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Mixed-effects models are often employed to study individual differences in psycholog-
ical science. Such analyses commonly entail testing whether between-subject vari-
ability exists and including covariates to explain that variability. We argue that
researchers have much to gain by explicitly focusing on the individual in individual
differences research. To this end, we propose the spike-and-slab prior distribution
for random effect selection in (generalized) mixed-effects models as a means to gain
a more nuanced perspective of individual differences. The prior for each random
effect is a two-component mixture consisting of a point-mass ‘spike’ centered at zero
and a diffuse ‘slab’ capturing non-zero values. Effectively, such an approach allows
researchers to answer questions about particular individuals; specifically, “who is
average?” in the sense of deviating from an average effect, such as the population-
averaged slope. We begin with an illustrative example, where the spike-and-slab for-
mulation is used to select random intercepts in logistic regression. This demonstrates
the utility of the proposed methodology in a simple setting while also highlighting
its flexibility in fitting different kinds of models. We then extend the approach to
random slopes that capture experimental effects. In two cognitive tasks, we show
that despite there being little variability in the slopes, there were many individual
differences in performance. In two simulation studies, we assess the ability of the
proposed method to correctly identify (non-)average individuals without compromis-
ing the mixed-effects estimates. We conclude with future directions for the presented
methodology.
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Mixed-effects models are being increasingly used in
the social-behavior sciences. Their use spans many ar-
eas in psychology from observational inquiries that track
individuals over an extended period of time, to con-
trolled settings that can include hundreds of experimen-
tal trials for each person. Their rise in popularity is
mainly due to their ability to partition and account for
different sources of variation, for instance, in the ex-
perimental effect (Aarts, Verhage, Veenvliet, Dolan, &
van der Sluis, 2014), stimulus type (Wolsiefer, Westfall,
& Judd, 2017), or group membership (Raudenbush &
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Bryk, 2001). Adequately accounting for these sources
of variability leads to the desired inference by ensuring
that nominal error rates are maintained (Aarts et al.,
2014; Barr, Levy, Scheepers, & Tily, 2013; Judd, West-
fall, & Kenny, 2012; Williams, Carlsson, & Bürkner,
2017; Wolsiefer et al., 2017). The idea is that variance
components are often considered nuisance parameters
that must be controlled or corrected for in order to draw
valid inferences. Consequently, the primary inferential
targets from mixed-effects models tend to be concerned
with population averages, or fixed effects, while variance
components play a secondary role. For instance, in a re-
view of papers employing linear mixed-effects models, it
was found that less than 10% reported the random effect
variances (Meteyard & Davies, 2020), and similarly, only
32% of papers using generalized mixed models reported
these variance components (Bono, Alarcón, & Blanca,
2021). On the other hand, however, these same sources
of variations can provide valuable insights into individ-
ual differences in psychological processes (e.g., Haaf &
Rouder, 2017; Liu, Rovine, & Molenaar, 2012; Williams,
Zimprich, & Rast, 2019)

https://psyarxiv.com/4d9tv/
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When individual differences are of central interest, it
is customary to test the variance of the random effects.
For example, in determining whether there is variation
between individuals in a random intercepts model, one
would fit two (nested) models — one with and one with-
out the random intercepts — and perform a likelihood
ratio test. If the test is not rejected, one would settle
with the simpler model without the random intercept
term (i.e., no individual differences). Conversely, if the
test is rejected then the random effect term is retained
in the model. In order to explain the individual differ-
ences, the latter scenario may be followed up with the
inclusion of covariates. In this work, we find a common
ground between these two options — some individuals
are best described by the fixed effect while others may
differ drastically from it. As such, we propose a method
that offers a more nuanced view of individual differences
compared to the classical mixed effect vs fixed effect du-
ality.

This sentiment is reflected in recent efforts to extend
the study of individual differences beyond the typical
approaches. For example, Grice et al. (2020) point out
that even though study results, when taken in aggregate,
reflect theoretical expectations, it may be that only a
few individuals actually behaved in the expected man-
ner. For example, it may be that an intervention is
shown to alleviate depression on average, but this does
not necessarily imply that the intervention is effective
for a given individual. As a step towards understand-
ing whether individuals behaved in a hypothesized man-
ner, they propose adopting person-centered effect sizes,
wherein effects are computed for each individual. These
effects can in turn be used to quantify the proportion of
observed effects that were in line with the hypothesized
outcome.

In a similar spirit, Rouder and Haaf (2020) advocate
for a Bayesian model comparison approach to distin-
guish situations where: all individuals have true effects
in the same direction, individuals have true effects in
differing directions, or all individual effects are equal to
an average effect (also see Haaf & Rouder, 2017). This
method involves fitting mixed-effects models that reflect
each of these settings. The underlying aim is to deter-
mine if there is support for individual differences in the
data, and if so, which model best describes them

To date, however, no general approach has been pro-
vided to formally address the individual in individual
differences. For instance, the person-centered effect sizes
are general in that they can be applied across a wide
variety of settings, but are computed in a somewhat ad-
hoc manner with a focus on description. The approach
in Rouder and Haaf (2020) allows analysts to quantify
evidence for whether individual differences align with

a particular pattern, but ultimately relies on global
descriptions of individual differences in linear models.
Thus, it is desirable to have a framework that fulfills
the desiderata of being applicable across the multitude
of settings encountered in psychological science while si-
multaneously allowing researchers to rigorously evaluate
individual effects.

Main Contribution

The main contribution of this work is the introduction
of a Bayesian mixed-effects framework that may allow
novel inferences in individual differences research. In
mixed-effects models, there are fixed effects or averages
across individuals, and there are random effects, or de-
viations away from those averages. The main advantage
of our proposed methodology are that it allows a more
nuanced view of individual differences by quantifying
evidence for or against individual random effects. In
addition, because it can be fit using standard statistical
software, it is flexible enough to be applied to a broad
class of models (i.e., generalized linear mixed models).

With this framework we explicitly address the indi-
vidual by providing a tool that is capable of answering
which individuals are “average” and which ones are not.
Intuitively, if β is a fixed effect, θj is the corresponding
random effect for the jth individual, and βj = β + θj is
the total effect for the jth individual, then the problem
we are interested in can be thought of as comparing
evidence for whether βj = β versus βj ̸= β. Criti-
cally, the methods we describe in this paper can eas-
ily be implemented “by hand” in the common program-
ming languages R (R Core Team, 2021) and Python
(Van Rossum & Drake, 2009), or by using the R package
SSranef1.

