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Abstract

Classification algorithms are frequently used on data with anatural hierarchical structure. For in-
stance, classifiers are often trained and tested on trial-wise measurements, separately for each sub-
ject within a group. One important question is how classification outcomes observed in individual
subjects can be generalized to the population from which thegroup was sampled. To address this
question, this paper introduces novel statistical models that are guided by three desiderata. First, all
models explicitly respect the hierarchical nature of the data, that is, they are mixed-effects models
that simultaneously account for within-subjects (fixed-effects) and across-subjects (random-effects)
variance components. Second, maximum-likelihood estimation is replaced by full Bayesian infer-
ence in order to enable natural regularization of the estimation problem and to afford conclusions
in terms of posterior probability statements. Third, inference on classification accuracy is com-
plemented by inference on the balanced accuracy, which avoids inflated accuracy estimates for
imbalanced data sets. We introduce hierarchical models that satisfy these criteria and demonstrate
their advantages over conventional methods using MCMC implementations for model inversion and
model selection on both synthetic and empirical data. We envisage that our approach will improve
the sensitivity and validity of statistical inference in future hierarchical classification studies.

Keywords: beta-binomial, normal-binomial, balanced accuracy, Bayesian inference, group stud-
ies

1. Introduction

Classification algorithms are frequently applied to data whose underlying structure is hierarchical.
One example is the domain of brain-machine interfaces, where classifiers are used to decode in-
tended actions from trial-wise measurements of neuronal activity in individual subjects (Sitaram
et al., 2008). Another example is spam detection, where a classifier is trained separately for each
user to predict content classes from high-dimensional document signatures (Cormack, 2008). A
third example is the field of neuroimaging, where classifiers are used to relatesubject-specific mul-
tivariate measures of brain activity to a particular cognitive or perceptualstate (Cox and Savoy,
2003). In all of these scenarios, the data have a two-level structure: they comprisen experimental
trials (or e-mails, or brain scans) collected from each member of a group ofmsubjects (or users, or
patients). For each subject, the classifier is trained and tested on separatepartitions of the trial-wise
data. This gives rise to a set of true labels and a set of predicted labels, separately for each subject
within the group. The typical question of interest for studies as those described above is: What
is the accuracy of the classifier in the general population from which the subjects were sampled?
This paper is concerned with such group-level inference on classification accuracy for hierarchically
structured data.

In contrast to a large literature on evaluating classification performance in non-hierarchical con-
texts (see Langford, 2005, for a review), relatively little attention has been devoted to evaluating
classification algorithms in hierarchical (i.e., group) settings (Goldstein, 2010; Olivetti et al., 2012).
Rather than treating classification outcomes obtained in different subjects assamples from the same
distribution, a hierarchical setting requires us to account for the fact that each subject itself has been
sampled from a heterogeneous population (Beckmann et al., 2003; Friston et al., 2005). Thus, any
approach to evaluating classification performance should account for two independent sources of un-
certainty:fixed-effectsvariance (i.e., within-subjects variability) that results from uncertainty about
the true classification accuracy in any given subject; andrandom-effects variance(i.e., between-
subjects variability) that results from the distribution of true accuracies in thepopulation from which
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subjects were drawn. Taking into account both types of uncertainty requiresmixed-effectsinference.
This is a central theme of the models discussed in this paper.

There are several commonly used approaches to performance evaluation in hierarchical classifi-
cation studies.1 One approach rests on thepooled sample accuracy, that is, the number of correctly
predicted trials divided by the number of trials in total, across all subjects. Statistical significance
can then be assessed using a simple binomial test that is based on the likelihoodof obtaining the
observed number of correct trials by chance (Langford, 2005). The second commonly used method
considers the sample accuracy obtained in each individual subject. The method then (explicitly or
implicitly) performs a one-tailedt-test across subjects to assess whether the true accuracy is greater
than expected by chance (e.g., Harrison and Tong, 2009; Krajbich et al., 2009; Knops et al., 2009;
Schurger et al., 2010).

Both of these commonly used methods suffer from limitations. First of all, they neglect the
hierarchical nature of the experiment. The first method represents a fixed-effects approach and
disregards variability across subjects. The second method considers random effects, but does not
explicitly model the uncertainty associated with subject-specific accuracies.Moreover, both meth-
ods use maximum-likelihood estimation which has a tendency to underestimate the variance of the
distribution and thus may show suboptimal predictive performance in relation tounseen data (i.e.,
overfitting; cf. Bishop, 2007, pp. 27–28, 147). Finally, both above methods assess performance
in terms ofaccuracy, which may lead to inflated estimates for imbalanced data sets and thus to
false conclusions about the significance with which the algorithm has performed better than chance
(Chawla et al., 2002; Japkowicz and Stephen, 2002; Akbani et al., 2004; Wood et al., 2007; Zhang
and Lee, 2008; Demirci et al., 2008; Brodersen et al., 2010a).

