenarios.
• y1 – y4
– Type: Continuous
– Description: The hypothetical criterion variable under four
possible scenarios.

Figure 48.2: Screenshot of the
entire Anscombe’s Quartet data
(Anscombe 1973).

anscombe’s quartet: importance of visual inspection of data

48.4

Source

Anscombe, F. J. (1973). Graphs in statistical analysis. The American
Statistician, 27:17–21.

48.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/k6hjw/.

48.6

Example Analysis

Anscombe’s quartet was created such that, across four data sets, two
variables (x and y) have the same mean and standard deviation, and
the same Pearson correlation coefficient. Nevertheless, as we will
see below, each data set is fundamentally different and results in a
different conclusion about the association between the variables.
To produce the descriptives, open the relevant JASP analysis
window under Descriptives → Descriptive Statistics option
from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 48.3. Drag all 8 continuous variables into the Variables box.
Open the Statistics section and tick Mean and Std. deviation
boxes.
The JASP output is shown in Figure 48.4. Across all four variations
of the data set, the sample means and standard deviations of variable
‘x’ and ‘y’ are the same (x̄ = 9, s x = 3.32; ȳ = 7.5, sy = 2.03). We now
turn to a correlation analysis.

393

394

the jasp data library

Figure 48.3: Screenshot of
the JASP input panel for the
analysis of Ancombe’s quartet (Anscombe 1973) using
descriptives.
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Figure 48.4: JASP output for
the Anscombe’s Quartet data
(Anscombe 1973): Descriptives
table.

To conduct the correlation analysis, open the relevant analysis
window under Regression → Bayesian Correlation Pairs option
from the Common menu.
A screenshot of the relevant JASP input panel is shown in Figure 48.5. Select ‘x1’ and ‘y1’ and place them into the right box. Repeat this process for all four variations of the data set. We also tick
Credible intervals box. Importantly, we also select Scatterplot to
visualize the data.

Figure 48.5: Screenshot of the
JASP input panel for the analysis of Ancombe’s Quartet
data (Anscombe 1973) using
Bayesian correlation.
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The JASP output is shown in Figures 48.6 and 48.7. Figure 48.6
shows that the sample correlation coefficient r equals 0.82 for all
four data sets. Furthermore, the credible intervals for the population
correlation ρ are also the same. The Bayes factors are similar, but vary
slightly – this is because the observed correlations are not exactly the
same, and these small differences propagate to the Bayes factor.

Figure 48.6: JASP output for
the Anscombe’s Quartet data
(Anscombe 1973): Bayesian
Pearson’s correlations.

At this point one may be forgiven for thinking that the four data
sets are near-identical copies. However, quite the opposite is true.
Figure 48.7 show that the four variations of the data set display very
different relations between the two variables. In panel (a) the data are
nicely spread around the regression line, whereas panel (b) shows a
quadratic association. Panel (c) shows a perfectly linear association,
save for one influential outlier that lowers the correlation; finally, in
panel (d) there is no variability in x except for an influential outlier
that is responsible for the entire positive correlation.
Figure 48.8 emphasizes the fact that all four data sets –when analyzed blindly– result in the same statistical conclusion (i.e., the JASP
figure resting on the floor); however, this conclusion is warranted
only for the left-most data set, as indicated by the green arrow on
top.

anscombe’s quartet: importance of visual inspection of data

(a) Scatterplot of the first data set: x1 with y1.

(b) Scatterplot of the second data set: x2 with y2.

(c) Scatterplot of the third data set: x3 with y3.

(d) Scatterplot of the fourth data set: x4 with y4.
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Figure 48.7: JASP output for
the Anscombe’s Quartet data
(Anscombe 1973): Scatterplots
of ‘x’ and ‘y’ under the four
different variations.
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Figure 48.8: Anscombe’s
Quartet. Artwork By Viktor
Beekman based on a concept
by Eric-Jan Wagenmakers
under a CC-BY 4.0 license:
https://creativecommons.org/
licenses/by/4.0. See van

Doorn et al. (2019) for details.

anscombe’s quartet: importance of visual inspection of data

48.7

Want to Know More?