To answer the question of who is “average”, we build
upon spike-and-slab priors for Bayesian variable selec-
tion (George & McCulloch, 1993; Kuo & Mallick, 1998;
Mitchell & Beauchamp, 1988). Traditionally used in
the canonical regression setting to select predictors that
are likely to have a non-zero effect, our innovation is
to apply the spike-and-slab to the select which random
effects are likely non-zero in a mixed-effects model. A
similar approach has been applied in psychological set-
tings (e.g., Williams, Martin, & Rast, 2019), but was
restricted to random intercepts in linear mixed models
whereas, in practice, the primary interest is often the
random slopes. Further, it is common to estimate mod-
els with non-Gaussian likelihoods (e.g., mixed-effects lo-
gistic regression). Thus, a novel aspect of this work is
the extension of the spike-and-slab to random effects on

1The SSranef R package can be downloaded from
GitHub at https://github.com/josue-rodriguez/SSranef.

https://github.com/josue-rodriguez/SSranef
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slopes and generalized linear mixed models.

Overview

In what follows, we first present a motivating ex-
ample where we introduce the central ideas underlying
the spike-and-slab prior in the context of a generalized
mixed-effects model. We show the value in using the
spike-and-slab on random intercepts and that it is triv-
ial for this approach to be applied to a variety of model
types. We then demonstrate how the idea of random
effect selection can be extended to random slopes. This
allows researchers to, for example, answer how many
individuals differed from a common experimental effect.
This approach is illustrated in two empirical psycholog-
ical data sets where we show how individual differences
in the random slopes can be comprehensively disentan-
gled. In two simulation studies, we assess the ability
of our the proposed method to correctly identify (non)-
average individuals without compromising the mixed-
effects estimates. We conclude with a discussion on the
implications of the current work and future directions.

Background

We employ the spike-and-slab approach for variable
selection. In this approach, the selection problem is
formulated in terms of a two-component mixture: 1)
a ‘spike’ that is either a distribution centered narrowly
around zero (George & McCulloch, 1993) or a Dirac
measure at zero (Kuo & Mallick, 1998) and 2) a diffuse
‘slab’ component surrounding zero. The former allows
the shrinkage of small effects to zero and the latter pre-
vents heavy shrinkage of larger effects. A central aspect
of this approach is the addition of an indicator vari-
able (Kuo & Mallick, 1998), which allows for switching
between the spike and the slab throughout the MCMC
sampling process (i.e., transdimensional sampling; Heck,
Overstall, Gronau, & Wagenmakers, 2019). The pro-
portion of MCMC samples spent in each component
can then be used to approximate the respective pos-
terior model probabilities or the marginal Bayes factor
for whether an effect should be included. In the context
of random effects selection, this Bayes factor expresses
the evidence for whether the random effect for a given
individual should be included in the model. Interested
readers can find an excellent introduction to the spike-
and-slab for psychology in Rouder, Haaf, and Vandeker-
ckhove (2018) and in-depth overview of its various spec-
ifications in O’Hara and Sillanpää (2009).

Importantly, much of the literature on spike-and-slab
priors has been concerned with model selection and com-
parison (George & McCulloch, 1993; Ishwaran & Rao,
2005; Mitchell & Beauchamp, 1988). This is distinct
from our application in this paper as we do not focus on

model selection in a traditional sense. Our goal is not
to make judgments with respect to quality of fit among
models with different variables, prior distributions, or
functional forms, but rather we seek to use spike-and-
slab priors as a means of understanding which individu-
als’ effects deviate from a population-average estimate.

Illustrative Example

We begin our exposition by considering the work
of Frühwirth-Schnatter and Wagner (2011), who used
spike-and-slab priors with the overarching goal of

[making] unit-specific selection of random ef-
fects in order to identify units which are ‘av-
erage’ in the sense that they do not deviate
from the overall mean. (p. 2)

Specifically, they provided examples of random effect se-
lection with a focus on logistic models. However, their
approach relied on custom MCMC sampling schemes,
rendering the techniques inaccessible to all but those
who are comfortable implementing the algorithms on
their own. Williams, Martin, and Rast (2019) intro-
duced the idea of selecting unit-specific random effects
to psychology with the goal of determining individual
reliability, but they did not consider models outside of
a classical random intercepts model. Because, to our
knowledge, these are the only works to consider random
effect selection, we view this as a good place to begin our
exposition of the spike-and-slab. Using a random inter-
cepts logistic regression model, we highlight key ideas
relevant to our approach for random effect selection.

Model Formulation

For our illustrative example we use data from a lin-
guistics experiment that were first reported in Caplan,
Hafri, and Trueswell (2021, Experiment 1). The par-
ticipants (N = 128) in this study were presented with
acoustically ambiguous audio involving minimal pairs of
words (e.g., time/dime) along with disambiguating in-
formation that biased the audio to be interpreted as /t/
or /d/. The outcome for the ith trial and jth person is
coded as a 1 or a 0 and represents whether participants
heard a /t/ (1) or a /d/ (0) for a given word during
the test phase (see original text for full details). For
illustrative purposes, we adopt a simpler version of the
full analysis in that we only consider a random inter-
cept without covariates or additional random effects. To
facilitate spike-and-slab selection, we employ the non-
centered parameterization (Papaspiliopoulos, Roberts,
& Sköld, 2007), that is,
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yij ∼ Bernoulli (πj) (1)
logit (πj) = α + τzj

α ∼ Normal(0, 1)
τ ∼ St+(ν = 3, 0, 1)
zj ∼ Normal(0, 1),

where yij is the outcome, α is the overall intercept, τ
is the standard deviation of the random effects, zj is a
standardized effect size, and τzj constitutes the random
effect. Here, we are not modeling the random effects
directly, but rather inferring them from a latent vari-
able zj . There our two main reasons for this: 1) it may
lead to more efficient sampling of the posterior and 2) it
allows us to think about the random effects in terms of
standardized effect sizes. Further, we set standard nor-
mal priors for α and zj , and a half Student-t distribution
with three degrees of freedom for τ . Our choice for the
half Student-t prior distribution stems from it having
better properties than common alternatives for variance
parameters in hierarchical models (e.g., inverse-gamma
Gelman, 2006). The model in (1) estimates the baseline
log-odds of hearing a /t/ (intercept), but allows for each
individual to deviate away from it (random effect).

In such an analysis, it might be natural to ask
whether each individual does indeed deviate from the
the overall log-odds, α, in hearing a /t/. This ques-
tion can be addressed by adding an indicator variable
γj ∈ {0, 1} to the above model that governs, for each
individual, whether the random effect is in the spike
(γj = 0) or the slab (γj = 1) portion of the model in
each MCMC iteration. Introducing this variable only
requires the following modifications to (1)

logit (πj) = α + τ (zjγj) (2)
γj ∼ Bernoulli (0.5)

while everything else remains the same.
Notice here that when γj = 0, the random effect for

the jth individual drops out of the model; when γj = 1
the individual random effect is retained. The proportion
of MCMC samples in which γj is equal to one is referred
to as the posterior inclusion probability (PIP) of the jth
random effect,

Pr (γj = 1|Y) = 1
S

S∑
s=1

γ
(s)
j , (3)

where s = 1, . . . , S indexes the MCMC samples and Y
denotes the data. Consequently, this formulation pro-
vides the necessary ingredients to compute the Bayes
factor (Kass & Raftery, 1995). Assuming equal prior

odds, the Bayes factor in favor of the random effect be-
ing non-zero, or γj = 1, can be calculated as

BF10 = Pr (γj = 1|Y)
1 − Pr (γj = 1|Y) . (4)

If there is prior information that indicates whether in-
dividuals are more or less likely to deviate away the
average, then this information can be included in the
analysis by modifying the prior odds to greater than or
less than 0.5 in (2), respectively. The ability to compute
posterior inclusion probabilities and Bayes factors allows
for the direct quantification of evidence for whether an
individual’s baseline log-odds are different than the “av-
erage” baseline log-odds of hearing a /t/.