This paper introduces hierarchical models which implement full Bayesian mixed-effects analy-
ses of classification performance that can flexibly deal with different performance measures.2 These
models overcome the limitations of the ritualized approaches described above:First, the models in-
troduced here explicitly represent the hierarchical structure of the data, simultaneously accounting
for fixed-effects and random-effects variance components. Second, maximum-likelihood estima-
tion is replaced by a Bayesian framework which enables regularized estimation and model selection
with conclusions in terms of posterior probability statements (Gelman et al., 2003). Third, our ap-
proach permits inference on both the accuracy and the balanced accuracy, a performance measure
that avoids bias when working with imbalanced data sets (Brodersen et al., 2010a).

The paper is organized as follows. Section 2 describes both existing and novel models for infer-
ring the accuracy and balanced accuracy of classification algorithms in thecontext of hierarchical
data sets. Section 3 provides a set of illustrative applications of these models on both synthetic and
empirical data. Section 4 reviews the key characteristics of these models anddiscusses their role in
future classification studies.

2. Theory

In a hierarchical setting, a classifier predicts the class label of each ofn trials, separately for each
subject from a group. Here, we deal with the most common situation, that is, binary classification,

1. This paper focuses on parametric models for performance evaluation. Nonparametric methods are not considered in
detail here.

2. All models discussed in this paper have been implemented in MATLAB andcan be downloaded from:http://
mloss.org/software/view/407/.
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where class labels are taken from{−1,+1}, denoted as ‘positive’ and ‘negative’ trials. (The ex-
tension to a multiclass setting is described in the Discussion.) Typically, the algorithm is trained
and tested on separate partitions of the data, resulting ink ∈ {0. . .n} correct andn− k incorrect
predictions. This procedure is repeated for each subjectj within a group of sizem.

This setting raises three principal questions. First, what is the classificationaccuracy at the
group level? This is addressed by inference on the mean classification accuracy in the population
from which subjects were drawn. Second, what is the classification accuracy in each individual
subject? Addressing this question by considering each subject in turn is possible but potentially
wasteful, since within-subject inference may benefit from across-subject inference (Efron and Mor-
ris, 1971). Third, which of several classification algorithms is best? This question can be answered
by estimating how well an algorithm’s classification performance generalizes tonew data. In par-
ticular, we wish to predict how well a trial-wise classifier will perform ‘out of sample’, that is, on
trials from an unseen subject drawn from the same population as the one underlying the presently
studied group.

This section considers different models for answering these questions.To keep the paper self-
contained, we begin by briefly reviewing the well-known beta-binomial model(Pearson, 1925;
Skellam, 1948; Lee and Sabavala, 1987). This introduces most of the concepts we require for
subsequently introducing two new models designed to support hierarchical Bayesian inference: the
twofold beta-binomial model and the bivariate normal-binomial model.

2.1 Inference on the Accuracy Using the Beta-Binomial Model

A classification algorithm, applied ton trials from a single subject, produces a sequence of classifi-
cation outcomesy1, . . . ,yn which are either correct (1) or incorrect (0). Analyses of these outcomes
are typically based on the assumption that, on any given trial independently,the classifier makes a
correct prediction with probability 0≤ π ≤ 1, and an incorrect one with probability 1−π. Thus,
conditional onπ, outcomes are given as a series of independent and identically distributed(i.i.d.)
Bernoulli trials,

p(yi | π) = Bern(yi | π) = πyi (1−π)1−yi ∀i = 1. . .n.

The i.i.d. assumption derives from the assumption that the observations in the test set are i.i.d.
themselves. This assumption is not always made in the context of cross-validation, but is easily
justified when the data are only split once, without any cross-validation (cf. Discussion).

2.1.1 THE BETA-BINOMIAL MODEL

The i.i.d. assumption about individual classification outcomes allows us to summarize a sequence of
outcomes in terms of the number of correctly predicted trials,k, and the total number of test trials,n.
Thus, classification outcomes are converted into a random variablek= ∑n

i=1yi which represents the
number of successes overn trials. Since the sum of several Bernoulli variables follows a binomial
distribution, the number of successes is given by:

p(k | π,n) = Bin(k | π,n) =
(

n
k

)

πk(1−π)n−k (1)

In this setting, Bayesian inference differs from classical maximum-likelihoodestimation in that it
assesses the plausibility of all possible values ofπ before and after observing actual data, rather than
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Figure 1: Models for inference on classification accuracies. This illustration shows graphical repre-
sentations of different models for classical and Bayesian inference on classification accu-
racies, as discussed in Sections 2.1 and 2.2. Blank circles correspond tolatent variables,
filled circles represent observed data.

viewing π as a fixed parameter which is to be estimated. (Note thatn depends on the experimental
design and is not subject to inference.) It is precisely this problem that formed the basis of the first
Bayesian analyses published by Bayes and Price (1763) and Laplace (1774). A natural choice for
the prior distributionp(π) is the Beta distribution,

p(π | α0,β0) = Beta(π | α0,β0) =
Γ(α0+β0)

Γ(α0)Γ(β0)
πα0−1(1−π)β0−1, (2)

whereα0,β0 > 0 are hyperparameters, and the Gamma functionΓ(·) is required for normalization.
Multiplying (1) with (2) gives rise to an overdispersed form of the binomial distribution known as
the beta-binomial model (Figure 1; Pearson, 1925; Skellam, 1948; Lee and Sabavala, 1987).