3 Anscombe, F. J. (1973). Graphs in statistical analysis. The American
Statistician, 27:17–21

3 Matejka, J. and Fitzmaurice, G. (2017). Same stats, different graphs:
Generating datasets with varied appearance and identical statistics through
simulated annealing. CHI 2017 Conference Proceedings: ACM SIGCHI
Conference on Human Factors in Computing Systems

3 Wikipedia contributors (2018). Anscombe’s quartet — Wikipedia, the free
encyclopedia. [Online; accessed 20-November-2018]

3 van Doorn, J., van den Bergh, D., Bohm, U., Dablander, F., Derks, K.,
Draws, T., Evans, N. J., Gronau, Q. F., Hinne, M., Kucharský, Š., et al.
(2019). The JASP guidelines for conducting and reporting a Bayesian
analysis. PsyArXiv. https://psyarxiv.com/yqxfr

3 For modern examples of Anscome’s quartet see https://www.autodeskresearch.
com/publications/samestats, which includes the popular “datasaurus”!
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49

Presidents’ Height: Interval-Null Hypothesis

Description
This data set, Presidents’ Height, provides heights of US presidents
and their proportion of the popular vote. Specifically:
“We collected the heights of the US presidents and their opponents
from Books LLC (2010), which compiled the data from www.wikipedia.
org. We used several sources to check the reliability of the height
data we collected. [...] We included the heights of all candidates from
all major parties (Democratic, Republican, Democratic-Republican,
Federalist and Whig party), as well as candidates of other parties
provided that they received more than 10% of the electoral votes. [...]
Since 1789, there have been 56 US presidential elections. For eleven
elections, we were unable to determine whether the taller candidate
won. For election years 1804, 1808, 1816, and 1868, heights were not
available for all candidates. For election years 1832, 1884, 1940, and
1992, the presidential candidates were of similar height, so there was
no taller candidate. Lastly, in the elections years 1789, 1792, and 1820
the chosen president ran (effectively) unopposed. Excluding these
elections leaves 45 elections for analyses.” (Stulp et al. 2013, p. 161–162)

49.1

Purpose

The purpose of the original study was to assess whether or not taller
presidential candidates tend to attract a larger proportion of the
popular vote.
“According to both the scientific literature and popular media, all
one needs to win a US presidential election is to be taller than one’s
opponent. Yet, such claims are often based on an arbitrary selection
of elections, and inadequate statistical analysis. Using data on all
presidential elections, we show that height is indeed an important
factor in the US presidential elections.” (Stulp et al. 2013, p. 161)

Here we use this data set to demonstrate a Bayesian correlation
test for two non-nested hypotheses. Our correlation involves the
association between height and proportion of the popular vote. The
rival hypotheses are (1) an uninformed hypothesis, which posits that

Figure 49.1: High chances
of being elected? Image by
Obama-Biden Transition Project
under a CC-BY 4.0 license.
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all values of the correlation coefficient are a priori equally likely; (2)
an interval null hypothesis, which posits that the correlation is close
to zero, but is not exactly zero.

49.2

Data Screenshot

The Presidents’ Height data set (Stulp et al. 2013) consists of 46
rows and 3 columns. Each row corresponds to one U.S. presidential
election.
Figure 49.2: Screenshot of the
first five rows of the Presidents’
Height data (Stulp et al. 2013).

49.3

Variables

• V1
– Type: Categorical
– Description: Number that indexes the election.
• Height Ratio
– Type: Continuous
– Description: Height of the winning candidate relative to the
height of the second best candidate in the election.
• Popular Vote
– Type: Continuous
– Description: The percentage of the popular vote gained by the
victorious candidate.

49.4

Source

Stulp, G., Buunk, A. P., Verhulst, S., and Pollet, T. V. (2013). Tall claims?
Sense and nonsense about the importance of height of US presidents.
The Leadership Quarterly, 24:159–171

Figure 49.3: Interested in this
example? Check out a JASP
blog post for more information:
https://jasp-stats.org/2017/
10/25/test-interval-nullhypotheses-jasp/

presidents’ height: interval-null hypothesis

49.5

403

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/ad32f/.