Although it is not the only way to formulate a spike-
and-slab prior in a Bayesian model (O’Hara & Sillanpää,
2009), our approach carries some distinct advantages.
First, by using a point-mass at zero for the spike in-
stead of a continuous distribution with small variance,
we explicitly consider whether a given random effect is
equal to zero instead of just nearly zero. Further, the
prior probability of drawing a one for γj is fixed at 0.5.
This is equivalent to setting equal prior odds for whether
a random effect is non-zero and simplifies the expression
for the Bayes factor. Note that allowing the prior prob-
ability to also be a random variable by, say, placing a
Beta prior on it, may result in superior selection for
point-mass spikes (Ley & Steel, 2009). For these rea-
sons, the above formulation of the spike-and-slab is the
one we use throughout the paper.

Software and Estimation

We fit the model using the JAGS language in R2

(Plummer, 2003) because of its ability to easily fit spike-
and-slab models (Ntzoufras, 2002; O’Hara & Sillanpää,
2009). The fitted model used four chains of 25,000 it-
erations after a burn-in period of 5,000 iterations which
resulted in a total of 100,000 samples from the posterior
distribution. This number of samples provided a good
quality of the parameter estimates (all R̂s = 1; Brooks
& Gelman, 1998).

Results

The results are displayed in Figure 1. Panel A shows
the prior distribution of the random effects and Panel
B shows the posterior of the random effect for the
56th and 78th participants, respectively. Note that the
spike (black arrow) and slab (blue bars) both constitute
roughly half of the prior density. Panel C displays the

2All code to reproduce the analyses and figures in this
paper are available on the Open Science Framework at
https://osf.io/n2z49/.

https://osf.io/n2z49/
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Figure 1

A) The point-mass spike-and-slab prior distribution. The spike (arrow) and the slab (blue bars) each take up half
the prior density. When a random effect is sampled from the spike, it is zero and the effect for that individual is
equal to the fixed effect. When it is sampled from the slab, it will take a non-zero value and the individual effect will
deviate from the fixed effect. The proportion of MCMC iterations that a random effect is sampled from the slab is
called its posterior inclusion probability (PIP). B) The posterior distribution for the random effects of the 56th and
78th participants. For the former, the majority of the posterior mass is in the spike (PIP = 0.23) where there is
little mass in the slab (orange bars). For, the latter the entire posterior is in the slab (green bars, PIP = 1). Thus,
participant 56 can be considered “average”, and participant 78 can be considered not “average”. C) Posterior means
and respective 90% credible intervals for the random effects. The orange point (participant 56) is centered near zero
and the green point (participant 87) is far from zero. This matches the corresponding posterior mass in the spike
for each of these random effects.

point estimates of the random effects for all 128 partici-
pants and their respective 90% credible intervals (CrIs).
The individuals from panel B are represented by the
green (participant 78) and orange (participant 56) dots.

Recall that the goal of fitting this model was to de-
termine the evidence for whether a given individual de-
viates from the overall log-odds, or intercept. If an in-
dividual does not differ from the intercept, then most
of the of posterior mass should be in the spike for the
random effect. If an individual differs from the inter-
cept, then there should be a lot of posterior mass in the

slab. This can be clearly seen in Figure 1 where most
of the posterior mass is in the spike for participant 56
and, conversely, none at all for participant 78. For the
former, there was a 0.23 posterior inclusion probability,
or a Bayes factor of roughly 3 in favor of the spike.
This can be considered moderate evidence in favor of
the participant being “average” (Lee & Wagenmakers,
2013). For the latter, the posterior inclusion probability
was 1 and is equivalent to a Bayes factor of infinity that
this individual differs from the “average”.

The shapes of these posteriors have a straightforward
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relationship with the size of the random effect. This is
shown in Figure 1 (panel C) where the orange dot (par-
ticipant 56) is near zero and the green dot (participant
78) is far away. This makes sense; if a random effect is
near zero, then there will be little to no evidence that
a participant differs from the intercept, and conversely,
there will be stronger evidence that a participant differs
from the intercept with larger random effects.

Summary

The purpose of this illustrative example was to build
the foundation for the following methodology. We high-
lighted the central idea behind the spike-and-slab, and
in particular, how it can be leveraged to select individual
random effects. The results indicated that this method-
ology can be profitably applied to determine which indi-
viduals differ from the overall intercept in a logistic re-
gression setting. The remainder of this paper will extend
this idea to include random slopes to determine whether
individuals differ from the average experimental effect.

Extension to Random Slopes

In psychology, it is common for the random slopes,
not the random intercepts, to be of focal interest. This
is because the slope often corresponds to the effect of
condition or manipulation in experimental settings. Ac-
cordingly, random effects in the slope encode individual
differences in experimental effects. Thus, we seek to
extend the application of the spike-and-slab prior to the
the random effects in slopes. Placing the spike-and-slab
on the slopes allows evidence to be obtained for which
individuals differ from the average experimental effect
and which do not. As above, our exposition of this ex-
tension will be through applied examples.

It has recently been argued that there is low reliability
in popular cognitive tasks for studying individual differ-
ences (Hedge, Powell, & Sumner, 2018; Rouder, Kumar,
& Haaf, 2019). The main explanation for low reliability
among these kinds of tasks is that there exists little indi-
vidual differences. In this context, individual differences
are in reference to the ratio of between-subject variance
to total variance. In what follows, we are not interested
in individual differences in this sense, but whether there
are individual differences in these tasks with respect to
who deviates from the overall experimental effect and
the type of insights that may follow.

Empirical Application

We apply the proposed methodology to data from two
classical inhibition tasks. These data were first analyzed
in Hedge et al. (2018) and again in Rouder et al. (2019).

Dataset 1: Stroop task

Participants (N = 47) responded to the color of a
centrally presented word which was red, blue, green or
yellow. The word could be the same as the font color
(congruent condition), different from the font color (in-
congruent condition), or one of four non-color words
(neutral condition). Each participant completed 240 tri-
als for each condition with the primary outcome being
reaction time. For illustrative purposes, we focus simply
on the congruent and incongruent conditions.

Dataset 2: Flanker task

The same 47 participants responded to the direction
of a centrally presented arrow (left or right). On each
trial, the central arrow was flanked above and below by
two other symbols. Flanking stimuli were arrows point-
ing in the same direction as the central arrow (congru-
ent condition), arrows in the opposite direction as the
central arrow (incongruent condition), or straight lines
(neutral condition). Again, each participant completed
240 trials for each condition and the primary outcome
was reaction time. As above, we only give consideration
to the congruent and incongruent conditions.