In the absence of prior knowledge aboutπ, we use anoninformativeprior by settingα0 =
β0 = 1, which turns the Beta distribution into a uniform distribution over the[0,1] interval. The
hyperparametersα0 andβ0 can be interpreted as virtual prior counts ofα0−1 correct andβ0−1
incorrect trials. Thus, a uniform prior corresponds to zero virtual prior observations of either kind.3

Because the Beta prior in (2) is aconjugateprior for the binomial likelihood in (1), the posterior
distributionp(π | k) has the same functional form as the prior,

p(π | k) = Beta(π | αn,βn), (3)

with updated observation countsαn = α0+k andβn = β0+n−k.
In our context, classification is carried out separately for each subjectwithin a group, hence the

available data arek j out ofn j correct predictions for each subjectj = 1. . .m. One might be tempted
to concatenate these data, form group summariesk = ∑m

j=1k j and n = ∑m
j=1n j , and proceed to

inference onπ. However, this would treatπ as a fixed effect in the population and disregard how the
data were generated. For example, when there are many heterogeneoussubjects with few trials each
and a single subject with many trials, the data from this single subject would unduly dominate the

3. For a discussion of alternative priors, see Gustafsson et al. (2010).
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inference at the group level. Put differently, concatenation falsely assumes zero between-subjects
variability.

This limitation is resolved by explicitly modelling both within-subjects (fixed-effects) and
between-subjects (random-effects) variance components in a hierarchical model comprising two
levels. At the level of individual subjects, for each subjectj, the number of correctly classified trials
k j can be modelled as

p(k j | π j ,n j) = Bin(k j | π j ,n j) =

(

n j

k j

)

πk j
j (1−π j)

n j−k j , (4)

wheren j is the total number of trials in subjectj, andπ j represents the fixed but unknown accuracy
that the classification algorithm achieves on that subject. (Note that our notation will suppress
n j unless this introduces ambiguity.) At the group level, the model must account for variability
across subjects. This is achieved by modelling subject-wise accuracies asdrawn from a population
distribution described by a Beta density,

p(π j | α,β) = Beta(π j | α,β) =
Γ(α+β)
Γ(α)Γ(β)

πα−1
j (1−π j)

β−1, (5)

such thatα andβ characterize the population as a whole. This step is formally identical with the
Beta prior placed on the accuracy in (2) which represents uncertainty about π before observing the
outcomek. Equation (5) states that uncertainty about any particular subject is bestquantified by our
knowledge about variability in the population, that is, the distribution ofπ j over subjects (which, as
described below, can be learnt from the data). Formally, a particular subject’s π j is drawn from a
population characterized byα andβ: subject-specific accuracies are assumed to be i.i.d., conditional
on the population parametersα andβ.

To describe our uncertainty about the population parameters, we use a diffuse prior onα and
β which ensures that the posterior will be dominated by the data. One option would be to assign
uniform densities to both the prior expected accuracyα/(α+β) and the prior virtual sample size
α+β, using logistic and logarithmic transformations to put each on a(−∞,∞) scale; but this prior
would lead to an improper posterior density (Gelman et al., 2003). An alternative is to put a uniform
density on the prior expected accuracyα/(α+ β) and the inverse root of the virtual sample size
(α+β)−1/2 (Gelman et al., 2003). This combination corresponds to the prior

p̃(α,β) ∝ (α+β)−5/2 (6)

on the natural scale. However, although this prior leads to a proper posterior density, it is improper
itself (as indicated by the tilde) and thus prevents computation of the model evidence, that is, the
marginal likelihood of the data given the model, which will later become important for model com-
parison. We resolve this limitation by using a proper (i.e., integrable and normalized) variant,

p(α,β) =
3
4
(α+β+1)−5/2 (7)

which represents a special case of the generalization of (6) proposedby Everson and Bradlow
(2002). This prior can be rewritten in an unnormalized, reparameterized form as

p̃

(

ln

(

α
β

)

, ln(α+β)
)

= αβ(α+β+1)−5/2,
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which will be useful in the context of model inversion (Gelman et al., 2003). Two equivalent graph-
ical representations of this model (using the formalism of Bayesian networks; Jensen and Nielsen,
2007) are shown in Figures 1a and 1b.