49.6

Example Analysis

In this example, we show how to compare the alternative hypothesis,
H1 : ρ ∼ Uniform[−1, 1] (i.e., the correlation is somewhere between
−1 and 1 and all values of the correlation are equally likely a priori),
to a ‘perinull’ hypothesis, H2 : ρ ≈ 0 (i.e., the correlation is close to
zero).1 Such a comparison is not directly available in JASP, because
for testing JASP offers only a point-null hypothesis (i.e., H0 : ρ = 0).2
However, the desired comparison can nevertheless be easily obtained
when we take advantage of the fact that Bayes factors are transitive.
Recall that the Bayes factor is defined as a ratio of marginal likep(y | H )
lihoods of two rival models: BF12 = p(y | H1 ) . We can multiply both
2
numerator and denominator by the same number and get the same
Bayes factor, because this number will just cancel out. Thus, we
can add the marginal likelihood of the null model to the equation:
p(y | H )/p(y | H )
BF12 = p(y | H 1 )/P(y | H0 ) . The reason for doing this is that the nu2
0
merator is now actually the Bayes factor in favor of H1 over H0 :
BF10 = p(y | H1 ) / p(y | H0 ); in the denominator, we now have the
Bayes factor in favor of H2 over H0 : BF20 = p(y | H2 ) / p(y | H0 ). Thus,
although JASP does not allow a direct comparison between H1 and
H2 , we can obtain the desired Bayes factor by taking the ratio of two
BF10
Bayes factors that can be obtained directly: BF12 = BF
.
20
To conduct the Bayesian correlation analysis, open the relevant
analysis window under Regression → Bayesian Correlation Pairs
in the Common menu.
First, we will compute BF10 . A screenshot of the relevant JASP
input panel is shown in Figure 49.4. To execute this analysis, put
‘Height Ratio’ and ‘Popular Vote’ into the window on the right. We
also select Prior and posterior to display the prior and posterior
distribution of the correlation coefficient ρ. The Stretched beta
prior width must be set to one, which specifies as H1 that all correlation coefficients are equally likely a priori.
The JASP output is shown in Figure 49.5 and displays the prior
and posterior plot. We find that BF10 = 6.332: the data are about
6.3 times more likely under H1 than under H0 . Now, we need to
compute the second Bayes factor that compares H2 to H0 .
To obtain the second Bayes factor, we need to change the prior for
ρ such that it reflects H2 : the correlation ρ is close, but not necessarily

1
To the best of our knowledge, the
word ‘perinull’ was coined by John
Tukey.
2
A notable exception is the JASP module for equivalence testing, available
from JASP 0.12 onward.

404

the jasp data library

Figure 49.4: Screenshot of the
JASP input panel for the analysis of the Presidents’ Height
data (Stulp et al. 2013) using
Bayesian Pearson’s correlation.

presidents’ height: interval-null hypothesis
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Figure 49.5: JASP output
for the Presidents’ Height
data (Stulp et al. 2013): Prior
and posterior plot. The plot
shows the comparison of
H1 : ρ
∼
Uniform[−1, 1] to
H0 : ρ = 0. See text for details.

exactly equal to zero. We can do this by decreasing the Stretched
beta prior width, say to 0.005.
The JASP output is shown in Figure 49.6. The prior distribution
(dashed line) is now concentrated near zero and represents H2 . We
find that BF20 = 1.354: the data are about 1.354 times more likely
under H2 than under H0 .
With these two Bayes factors in hand the desired Bayes factor
is obtained by a simple division: BF12 = 6.332
1.354 = 4.677, that is,
the data are about 4.7 times more likely under the hypothesis that
the correlation is somewhere in between −1 and 1 than under the
hypothesis that the correlation is close to zero.
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Figure 49.6: JASP output for
the Presidents’ Height data
(Stulp et al. 2013): Prior and
posterior plot. The plot shows
the comparison of H2 : ρ ≈ 0 to
H0 : ρ = 0. See text for details.

49.7

Want to Know More?

3 Stulp, G., Buunk, A. P., Verhulst, S., and Pollet, T. V. (2013). Tall claims?
Sense and nonsense about the importance of height of US presidents. The
Leadership Quarterly, 24:159–171

50

Missing Data

Description
This data set, Missing Data, provides synthetic data with missing
values.

50.1

Purpose

Here we use this data set to demonstrate how to work with missing data in JASP. Specifically, we will show what JASP does when
conducting a t-test with different options for missing values.

50.2

Data Screenshot

Figure 50.1: What to do
with missing data? Image
by 3dman_eu under a CC0
license.

The Missing Data data set consists of 9 rows and 7 columns. The
meaning of the rows and columns will be flexible in order to explain
the options for missing values in JASP for different analyses.

Figure 50.2: Screenshot of the
entire Missing Data data set.
The cells containing the symbol ‘.’ are treated as missing.
Variables ‘varA’ to ‘varE’ contain one missing data point for
rows 1–5, respectively. ‘varF’
is similar to ‘varE’ in that the
data point on the fifth row is
missing.
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50.3

Variables

The data set consists of six hypothetical variables. Each variable has
one missing data point. The variable ‘Group’ serves as an imaginary
grouping variable with two levels.

50.4

Source

This data set was constructed by Alexander Ly.