Model Formulation

Because these tasks are similar both in what they
are thought to measure and their design, each dataset
contains the same variables on which we focus: outcome
(reaction time) and condition (in/congruent). Accord-
ingly, we define a single model formulation that can be
seamlessly applied to each dataset without modifying
anything except for the data. For the ith trial and the
jth person, we can define the likelihood for the reaction
time as

yij ∼ Normal
(
αj + xijβj , σ2)

(5)
αj = α + θ1j

βj = β + θ2j ,

where for the jth person, αj is the random intercept
and encodes the average response time for the congru-
ent condition, and βj is the random slope which captures
the difference in response time in the incongruent condi-
tion, relative to the congruent condition. The term xij

encodes the condition (0 = congruent; 1 = congruent),
and σ2 is the residual variance. The terms θ1j and θ2j

indicate the the random effects for the intercept and
slope, respectively.

For the model parameters defined in (5), we set the
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priors as follows:

α, β ∼ Normal (0, 1) (6)
θj ∼ Normal(0, Σ)
Σ = τΩτ

Ω ∼ LKJcorr (η = 1)
σ, τ11, τ22 ∼ St+(ν = 3, 0, 1).

Here, we place uninformative normal priors over the
fixed effects and a multivariate normal prior with covari-
ance matrix Σ for the random effects. We model the co-
variance matrix using the separation strategy discussed
in Barnard, McCulloch, and Meng (2000) where Ω is a
2 × 2 correlation matrix of the random effects and τ is
a 2 × 2 diagonal matrix of whose elements are the ran-
dom effects standard deviations. The prior for the cor-
relation matrix is the LKJ distribution (Lewandowski,
Kurowicka, & Joe, 2009) and is governed by a single
parameter η. Setting η = 1 places a uniform prior over
all correlation matrices. We set Half Student-t priors
for all variance parameters for the reasons discussed in
the Illustrative Example.

Of central interest is the parameter βj , which cor-
responds to the experimental effect for the jth person.
Recall that we want to know whether each individual
differs from the common effect, β, and that we can use
a spike-and-slab prior to answer this question. Thus, we
can modify the above to include a spike-and-slab prior
on the random slopes

βj = β + θ2jγj (7)
γj ∼ Bernoulli (0.5) ,

and everything else remains the same.

Model Selection

Up to this point, we have not discussed a decision
rule for deciding which individuals differ from the av-
erage effect. This is because Bayesian inference is not
focused on making discrete choices, but rather consider-
ing the weight of evidence (Morey, Romeijn, & Rouder,
2016). In any case, there are times when it is desirable
to do so. For instance, in addition to reporting random
effect variances, one can report for example that 30%
of the random effects differed from the average effect.
Reporting such a number is in the same spirit as the
metrics described in Grice et al. (2020), but supported
by formal evidence (i.e., posterior inclusion probability).
This might be especially insightful in situations with
low between-person variance, a scenario that typically
implies a lack of individual differences. This type of in-
formation can also be useful in other fields such as clin-
ical or educational psychology, where one can identify a

subset of individuals who respond differently to an inter-
vention compared to the average response. Identifying
individuals who display unusual behavior via random
effects can be extended to models of variability as well
(e.g., Rast & Ferrer, 2018). For example, in cognitive
aging research, random effects in the residual variance
can be used to capture differences in behavioral “con-
sistency” of cognitive ability (Rast & Zimprich, 2011;
Watts, Walters, Hoffman, & Templin, 2016). Here, iden-
tifying individuals with above or below average residual
variance could serve as an early warning sign to the onset
of Alzheimer’s Disease (Lövdén et al., 2013; MacDonald,
Hultsch, & Dixon, 2008).

Because in our above example we place the spike-
and-slab prior on N = 47 random effects, there are 247

distinct combinations of random effects that can be con-
sidered for inclusion in the final model. That is, there
are 247 possible models from which to choose. Thus, the
issue that presents itself is how to choose which model
should be used to determine who is “average”. An in-
tuitive choice would be to select the highest probability
model (HPM), or the model containing the combination
of random effects selected most frequently throughout
the MCMC sampling process. In fact, it is the median
probability model (MPM, Barbieri & Berger, 2004; Bar-
bieri, Berger, George, & Ročková, 2021) that is more of-
ten considered. The MPM, which is used in the present
paper, is defined to be the one only including random
effects with posterior inclusion probabilities (Equation
3) of at least 0.5. Several motivations underlie its use,
including that it is the best single-model approximation
to Bayesian model averaging and it is optimally pre-
dictive with respect to squared error loss under certain
conditions. This does not mean the HPM should never
be used, however. Indeed, the HPM can be used when
the goal is explicitly to compute a Bayes factor of inter-
est for hypothesis testing. That is, if one has a priori
predictions about which individuals differ from the fixed
effect. Further, once individuals have been classified as
“average” or not, then it is straightforward to compute
the proportion of the sample that differed from the com-
mon effect.

Software and Estimation

We fit the model above to both the Stroop and
Flanker data using the pymc3 (Salvatier, Wiecki, &
Fonnesbeck, 2016) package in the Python programming
language (Van Rossum & Drake, 2009). This was pri-
marily because it allows the use of more efficient MCMC
sampling schemes (e.g., Hoffman & Gelman, 2011) while
retaining the ability to accommodate the point-mass
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spike-and-slab prior3. The fitted models used four
chains of 10,000 iterations after a tuning period of 2,000
iterations which resulted in a total of 40,000 samples
from the posterior distribution. This number of samples
provided a good quality of the parameter estimates (all
R̂s = 1).

Results

The main results are displayed in Figure 2. Panel A
shows the point estimates of the slope random effects
for all 47 participants and their respective 90% CrIs.
Throughout the rest of this section, we will simply use
“random effects” as shorthand for the slope random ef-
fect. Panel B displays the posterior inclusion probabili-
ties (PIPs) as a function of the magnitude of the random
effect. Upon visual inspection, it is easy to see which in-
dividuals have more evidence supporting that they differ
from the average experimental effect. The PIPs make a
V-shape in that they decrease as the magnitude of the
effect approaches zero and increase again as they move
away from zero. This is again unsurprising. Individuals
with larger random effects should have more evidence
to support that they differ from the average effect.

For the Stroop task, the mean posterior estimate for
the overall experimental effect, β, was 0.07 and had a
corresponding 90% CrI of [0.062, 0.076]. That is, on av-
erage, participants’ reaction time was slower by 0.07 sec-
onds in the presence of incongruent stimuli. Notably, the
mean posterior estimates for the random effects ranged
from -0.02 to 0.07, and their corresponding PIPs ranged
from 0.22 to 0.99 (Bayes factors factors of 0.28 to over
13,000), in support of including the random effect. This
spread of PIPs indicates considerable fluctuations in the
level of support for whether individuals differ from the
average experimental effect. They span from ‘moder-
ate’ evidence in favor of belonging to the average exper-
imental effect on one end to ‘extreme’ evidence in favor
of different from it on the other (Lee & Wagenmakers,
2013). This spread was even wider in the Flanker task,
where the PIPs for this covered values from 0.19 to 1.