2.1.2 MODEL INVERSION

Inverting the beta-binomial model allows us to infer on (i) the posterior population mean accuracy,
(ii) the subject-specific posterior accuracies, and (iii) the posterior predictive accuracy. We propose
a numerical procedure for model inversion which is described in detail in Appendix A. Below, we
restrict ourselves to a brief conceptual summary.

First, to obtain the posterior density over the population parametersα andβ we need to evaluate

p(α,β | k1:m) =
p(k1:m | α,β) p(α,β)∫∫

p(k1:m | α,β) p(α,β)dαdβ
(8)

with k1:m := (k1,k2, . . . ,km). Under i.i.d. assumptions about subject-specific accuraciesπ j we obtain
the likelihood function

p(k1:m | α,β) =
m

∏
j=1

∫
p(k j | π j) p(π j | α,β) dπ j (9)

=
m

∏
j=1

Bb(k j | α,β),

where Bb(·) denotes the beta-binomial distribution. Since the integral on the right-hand side of (8)
cannot be evaluated in closed form, we resort to a Markov chain Monte Carlo (MCMC) procedure.
Specifically, we use a Metropolis algorithm (Metropolis and Ulam, 1949; Metropolis et al., 1953) to
sample from the variables at the top level of the model and obtain a set{(α̂(τ), β̂(τ))} for τ = 1. . .c.
This set allows us to obtain samples from the posterior population mean accuracy,

p

(

α
α+β

∣

∣

∣

∣

k1:m

)

.

We can use these samples in various ways, for example, to obtain a point estimate of the population
mean accuracy using the posterior mean,

1
c

c

∑
τ=1

α̂(τ)

α̂(τ)+ β̂(τ)
.

We could also numerically evaluate the posterior probability that the mean classification accuracy
in the population does not exceed chance,

p= Pr

(

α
α+β

≤ 0.5

∣

∣

∣

∣

k1:m

)

which can be viewed as a Bayesian analogue of a classicalp-value. We shall refer to this quantity as
the (posterior)infraliminal probabilityof the classifier. It lives on the same[0,1] scale as a classical
p-value, but has a much more intuitive (and less error-prone) interpretation: rather than denoting
the probability of observing the data (or more extreme data) under the ‘null hypothesis’ of a chance
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classifier (classicalp-value), the infraliminal probability represents the (posterior) probability that
the classifier operates at or below chance. We will revisit this aspect in theDiscussion.

Finally, we could compute the posterior probability that the mean accuracy in one population is
greater than in another,

p= Pr

(

α(1)

α(1)+β(1)
>

α(2)

(α(2)+β(2))

∣

∣

∣

∣

∣

k1:m(1) ,k1:m(2)

)

.

The second question of interest concerns the classification accuraciesin individual subjects. Specif-
ically, we wish to infer onp(π j | k1:m) to characterize our posterior uncertainty about the true clas-
sification accuracy in subjectj. Given a pair of samples(α(τ),β(τ)), we can obtain samples from
subject-specific posteriors simply by drawing from

Beta
(

π(τ)
j

∣

∣

∣
α(τ)+k j , β(τ)+n j −k j

)

.

Because samples forα and β are influenced by datak1 . . .km from the entire group, so are the
samples forπ j . In other words, each subject’s individual posterior accuracy is informed by what we
have learned about the group as a whole, an effect known asshrinking to the population. It ensures
that each subject’s posterior mean lies between its sample accuracy and the group mean. Subjects
with fewer trials will exert a smaller effect on the group and shrink more, while subjects with more
trials will have a larger influence on the group and shrink less.

The third question of interest is how one classifier compares to another. Toaddress this, we must
assess how well the observed performance generalizes across subjects. In this case, we are typically
less interested in the average effect in the group but more in the effect that a new subject from the
same population would display, as this estimate takes into account both the population mean and
the population variance. The expected performance is expressed by theposterior predictive density,

p(π̃ | k1:m),

in which π̃ denotes the classification accuracy in a new subject drawn from the same population as
the existing group of subjects with latent accuraciesπ1, . . . ,πm (cf. Figure 1b).4 Samples for this
density can easily be obtained using the samplesα(τ) andβ(τ) from the posterior population mean.5

The computational complexity of a full Bayesian approach can be diminished by resorting to an
empirical Bayes approximation (Deely and Lindley, 1981). This approach, however, is not without
criticism (Robert, 2007). Here, we will keep our treatment fully Bayesian.