50.5

Analysis Code

An annotated JASP file is available in the JASP Data Library and on
the OSF at https://osf.io/6etgz/.

50.6

Example Analysis

There are currently two ways for JASP to deal with missing cases.
The first option is to use the maximum number of cases that can
be used for a particular test (Exclude Analysis by Analysis). The
second option is to exclude all cases that cannot be used for all tests
that are requested (Exclude Cases Listwise). In the following two
subsections, we will show both methods.

50.6.1

Exclude Analysis by Analysis

This method uses all possible information in the data set, omitting
only those data points that are relevant for the particular test. In
some software and literature, this is referred to as a “pairwise” exclusion.
Imagine that the data came from a repeated measures design;
for example, the data could consist of nine subjects (the rows) measured on six occasions (‘varA’ – ‘varF’). Suppose we wish to compare
‘varA’ to ‘varB’, ‘varB’ to ‘varC’, ‘varC’ to ‘varD’, etc. In this setting,
we might set up a series of paired samples t-tests as shown in Figure 50.3. When we select the option Exclude Analysis by Analysis,
we are effectively conducting each of the analyses separately. This
means that the t-test comparing ‘varA’ to ‘varB’ will be conducted
using the data from cases 3–9 (because case 1 is missing in ‘varA’ and
case 2 is missing in ‘varB’), whereas the t-test comparing ‘varE’ to
‘varF’ will be conducted using all data points except case 5 (which
is missing for both ‘varE’ and ‘varF’). Pairwise deletion thus uses all
possible information in the data set for a particular test. On the other
hand, this also means that the individual tests might be based on

missing data
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different samples (depending on the pattern of missing values across
the data set).

Figure 50.3: Screenshot of the
JASP input panel for the analysis of the Missing Data data
using paired samples t-test with
Exclude cases analysis by
analysis option. See text for

details.

This option works similarly for the two-samples t-test. Imagine
that we wish to test differences between two groups on variables
‘varA’, ‘varB’, and ‘varC’. Using the Two-Samples T-Test, we can
conduct all three analyses at once. A screenshot of the relevant JASP
input panel is shown in Figure 50.4. When we select the option
Exclude cases analysis by analysis, we are conducting three
completely separate analyses, removing only the first case from the
t-test with the dependent variable ‘varA’, the second case with the
variable ‘varB’, and the third case for the dependent variable ‘varC’.

50.6.2

Exclude Cases Listwise

The second method for dealing with missing values currently available in JASP is the “listwise” exclusion. This method omits cases for
which at least one variable included in any test contains a missing
value. This means that all tests are based on the exact same data set,
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Figure 50.4: Screenshot of
the JASP input panel for the
analysis of the Missing Data
data using independent samples t-test with Exclude cases
analysis by analysis option.
See text for details.

missing data

411

but the price paid is that this method usually leads to the exclusion
of more data points than pairwise deletion.
As in the previous example, let’s conduct a series of paired samples t-tests. A screenshot of the relevant JASP input panel is shown
in Figure 50.5. The setup of the analyses is the same (i.e., comparing
‘varA’ to ‘varB’ and so forth). However, we now selected the Exclude
cases listwise option under Missing Values. Because cases 1–5
contain at least one missing value for any of the variables listed in
the analysis box, JASP will ignore this part of the data set. Thus, all
t-tests will be based on the same subset of the data, that is, only cases
6–9.

Figure 50.5: Screenshot of the
JASP input panel for the analysis of the Missing Data data
using paired samples t-test
with Exclude cases listwise
option. See text for details.

Note that JASP will use listwise deletion based only on the variables that are present in the box on the right (listed for the analysis).
Thus, if we compare only ‘varA’ to ‘varB’ and ‘varB’ to ‘varC’, as
shown in Figure 50.6, JASP will ignore only the first three cases, as
variables ‘varA’, ‘varB’ and ‘varC’ are listwise complete for cases 4–9.
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The same logic also applies to the independent samples t-test and
other analyses as well.

Figure 50.6: Screenshot of the
JASP input panel for the analysis of the Missing Data data
using paired samples t-test
with Exclude cases listwise
option. See text for details.

50.7

Want to Know More?

3 The original example was created by Alexander Ly to answer a question on
CogSci forum: http://forum.cogsci.nl/index.php?p=discussion/
3568/how-does-jasp-handle-missing-values-exactly

3 An animation of how to specify missing values in JASP is available
at https://jasp-stats.org/wp-content/uploads/2017/10/
NAplacement.gif
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