As previously mentioned, it may sometimes be desir-
able to categorize individuals as being “average” or not.
When using the median probability model, individuals
with PIPs over 0.5 can be thought of as being different
from the average effect. In Figure 2 (Panel B), these
two groups are separated by the dark dotted gray line.
It is intriguing that for both tasks, quite a few points lie
above this line. Specifically, 12 and 13 participants are
above this line for the Stroop and Flanker tasks, respec-
tively4. In other words, there is evidence that despite
the belief that few individual differences exist in these
kind of data, over a quarter of the sample diverged from
the average experimental effect in each task.

Taken together, these results not only attest to the
existence of individual differences in these two experi-
ments, but speak to which individuals (and how many)
differed from the average effect.

Individual Performance Across Tasks

The Stroop and Flanker tasks have long been con-
sidered to be measures of inhibition (Friedman, Profile,
Friedman, & Miyake, 2004). It is consequently natural
to think that individuals who differ from the average ex-
perimental effect in one task should also differ from the
average effect in the other. In contrast, recent work has
suggested that the correlations among inhibition tasks
are low (Hedge et al., 2018; Rouder et al., 2019). That
is to say, that performance on a given task is not neces-
sarily predictive of performance on another. Because we
examine individual differences in the sense of differing
from a fixed effect and not in terms of the amount of
variance, we look at whether the PIPs were compara-
ble for individuals across task. Note that it would be
possible to fit a multivariate model with the reaction
times for both tasks as the outcome, and directly apply
the spike-and-slab formulation to the random slopes for
each task. In order to keep the exposition manageable,
we opt for simple description.

Figure 3 displays a funnel plot containing the PIPs of
the random slope effects for individuals on both tasks,
sorted in descending order of PIPs for the Stroop model.
The idea here is that if performance on these task are
related, then we should see a funnel shape that starts
wide at the top (i.e., individuals who had large PIPs
in both tasks) and becomes narrow at the bottom (i.e.,
individuals who had small PIPs for both tasks). How-
ever, upon visual inspection, there is no apparent re-
lation between the PIPs. For instance, participant 24
had a PIP of 0.99 for their random effect in the Stroop
model, but a PIP of 0.31 in the Flanker model. On
the other hand, Participant 35 had PIPs of near 1 on
both tasks. Hence, despite individual effects differing
from the average experimental effect in one task, this
may not be predictive of whether they differ from the
average experimental effect in another.

Posterior Predictive Check

Lastly, an important aspect of Bayesian inference is
model checking. This is typically done with the pos-

3This model converged in JAGS without issues, but we
fit it in pymc3 to demonstrate how to employ these models
when more efficient samplers are desired.

4We also examined PIP cut-offs of 0.75 and 0.9 (light gray
dotted lines). For the former, this corresponds to 11% of the
sample differing from the average experimental affect and
roughly 7% for the latter.
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Figure 2

A) Posterior means and corresponding 90% CrIs for the random effects for the slopes (or experimental effects) in
the Stroop and Flanker data, sorted in ascending order. B) The corresponding posterior inclusion probabilities or
each random effect. The dark gray dotted line indicates a PIP of 0.5. The two light gray lines denoted PIPs of
0.75 and 0.90. Random effects that are closer to zero have whose posterior estimates have lower PIPs. If one were
to use the median probability model as a decision then everyone above the dotted gray line would be considered as
different than the “average”. For both the Stroop and Flanker tasks, over 25% of the points lie above the dotted line.
This clearly demonstrates individual differences in these tasks. Across both panels, distinct colored points refer to
the same random effect.

terior predictive distribution (Gelman, Meng, & Stern,
1996; Meng, 1994). The main idea behind a ‘posterior
predictive check’ is that data generated from the model
should resemble the observed data. The posterior pre-
dictive check thus entails generating replicated datasets
from the predictive distribution of the fitted model and
comparing them to the observed dataset in order to eval-
uate the model’s goodness-of-fit. Importantly, posterior
predictive checks should capture aspects of the model
which are of particular interest (Gelman & Hill, 2006,
p. 514).

A principal quantity here is the Bayesian p-value,
which can be defined as the proportion of times a quan-

tity of interest calculated from the posterior predictive
distribution exceeds the observed quantity. If the model
is adequately capturing the data, then the p-values
should be relatively close to 0.5 (Gelman, 2013). Val-
ues near 0 or 1 would indicate systematic misfits of the
model to the data. Because the models we fit are focused
on the mean differences in reaction time between two ex-
perimental conditions, as opposed to, say, the shape of
the reaction time distributions, we perform a posterior
predictive check on the subject-specific mean differences.
If the model adequately captures these mean differences,
the p-values should be dispersed around 0.5.

For each of 2,000 draws from the predictive distribu-
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Funnel plot of the PIPs in the Stroop and Flanker tasks.
For each individual, the orange bar indicates the PIP
for their random effect on slope in the Stroop task. The
opposite-side blue bar indicates that individual’s PIP for
their random effect on slope in the Flanker task. Be-
cause the plot does not produce a funnel shape, this sug-
gests that whether an individual deviated from the aver-
age experimental effect in one task may not be predictive
of whether they deviated in the other. Hence, although
there were individual differences insofar as who was “av-
erage” in each task, it seems that reliability was low.

tion, we calculated the mean difference in reaction time
between conditions for each of the 47 subjects. These
values were then compared to the empirical mean dif-
ferences. The results of the posterior predictive checks
are shown in Figure 4. Here, the empirical mean differ-
ences are represented by red points and posterior predic-
tive mean differences are indicated by the black points.
The numbers on the right-hand side are the correspond-
ing Bayesian p-values. Across both tasks, the p-values
span from 0.16 to 0.84, with most of these values be-
ing between 0.25 and 0.75. Thus, the fitted model ad-
equately captures mean differences between conditions
in the data and hence, ‘passes’ this posterior predictive
check.

Simulation Studies

Up to this point, we have demonstrated how the
spike-and-slab prior can be applied to gain new insights
into individual differences in psychology. We now focus
on better understanding the properties of the spike-and-
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Figure 4

A posterior predictive check on the mean difference in
reaction time between the congruent and incongruent
conditions for each individual in the Stroop and Flanker
tasks. The red points indicate the observed mean dif-
ference in reaction time and the black dots are draws
from the posterior predictive distribution. The numbers
on the right-hand side of each panel correspond to the
Bayesian p-value for these predictive checks. Bayesian
p-values that are closer to 0.5 than 0 or 1 suggest the
model is successfully capturing the mean differences. As
can be seen, the spike-and-slab formulation for these
models adequately captures the mean differences.

slab prior on random effects by way of two simulations
studies. The first aims to support our claim that the
spike-and-slab prior on the random effects is indeed ca-
pable of correctly identifying those who differ or not
from the average. In the second simulation study, we
address a potential issue noted by reviewers. As shrink-
age is already an inherent part of mixed-effects mod-
els (Gelman & Hill, 2006; Raudenbush & Bryk, 2001),
the additional inclusion of a spike-and-slab prior could
incur “double shrinkage”. That is, the random effects
may be biased due to shrinkage in the slab (as in a typ-
ical mixed-effects model) and spike components of the
prior. Thus, the second simulation study investigates
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this possibility. To situate the findings within a familiar
context, we include a standard mixed-effects model (i.e.,
a normal prior on the random effects) for comparison in
both simulation studies.