2.2 Inference on the Balanced Accuracy Using the Twofold Beta-Binomial Model

A well-known phenomenon in binary classification is that a training set consisting of different num-
bers of representatives from either class may result in a classifier that isbiased towards the majority
class. When applied to a test set that is similarly imbalanced, this classifier yieldsan optimistic ac-
curacy estimate. In an extreme case, the classifier might assign every singletest case to the majority

4. The term ‘posterior predictive density’ is sometimes exclusively usedfor densities over variables that are unobserved
but are observable in principle. Here, we use the term to refer to the posterior density of any unobserved variable,
whether observable in principle (such ask̃) or not (such as̃π).

5. If data were indeed obtained from a new subject (represented in terms of k̃ correct predictions in ˜n trials), then
p(π̃ | k1:m,n1:m) would be used as a prior to compute the posteriorp(π̃ | k̃, ñ,k1:m,n1:m).
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class, thereby achieving an accuracy equal to the proportion of test cases belonging to the majority
class.

In previous literature (Chawla et al., 2002; Japkowicz and Stephen, 2002; Akbani et al., 2004;
Wood et al., 2007; Zhang and Lee, 2008; Demirci et al., 2008; Brodersen et al., 2010a), this has moti-
vated, amongst other strategies, the use of a different performance measure: thebalanced accuracy,
defined as the arithmetic mean of sensitivity and specificity, or the average accuracy obtained on
either class,

φ =
1
2

(

π++π−) . (10)

whereπ+ andπ− denote classification accuracies on positive and negative trials, respectively. If
the classifier performs equally well on either class, this term reduces to the conventional accuracy
(i.e., the number of correct predictions divided by the total number of predictions). In contrast, if
the conventional accuracy is above chanceonly because the classifier takes advantage of an imbal-
anced test set, then the balanced accuracy, as appropriate, will drop tochance. We can evaluate the
balanced accuracy in a hierarchical setting by extending the beta-binomialmodel, as described next.

2.2.1 THE TWOFOLD BETA-BINOMIAL MODEL

One way of inferring on the balanced accuracy is to duplicate the beta-binomial model and apply
it separately to the two classes (Figure 2a). In other words, we considerthe number of correctly
predicted positive trialsk+ and the number of correctly predicted negative trialsk−, and express our
uncertainty aboutφ (10) before and after observingk+ andk−. In a single-subject setting, as in (2),
we can place separate noninformative Beta priors onπ+ andπ−,

p(π+ | α+
0 ,β

+
0 ) = Beta(π+ | α+

0 ,β
+
0 ),

p(π− | α−
0 ,β

−
0 ) = Beta(π− | α−

0 ,β
−
0 ), (11)

whereα+
0 = β+

0 = α−
0 = β−

0 = 1. Inference on class-specific accuraciesπ+ andπ− could be done
in exactly the same way as discussed in the previous section. Here, however, we are primarily
interested in the posterior density of the balanced accuracy,

p(φ | k+,k−) = p

(

1
2
(π++π−)

∣

∣

∣

∣

k+,k−
)

.

The balanced accuracy is thus a new random variable defined via two existing random variables
from our model,π+ andπ−. Even in a single-subject setting, a closed form for its posterior dis-
tribution is not available, and so we must resort to a numerical approximation (Brodersen et al.,
2010a). For this, we first note that the distribution of the sum of the two class-specific accuracies,
s := π++π−, is the convolution of the distributions forπ+ andπ−,

p
(

s | α+
n ,β

+
n ,α

−
n ,β

−
n

)

=
∫ s

0
pπ+(s−z | α+

n ,β
+
n ) pπ−(z | α−

n ,β
−
n ) dz,

where the subscripts of the posterior distributionspπ+(·) andpπ−(·) serve to remove ambiguity. We
can now obtain the posterior distribution of the balanced accuracy by replacing the sum of class-
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(a) Beta-binomial model 
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(b) Bivariate normal-binomial model 

Figure 2: Models for inference on balanced classification accuracies.This figure shows two mod-
els for Bayesian mixed-effects inference on the balanced accuracy, as discussed in Sec-
tions 2.2 and 2.3. The models are based upon different assumptions and parameterizations
and can be compared by Bayesian model comparison.

specific accuracies by their arithmetic mean,

p(φ | α+
n ,β

+
n ,α

−
n ,β

−
n ) =

∫ 2φ

0
pπ+(2φ−z | α+

n ,β
+
n ) pπ−(z | α−

n ,β
−
n ) dz

=
∫ 2φ

0
Beta(2φ−z | α+

n ,β
+
n ) Beta(z | α−

n ,β
−
n ) dz.

This expression can be approximated by a simple one-dimensional grid integration over the[0,1]
interval. In the same way, we can obtain approximations to the posterior mean, the posterior mode,
or a posterior probability interval.

In a group setting, one can expand the above model in precisely the same way as for the simpler
case of the classification accuracy in Section 2.1. Specifically, we define diffuse priors on the class-
specific population parametersα+ andβ+ as well asα− andβ−, in analogy to (7). A graphical
representation of this model is shown in Figure 2a.

