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Appendix 2

Crysel, Cook, Schember, and Webster (2015) hypothesized that Gryffindor would
score higher on Extraversion, Ravenclaw higher on Intellect, Hufflepuff higher on
Agreeableness, Emotional Stability, and Conscientiousness, and Slytherin higher on
Machiavellianism, Narcissism, and Psychopathy compared to the respective mean of the
other Houses. In order to test such set of hypotheses, the authors conducted classical
ANOVAs using Helmert contrasts to test whether, for example, Gryffindor is higher on
Extraversion compared to the mean of the other Houses. Sticking to this example for ease of
exposure, Crysel and colleagues’ approach does not only test this contrast, but also whether
Slytherin is higher on Extraversion than Hufflepuff and Ravenclaw, and whether Hufflepuff
is higher on Extraversion as Ravenclaw. The authors hypothesized that Gryffindor would
score higher on Extraversion, Ravenclaw higher on Intellect, Hufflepuff higher on
Agreeableness, Emotional Stability, and Conscientiousness, and Slytherin higher on
Machiavellianism, Narcissism, and Psychopathy compared to the respective mean of the
other Houses.
Testing whether, for example, Gryffindor scores higher on Extraversion than the
mean of the other Houses strikes us as inappropriate. In fact, it is perfectly possible for that to
be the case even when Ravenclaw and Slytherin have higher scores than Gryffindor—
Hufflepuff just needs to score really low on Extraversion (see Appendix 1). Thus, ANOVAs
with Helmert contrasts do not test whether Gryffindor is the most extraverted House, which is
arguably what we want to know.
We expect, similar to the original paper, that:
o Gryffindor will score highest on Extraversion
o Ravenclaw will score highest on Intellect
o Hufflepuff will score highest on Agreeableness, Emotional Stability, and
Conscientiousness
o Slytherin will score highest on Machiavellianism, Narcissism, and Psychopathy.
Using Extraversion as an example, our example hypothesis can be formally stated as

where

indicates the mean of the respective House. We assume a constant error variance

across Houses which leads to an ANOVA model. A classical approach would be to conduct
three t-tests:

,

and

—but again it is not clear what one would make

from a non-significant result in one of these tests. Therefore, we opted for a different
statistical approach. To better understand it, we briefly sketch the main ideas behind Bayesian
inference.

Bayesian Inference
Bayesian statistics entails quantifying one's uncertainty about the world using
probability. Statistical inference reduces simply to applying the rules of probability theory.
For an introduction to Bayesian inference from this angle, see Etz and Vandekerckhove
(2018).
The method dictated by probability theory for Bayesian hypothesis testing is the
Bayes factor (Kass & Raftery 1995). Let the null hypothesis be instantiated by a restricted
model, M0, while the alternative hypothesis is specified by M1. Parameters within the
models—here denoted by —are estimated using Bayes' rule

An equivalent expression exists for
the denominator can be written as

. Note that, using the sum rule of probability,
, which is sometimes called the marginal

likelihood.
The ratio of marginal likelihoods for two models yields the Bayes factor

The Bayes factor denotes the shift in the models' beliefs given the data. Because the
marginal likelihood is an integration over the likelihood with respect to the prior, the Bayes
factor instantiates an automatic Ockham's razor—complex models can predict more data
patterns than simple models, i.e., their prior distribution is spread out over a larger space,
leading to decreasing weights multiplied with the likelihood, resulting in an overall reduced
marginal likelihood (Vandekerckhove, Matzke, & Wagenmakers, 2015). More generally,
(weakly informative) priors help guard against overfitting. We use the BayesFactor R
package for testing the order-constraints (Morey, Rouder, & Jamil, 2014).

Bayesian Order-constrained Inference
Let
vary, and

denote the null model,

denote the full model in which each mean is free to

denote the order-constrained model. Formally

Therefore, our problem reduces to finding the most plausible model among those three. Note
that the Bayes factor is transitive, such that

Therefore, given the three models above, Bayes factors can be computed for each
model comparison. To compute the Bayes factor of Mf against M0, we use the BayesFactor R
package (Morey et al., 2014) which uses so-called 'default priors' (see Morey, Wagenmakers,
& Rouder, 2016; Rouder, Morey, Speckman, & Province, 2012), that is, an uninformative
Jeffreys' priors over, in this case, the nuisance parameter σ2 and a Cauchy prior with scale
parameter r over the effect of House. The scale parameter indicates the width of the Cauchy
prior; the higher r, the wider the distribution, the more we expect large effect sizes a priori.
We report a sensitivity analysis varying r from .1 to 1.5 using a step size of .05.
To compute the Bayes factor of Mr against Mf, note that the Bayes factor is the ratio
of the posterior odds and the prior odds (to see this, refactor the equation above).
Uninformative prior odds for order-restricted models are simply one over the number of
possible order restrictions. For four means, the number of possible order restrictions is 4! =
24. The posterior odds can be estimated by the proportion of the samples of the posterior
distribution of the parameters (in this case, the s for the respective Houses) that are in line
with the order-restriction (Klugkist & Hoijtink, 2007; Klugkist, Laudy, & Hoijtink, 2005).
Note that this Bayes factor is bounded by 24.
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