Study 1

The goal of this study was to assess the classification
performance of the spike-and-slab prior with respect to
average and non-average random effects. Accordingly,
we simulated data for a random intercepts model with
n = 100 units of interest (e.g., people) and varied the
number of observations per unit nj ∈ {5, 10, 25}. For
each j = 1, . . . , n unit, each i = 1, . . . , nj observation,
yij , was generated as

yij = αj + θj + ϵij (8)
αj = α + θj

ϵij ∼ Normal(0, 1),

where α = 1 and θj captures the random effect for the
jth person. The θj were systematically varied to be
either 0, +1, or −1. The proportion of random effects
that were exactly zero were set to be either 0.94, 0.74,
or 0.5. The remaining random effects were set to either
+1 or −1 in equal proportions.5 These proportions of
random effects translate to between-unit variances τ2 of
approximately 0.05, 0.2, and 0.25. Further, by setting
σ2 = 1, the resulting intraclass correlation coefficients
(ICCs) are approximately 0.05, 0.15, and 0.2, respec-
tively, where the ICC is defined as (Raudenbush & Bryk,
2001)

ICC = τ2

τ2 + σ2 . (9)

The ICC plays a key role in mixed-effects models be-
cause it captures test-retest and inter-rater reliability
(Shrout & Fleiss, 1979; Weir, 2005), and is the pro-
portion of total variance accounted for by the between-
group variance, τ2. As we will discuss below, the ICC is
also of particular interest because it determines, in part,
the amount of shrinkage that occurs.

For each of 200 iterations, data were generated as pre-
viously described and two mixed-effects model were fit:
one employing the spike-and-slab prior on the random
effects and another using the customary normal prior on
the random effects. For the spike, a point-mass prior was
used whereas a more diffuse normal prior was used for
the slab (as in Equations (1) and (2)). The latter prior
was also used for the random effects in the standard
mixed-effects model. For both models, the likelihood
and remaining priors were specified as

yij ∼ Normal
(
α + θj , σ2)

(10)
α ∼ Normal (0, 1)

σ, τ ∼ St+ (ν = 3, 0, 1) .

All models were fit in R using the JAGS language. The
fitted models used four chains of 5,000 iterations after a
burn-in period of the same length.

Once the models were fit, each random effect θj was
classified as average or differing from the average. A
correct classification occurred when a non-zero random
effect was included in the final model or when a zero
random effect was excluded. For the model with the
spike-and-slab prior, we considered two thresholds for
inclusion: 1) a posterior inclusion probability (PIP) of
0.5 (i.e., the median probability model) and 2) a PIP
of 0.75 (i.e., a Bayes factor of 3). For the model with
the normal prior on the random effects, a 90% credible
interval was used to classify the random effects. If the
interval for the jth random effect included 0, then it was
excluded from the final model, and included otherwise.
Model performance was considered in terms of speci-
ficity6, the proportion of truly zero random effects that
were correctly classified, and sensitivity, the proportion
of truly non-zero random effects that were correctly clas-
sified.

Results

The results are displayed in Figure 5. Panel A
displays the average sensitivity for the random effects
across ICCs, observations per unit, and priors. Across
ICCs, all priors tended towards a sensitivity rate of 1,
however there were some discrepancies with fewer ob-
servations per unit. When nj was either five or ten, the
spike-and-slab prior using a PIP of 0.5 as the inclusion
threshold (SS0.5) was superior to both the the spike-and-
slab model using a PIP of 0.75 (SS0.75) and the normal
model using the 90% CrI. Interestingly, with relatively
little between-unit variance (ICC = 0.05) and few units
per observation (nj = 5), the SS0.5 model was 3.5 and 11
times more accurate in detecting non-average units than
the SS0.75 and normal models, respectively. This sug-
gests that the spike-and-slab may be fruitfully applied
to detect non-average individuals even when between-
person variance is low. In sum, with sufficient observa-
tions, all models performed comparably well in detect-
ing non-average units, but the SS0.5 model (i.e., median

5These values were chosen so that approximately, 50%,
75%, and 95% of the random effects were exactly zero, but
an even number of non-zero random effects remained.

6Note that (1− specificity) is the false positive rate.
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probability model) was superior when either the ICC or
number of observations was small.

The average specificity is similarly displayed in panel
B. Across all conditions, the worst specificity was ob-
served for the SS0.50 model with the ICC set to 0.05 and
nj set to 5. Here, the specificity for the SS0.50 model
was 0.75, while it was 0.99 for both the SS0.75 and the
normal model. As nj increased, specificity for the nor-
mal model decreased and stabilized near a specificity of
0.9, or a false positive rate of 0.1. This is unsurprising
as the specificity for credible interval approaches should
be roughly equal to the width of the credible interval
(Rubin, 1984). In contrast, the the specificity for both
spike-and-slab models were stable near one or tended
to one. This finding hints at the model selection consis-
tency property the spike-and-slab prior. Recall that, as-
suming prior equal odds, the PIP for each random effect
corresponds to the Bayes factor (see Equation 4). Bayes
factors tend to infinity and posterior model probabilities
tend to one in favor of the “true” model as the sample
size increases (O’Hagan, 1995). Thus, with a sufficiently
large sample size, the spike-and-slab approach will com-
pletely avoid false positives and false negatives, whereas
this is cannot be said for random effect selection under
the credible interval strategy.

Further, the classification results help clarify the
trade-off in choosing different values for the PIP. Using a
lower threshold, such as PIP = 0.5, results in better sen-
sitivity (i.e., detecting who is not average) at the cost of
lower specificity (detecting who is average). As the PIP
threshold increases (e.g., PIP = 0.75), this relationship
reverses. Although not included in our results above,
a similar relationship would be observed for the cred-
ible interval approach. Using a more narrow credible
interval would result in higher sensitivity, at the cost of
lower specificity, and vice versa for a wider interval. In
studying variable selection, Li and Lin (2010) found that
for a credible interval approach, a 50% CrI provided the
best balance between sensitivity and specificity. Though
such narrow intervals are not commonly used in psycho-
logical science, the Appendix contains the results from
Study 1 using 50% CrIs instead of a 90% CrIs, but they
do not shift the main conclusions from our results here.
Taken together, our results here suggest that a strategy
utilizing a spike-and-slab prior on the random effects is
preferable to one using a customary normal prior on the
random effects for detecting who is and is not “average”.