2.2.2 MODEL INVERSION

Given that the twofold beta-binomial model consists of two independent instances of the simple
beta-binomial model considered in Section 2.1 (Figure 1b), statistical inference follows the same
approach as described previously (see Section 3.3 for an application).For instance, we can obtain
the posterior population parameters,p(α+,β+ | k+1:m) andp(α−,β− | k−1:m) using the same sampling
procedure as summarized in Section 2.1, except that we are now applying the procedure twice. The
two sets of samples can then be averaged in a pairwise fashion to obtain samples from the posterior
mean balanced accuracy in the population,

p
(

φ | k+1:m,k
−
1:m

)

,
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where we have defined

φ :=
1
2

(

α+

α++β+
+

α−

α−+β−

)

.

Similarly, we can average pairs of posterior samples fromπ+
j andπ−

j to obtain samples from the
posterior densities of subject-specific balanced accuracies,

p
(

φ j
∣

∣ k+1:m,k
−
1:m

)

.

Using the same idea, we can obtain samples from the posterior predictive density of the balanced
accuracy that can be expected in a new subject from the same population,

p
(

φ̃
∣

∣ k+1:m,k
−
1:m

)

.

2.3 Inference on the Balanced Accuracy Using the Bivariate Normal-Binomial Model

In the previous section, we saw that the twofold beta-binomial model enablesmixed-effects in-
ference on the balanced accuracy. However, it may not always be optimal to treat accuracies on
positive and negative trials separately (cf. Leonard, 1972). That is,if π+ andπ− were related in
some way, the model should reflect this. For example, one could imagine a group study in which
some subjects exhibit a more favourable signal-to-noise ratio than others, leading to well-separated
classes. In this case, an unbiased classifier yields high accuracies on either class in some subjects
and lower accuracies in others, inducing a positive correlation between class-specific accuracies.
On the other hand, within each subject, any classification algorithm faces a trade-off between per-
forming better on one class at the expense of the other class. Thus, any variability in setting this
threshold leads to negatively correlated class-specific accuracies, anargument that is formally re-
lated to receiver-operating characteristics. Moreover, if the degree of class imbalance in the data
varies between subjects, classifiers might be biased in different ways, again leading to negatively
correlated accuracies.

In summary,π+ andπ− may not always be independent. We therefore turn to an alternative
model for mixed-effects inference on the balanced accuracy that embraces potential dependencies
between class-specific accuracies (Figure 2b).

2.3.1 THE BIVARIATE NORMAL-BINOMIAL MODEL

The bivariate normal-binomial model no longer assumes thatπ+ andπ− are drawn from separate
populations. Instead, we use a bivariate population density whose covariance structure defines the
form and extent of the dependency betweenπ+ andπ−.

For this combined prior, we use a bivariate normal density. Because this density has infinite
support, we do not define it on the accuracies themselves but on their log odds. In this way, each
subjectj is associated with a two-dimensional vector of class-specific accuracies,

ρ j =

(ρ+
j

ρ−
j

)

=

(σ−1(π+
j )

σ−1(π−
j )

)

∈ R
2,
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Figure 3: Distributions of class-specific accuracies in the bivariate normal-binomial model. In the
bivariate normal-binomial model (Section 2.3), class-specific accuraciesare assumed to
follow a bivariate logit-normal distribution. This figure illustrates the flexibility ofthis
distribution. Specifically, (a) the standard parameterization is compared to a distribution
with (b) an increased accuracy on one class but not the other, (c) an increased population
heterogeneity, and (d) a correlation between class-specific accuracies. The x- and y-axis
represent the accuracies on positive and negative trials, respectively.

whereσ−1(π) := lnπ− ln(1− π) represents the logit (or inverse-logistic) transform. Conversely,
class-specific accuracies can be recovered using

π j =

(π+
j

π−
j

)

=

(σ(ρ+
j )

σ(ρ−
j )

)

∈ [0,1]2,

whereσ(ρ) := 1/(1+exp(−ρ)) denotes the sigmoid (or logistic) transform. Thus, we can replace
the two independent Beta distributions forπ+ andπ− in (11) by a single bivariate Gaussian prior,

p(ρ j | µ,Σ) =N 2(ρ j | µ,Σ), (12)

in which µ ∈ R
2 represents the population mean andΣ ∈ R

2×2 encodes the covariance structure
between accuracies on positive and negative trials. The resulting densityon π ∈ R

2 is a bivariate
logit-normal distribution (Figure 3).

In analogy with the prior placed onα andβ in Section 2.1, we now specify a prior for the pop-
ulation parametersµ andΣ. Specifically, we seek a diffuse prior that induces a weakly informative
bivariate distribution over[0,1]× [0,1]. We begin by considering the family of conjugate priors for
(µ,Σ), that is, the bivariate normal-inverse-Wishart distribution,

p(µ,Σ | µ0,κ0,Λ0,ν0)

∝ |Σ|−(
ν0
2 +2) exp

(

−1
2

tr(Λ0Σ−1)− κ0

2
(µ−µ0)

TΣ−1(µ−µ0)

)

.

In this distribution, the population hyperparametersΛ0 and ν0 specify the scale matrix and the
degrees of freedom, while the parametersµ0 andκ0 represent the prior mean and the number of prior
measurements on theΣ scale, respectively (Gelman et al., 2003). A more convenient representation
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can be obtained by factorizing the density into

p(Σ | Λ0,ν0) = Inv-Wishartν0(Σ | Λ−1
0 ) and

p(µ | Σ,µ0,κ0) =N 2(µ | µ0,Σ/κ0).

In order to illustrate the flexibility offered by the bivariate normal density onρ, we derivep(π |
µ,Σ) in closed form (Appendix B) and then compute the bivariate density on a two-dimensional grid
(Figure 3).

For the purpose of specifying a prior, we seek hyperparametersµ0, κ0, Λ0, andν0 that induce a
diffuse bivariate distribution overπ. This can be achieved using

µ0 = (0,0)T, κ0 = 1, Λ0 =

(

1 0
0 1

)−1

, ν0 = 5.

2.3.2 MODEL INVERSION

In contrast to the twofold beta-binomial model discussed in the previous section, the bivariate
normal-binomial model makes it difficult to sample from the posterior densities over model pa-
rameters using a Metropolis implementation. In order to sample fromp(µ,Σ | k+1:m,k

−
1:m), we would

have to evaluate the likelihoodp(k+1:m,k
−
1:m | µ,Σ); this would require us to integrate outπ+ andπ−,

which is difficult.
A simpler strategy is to design a Gibbs sampler (Geman and Geman, 1984) to drawfrom the

joint posteriorp(ρ1:m,µ,Σ | k+1:m,k
−
1:m), from which we can derive samples for the conditional poste-

riors p(ρ1:m | k+1:m,k
−
1:m) andp(µ,Σ | k+1:m,k

−
1:m). In contrast to a Metropolis scheme, Gibbs sampling

requires only full conditionals, that is, distributions of one latent variable conditioned on all other
variables in the model (Gelfand and Smith, 1990). Whenever a full conditional is not available,
we can sample from it using a Metropolis step. Thus, we combine a Gibbs skeleton with inter-
leaved Metropolis steps to sample from the posteriorp(ρ1:m,µ,Σ | k+1:m,k

−
1:m). See Section 3.3 for an

application.
First, population parameter estimates can be obtained by sampling from the posterior density

p(µ,Σ | k+1:m,k
−
1:m) using a Metropolis-Hastings approach. Second, subject-specific accuracies are

estimated by first sampling fromp(ρ j | k+1:m,k
−
1:m) and then applying a sigmoid transform to obtain

samples from the posterior density over subject-specific balanced accuracies,p(φ j | k+1:m,k
−
1:m). Fi-

nally, the predictive densityp(φ̃ | k+1:m,k
−
1:m) can be obtained using an ancestral-sampling step on

the basis ofµ(τ) andΣ(τ) followed by a sigmoid transform. As before, we use the obtained samples
in all three cases to compute approximate posterior probability intervals or Bayesianp-values. A
detailed description of this algorithm can be found in Appendix C.

2.4 Bayesian Model Selection

While the twofold beta-binomial model assumes independent class-specific accuracies, the bivariate
normal-binomial model relaxes this assumption and allows for correlations between accuracies.
This raises two questions. First, given a particular data set, which model is best at explaining
observed classification outcomes? And second, can we combine the two models to obtain posterior
inferences that integrate out uncertainty about which model is best? Both questions can be answered
using the marginal likelihood, or model evidence, that is, the probability of thedata given the model,
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after integrating out the parameters:

p(k+1:m,k
−
1:m | M) =

∫
p(k+1:m,k

−
1:m | θ) p(θ | M) dθ

Here,θ serves as a placeholder for all model parameters andp(θ |M) represents its prior distribution
under a given modelM. Under a flat prior over models, Bayes’ theorem indicates that the model
with the highest evidence has the highest posterior probability given the data:

p(M | k+1:m,k
−
1:m) ∝ p(k+1:m,k

−
1:m | M)

In practice, the model evidence is usually replaced by the log model evidence, which is monotoni-
cally related but numerically advantageous.