Study 2

We now tackle the issue of double shrinkage in the
random effects. Recall that the potential issue here is
that the random effects may be biased towards zero due
to shrinkage occurring both within the slab, as is typical

in an ordinary mixed-effects model, and in the spike. In
a customary random intercepts model with a normal
prior on the random effects, the amount of shrinkage
that occurs can be precisely determined through the so-
called shrinkage factor, ωj , which is given by

λj = τ2

τ2 + σ2/nj
(11)

ωj = 1 − λj . (12)

Notice here that λj is calculated just as the ICC with
the exception that the within-unit variance σ2 is di-
vided by nj . Thus, holding nj constant, larger ICCs
imply smaller shrinkage factors and vice versa. Further,
units with more observations will have smaller shrink-
age factors. When all j units have equal observations
(n1 = · · · = nj), then there is an equal amount of shrink-
age applied to all random effects (ω1 = · · · = ωj).

When a spike-and-slab prior is placed on the random
effects, determining the shrinkage involves an additional
consideration. For every MCMC iteration, each ran-
dom effect is either included (slab) or excluded (spike).
All else being equal, the slab portion of the prior has
the effect of subjecting more extreme random effects
to stronger shrinkage towards zero, and conversely, the
spike has the effect of subjecting random effects that
are relatively close to zero to more extreme shrinkage.
Dropping the notational dependence on the iteration in-
dex s, λj is calculated in each MCMC iteration as a
piecewise function of the form

λj =
{

0 if γj = 0
τ2

τ2+σ2/nj
if γj = 1

, (13)

where γj denotes whether the jth random effect is in-
cluded in the model. The final estimate for each λj can
be calculated as the average of (13) across all MCMC
iterations. Finally, the shrinkage factor can then be
computed as ωj = 1 − λj . Because the posterior inclu-
sion probability for the jth random effect is defined as
the proportion of MCMC iterations where γj = 1, then
keeping all else constant, using a spike-and-slab prior re-
sults in stronger shrinkage for estimates that have lower
posterior inclusion probabilities.

Once the shrinkage factors are in hand, the estimate
of each unit-specific intercept, αj , can be computed by

α̂j = ωj · ȳ. + (1 − ωj) · ȳj , (14)

where y. indicates the grand mean of the outcome and yj

denotes the unit-specific mean of y. A shrinkage factor
ωj of 1 indicates total shrinkage towards the grand mean
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Classification rates of random effects under normal and spike-and-slab priors. For the normal prior, a 90% CrI was
used to determine whether a random effect was “average” or not. For the spike-and-slab, two thresholds were used:
a PIP of 0.50 and PIP of 0.75. A) Sensitivity between the three methods. Sensitivity tended to one as nj increased
for all methods, but the spike-and-slab combined with a PIP of 0.5 generally had the best sensitivity. B) Specificity
between the three methods. Under the normal prior and 90% CrI, specificity was high with fewer nj, but decreased
to 0.9 as nj increased. The spike-and-slab with a PIP of 0.75 had specificity of 1 or near 1 across all conditions,
whereas using a PIP of 0.50 resulted in worse specificity. However, specificity still tended to 1 for the latter. This
is a benefit of using the spike-and-slab prior — it will converge on the “true” model as the sample size grows.

(α̂j = y.), and conversely, a shrinkage factor of zero in-
dicates no shrinkage towards the grand mean (α̂j = yj).
By comparing the estimated αj between mixed-effects
models with normal and spike-and-slab priors, in ad-
dition to the shrinkage factors they produce, we can
thoroughly investigate the impact of double shrinkage
on the resulting random effects. To accomplish this, we
followed the same set up as in Study 1. However, rather
than focusing on the classification rates, we recorded the
posterior estimates for the random intercept αj and the
shrinkage factors ωj .

Results

The average estimates for the αj are displayed in Fig-
ure 6. Columns differentiate between ICCs, rows differ-
entiate between nj , color differentiates between prior,
and shape differentiates between (non-)zero random ef-

fects. The dashed line denotes α = 1. As expected,
the estimated αj are subject to less shrinkage towards
α as the ICC increases, and similarly, as nj increases,
regardless of the prior. Further, for units where θj = 0,
the estimated αj were estimated to be near the fixed
effect α regardless of ICC, nj , or prior. On the other
hand, there were discrepancies in shrinkage between the
spike-and-slab and normal priors when considering ran-
dom effects that were set to either −1 or +1. For these
random effects, the spike-and-slab prior often resulted in
less shrinkage for the αj than the standard normal prior.
For example, when the ICC was set to 0.05 and nj = 25,
the estimates α̂j were approximately 0.75 and 1.75 un-
der the spike-and-slab prior. Meanwhile, the same esti-
mates were roughly 0.5 and 1.5 under the normal prior.
That is, the spike-and-slab prior allowed non-zero esti-
mates to be closer to their actual values (0 and 2, respec-
tively) than the normal prior. This result displays a nice
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property of the spike-and-slab in that the shrinkage is
adaptive; larger effects receive little shrinkage whereas
there is strong shrinkage for small effects (Rouder et al.,
2018).

In order to better understand the differences in
shrinkage between the priors, the average shrinkage fac-
tors ωj for each condition are displayed in Table 1. As
implied by the α̂j in Figure 6, the shrinkage factors de-
creased with increasing ICCs and nj regardless of the
prior that was used. Note, however, that the shrink-
age factor under the normal prior is constant in each
condition regardless of whether the random effect was
actually equal to zero or not. Because shrinkage un-
der the spike-and-slab prior is adaptive, the shrinkage
factors were larger when θj = 0 than when θj ̸= 0.
Relatedly, under the spike-and-slab prior, there was rel-
atively strong shrinkage for the random effects equal to
zero, regardless of ICC or nj , but for non-zero random
effects, the shrinkage dissipated with increasing ICC and
nj . Generally speaking, the spike-and-slab prior applied
more shrinkage to random effects that were truly zero
and less shrinkage for non-zero random effects, relative
to the normal prior.

Part of our results here are due to setting the prior
inclusion probability to 0.5 (see Equation 2). In prac-
tice, this is the most common choice because it expresses
equal priors odds for whether a given random effect
should be included or excluded from the model. Ev-
erything else held constant, increasing the prior inclu-
sion probability would have the effect of lessening the
shrinkage of the spike-and-slab, whereas decreasing it
would increase the shrinkage, relative to the shrinkage
observed in Figure 6 and Table 1. Researchers using a
spike-and-slab prior on the random effects should bear
this in mind when setting prior inclusion probabilities
in practice.

In summary, we observed that the double shrinkage
induced from the spike-and-slab did not bias the ran-
dom effects (in comparison to a standard mixed-effects
model) by applying too much shrinkage. Rather, in
many cases, the shrinkage applied by the spike-and-slab
prior was preferable in that it applied weak shrinkage
to non-zero effects and stronger shrinkage to truly zero
random effects.

Discussion

In this work, we provided a general spike-and-slab
formulation for random effect selection in mixed-effects
models. The empirical application evidenced the util-
ity of the proposed methodology for addressing individ-
ual differences in psychological science. Two simulation
studies were conducted that illustrated key properties
of the approach. Although spike-and-slab priors are

not new in psychology research, their advantages were
thought to be limited to exploratory variable selection
and big-data contexts, such as fMRI analysis (Rouder et
al., 2018). As we illustrated in this article, however, the
spike-and-slab is also valuable in the context of “small-
data” which is common in the social-behavioral sciences.
This novel contribution extends beyond psychology and
to the broader scientific literature.

In the empirical application, we performed posterior
predictive checks on the models for the cognitive tasks in
order to inspect their adequacy in capturing important
patterns in the data. While model checking is indeed
an important part of statistical modeling, an additional
motivation for performing the posterior predictive check
was to address the concern of whether the spike-and-
slab, “taken globally, [can] provide a good description
of the structure in the data” (Haaf & Rouder, 2017,
p. 794). As was shown in Figure 4, our formulation
did a good job of describing the experimental effects, or
mean differences between conditions. This ability of the
spike-and-slab was also observed in Study 2. Placing
the spike-and-slab prior on the random effects does not
necessarily compromise the model estimates.

Table 1

Average Shrinkage Factors (ωj)
Normal Spike-and-Slab

ICC nj θj = 0 θj ̸= 0 θj = 0 θj ̸= 0
0.05 5 0.80 0.80 0.84 0.76

10 0.65 0.65 0.74 0.51
25 0.40 0.40 0.68 0.21

0.15 5 0.45 0.45 0.70 0.48
10 0.28 0.28 0.68 0.25
25 0.13 0.13 0.72 0.07

0.20 5 0.29 0.29 0.68 0.43
10 0.17 0.17 0.69 0.23
25 0.07 0.07 0.74 0.05

Note. Larger values indicate more shrinkage of the
random effects towards zero. The shrinkage applied
by the normal prior is constant regardless of whether
θj = 0 or θj ̸= 0, but the shrinkage applied by the
spike-and-slab prior is adaptive.

The data we used in this paper came from experi-
ments in psycholinguistics and cognitive psychology. We
chose these data because: 1) they are typical representa-
tions of research that is done in the realm of individual
differences with an emphasis on mixed-effects methodol-
ogy and 2) data from cognitive tasks have been recently
used in the context of reliability research. Mixed-effects
models are routinely employed to analyze individual dif-
ferences in this context. Given the history of individual
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Figure 6

Estimates of the random intercepts αj for mixed-effects models under normal and spike-and-slab priors. The dashed
lined denotes α = 1. As expected, less shrinkage occurred as ICC and nj increased regardless of prior, but there
were differences in the amount of shrinkage. When the random effects were zero, the α̂j were highly similar between
the priors across all conditions, but there were pronounced differences in the estimates for non-zero random effects.
When θj ̸= 0, the spike-and-slab prior typically applied less shrinkage than the normal prior, such that estimates
were closer to their true values. This is especially noticeable with smaller ICCs.

differences in cognitive research, finding little individual
differences in these tasks is somewhat unexpected. This
perhaps points to the rather restrictive nature of the
standard approach for probing individual differences in
mixed-effects models. That is, if there is little between-
subject variability, then a researcher might conclude
that there are no individual differences. The spike-and-
slab approach, in turn, offers a more nuanced view as
it allows the differentiation between those who are and
are not “average”, even in low ICC settings. This was
clearly seen in Study 1, where the spike-and-slab prior
had good performance in detecting non-average units
even when the ICC was as low as 0.05, and in the em-
pirical application, where over a quarter of the experi-

mental effects for individuals did not conform with the
average experimental effect.

Future Directions

An oft-overlooked aspect of mixed-effects models is
that the residual variance (σ2) and between-subject vari-
ance (τ2) are considered to be constant across subjects.
This can result in an improper amount of shrinkage
(Hoff, 2009, Ch. 8), in essence, distorting the model es-
timates and their variability. This assumption can be re-
laxed so that the within- and between-subject variances
can be allowed to vary as a function of predictors. Such
models have been introduced to psychology under the
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name of mixed-effects location-scale models (Hedeker,
Mermelstein, & Demirtas, 2012; Rast & Ferrer, 2018;
Williams, Zimprich, & Rast, 2019). By allowing non-
constant variances, individual differences may be more
pronounced (Williams, Mulder, Rouder, & Rast, 2020).
Applying the spike-and-slab prior to the random effects
in these models remains an interesting direction for fu-
ture work because of the potential to tease apart indi-
vidual differences in even finer detail.

The methodology we discuss in this paper also has
promising potential in clinical fields. In this domain,
there has been increasing interest in idiographic meth-
ods, or methods focused on individuals (see for exam-
ple, the models described in Piccirillo & Rodebaugh,
2019). The motivation for their use is often to identify
individuals for whom a treatment may have different
levels of efficacy. The use of mixed-effects models (and
also mixed-effects location-scale models) in combination
with spike-and-slab prior may provide an interesting av-
enue of research in idiographic studies because informa-
tion is not lost by fitting separate models, but individ-
uals who deviate from an average treatment effect may
still be identified.

Summary

In this work, we discussed a general strategy to apply
the spike-and-slab prior to the random effects in mixed-
effects models for individual differences research. Im-
portantly, this method allows researchers to gain a more
nuanced view of individual differences than traditional
approaches. By going beyond the testing of variance
components to using the spike-and-slab for random ef-
fect selection, researchers can determine which individu-
als differ from an average effect. The methods discussed
in article have been implemented in the R package SS-
ranef.

Appendix
Supplementary Results to Study 1

Figure A1 displays the results from Study 1, but using
50% CrIs instead of 90% CrIs for the standard mixed-
effects model. As mentioned in the main text, random
effect selection with narrower intervals leads to higher
sensitivity in an exchange for lower specificity, and vice
versa for wider intervals. Because it has previously been
argued that a 50% CrI provides the best balance be-
tween sensitivity and specificity (Li & Lin, 2010), we
compared the performance of a 50% CrI strategy for
random effects selection to the spike-and-slab prior with
PIP cut-offs of 0.5 (SS0.5) and 0.75 (SS0.75). However,
the core conclusions from Study 1 did not change. In
terms of sensitivity, the SS0.5 model had the best sensi-
tivity for the lowest ICC condition (ICC = 0.05), but

now the CrI strategy had superior sensitivity as the
ICC increased. In terms of specificity, though, the 50%
CrI strategy performed worse than both spike-and-slab
models in all but one condition (when the ICC was set
to 0.05 and the observations-per-unit was set to 5). Im-
portantly, the key difference remains that the spike-and-
slab models are model selection consistent and will con-
verge on the “true” model with increasing sample size
while this does not hold for the credible interval strategy,
regardless of the width that is chosen.
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