Concerning the first model described in this section, the twofold beta-binomial modelMbb, the
log model evidence is given by

ln p(k+1:m,k
−
1:m | Mbb)

= ln
∫

p(k+1:m | π+
1:m) p(π+

1:m) dπ+
1:m+ ln

∫
p(k−1:m | π−

1:m) p(π−
1:m) dπ−

1:m (13)

= ln

〈

m

∏
j=1

p(k+j | π+
j )

〉

π+
1:m

+ ln

〈

m

∏
j=1

p(k−j | π−
j )

〉

π−
1:m

(14)

where we have omitted the conditional dependence onMbb in (13) and (14).6 The expression can
be approximated by

≈ ln
1
c

c

∑
τ=1

m

∏
j=1

Bin
(

k+j

∣

∣

∣
π+(τ)

j

)

+ ln
1
c

c

∑
τ=1

m

∏
j=1

Bin
(

k−j

∣

∣

∣
π−(τ)

j

)

,

where π+(τ)
j and π−(τ)

j represent independent samples from the prior distribution over subject-
specific accuracies. They can be obtained using ancestral sampling, starting from the prior over
α andβ, as given in (7).

In the case of the bivariate normal-binomial modelMnb, the model evidence no longer sums
over model partitions as in (13), and so the approximation is derived differently,

ln p(k+1:m,k
−
1:m | Mnb)

= ln
∫

p
(

k+1:m,k
−
1:m

∣

∣ ρ1:m
)

p(ρ1:m | Mnb) dρ1:m (15)

≈ ln
1
c

c

∑
τ=1

m

∏
j=1

Bin
(

k+j

∣

∣

∣
σ
(

ρ(τ,1)
j

))

Bin
(

k−j

∣

∣

∣
σ
(

ρ(τ,2)
j

))

, (16)

for which we provide additional details in Appendix C (24). Having computedthe model evidences,
one can proceed to Bayesian model selection (BMS) by evaluating the log Bayes factor,

lnBFbb,nb = ln p(k+1:m,k
−
1:m | Mbb)− ln p(k+1:m,k

−
1:m | Mnb), (17)

6. One could also express the model evidence in terms of an expectation with respect top(α,β | Mbb).
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representing the evidence in favour of the beta-binomial over the normal-binomial model. By con-
vention, a log Bayes factor greater than 3 is considered strong evidencein favour of one model over
another, whereas a log Bayes factor greater than 5 is referred to as very strong evidence (Kass and
Raftery, 1995). The best model can then be used for posterior inferences on the mean accuracy in
the population or the predictive accuracy in a new subject from the new population.

The second option to make use of the model evidences of competing models is Bayesian model
averaging (Cooper and Herskovits, 1992; Madigan and Raftery, 1994; Madigan et al., 1996). Under
this view, we do not commit to a particular model but average the predictions made by all of them,
weighted by their respective posteriors. In this way, we obtain a mixture expression for the posterior
of the mean accuracy in the population,

p
(

φ
∣

∣ k+1:m,k
−
1:m

)

= ∑
M

p
(

φ
∣

∣ k+1:m,k
−
1:m,M

)

p
(

M
∣

∣ k+1:m,k
−
1:m

)

.

Similarly, we can obtain the posterior predictive distribution of the balanced accuracy in a new
subject from the same population,

p
(

φ̃
∣

∣ k+1:m,k
−
1:m

)

= ∑
M

p
(

φ̃
∣

∣ k+1:m,k
−
1:m,M

)

p
(

M
∣

∣ k+1:m,k
−
1:m

)

.

The computational complexity of the above stochastic approximations is considerable, and so
it can sometimes be useful to resort to a deterministic approximation instead, such as variational
Bayes (see Discussion). While we do not consider this approach in detailhere, it does provide a
helpful perspective on interpreting the model evidence. Specifically, themodel evidence can be
approximated by a variational lower bound, the negative free-energyF . In the case of the beta-
binomial model for instance, this quantity can be written as

F = 〈ln p(k1:m | α,β,π1:m)〉q−KL [q(α,β,π1:m) ‖ p(α,β,π1:m)] .

The first term is the log-likelihood of the data expected under the approximateposteriorq(α,β,π1:m);
it represents the goodness of fit (or accuracy) of the model. The second term is the Kullback-Leibler
divergence between the approximate posterior and the prior; it represents the complexity of the
model. This complexity term increases with the number of parameters, their inverse prior covari-
ances, and with the deviation of the posterior from the prior that is necessary to fit the data. Thus, the
free-energy approximation shows that the model evidence incorporatesa trade-off between explain-
ing the observed data (i.e., goodness of fit) and remaining consistent with our prior (i.e., simplicity
or negative complexity). In other words, the model evidence encodes how well a model strikes
the balance between explaining the data and remaining simple (Pitt and Myung, 2002; Beal, 2003;
Stephan et al., 2009).

Classical approaches differ from the Bayesian framework presentedabove in several ways. For
a comparison between classical and Bayesian inference, see AppendixD.

3. Applications

This section illustrates the practical utility of the Bayesian models discussed in theprevious sec-
tion and compares them to inference obtained through classical (frequentist) statistics. We begin
by simulating classification outcomes to highlight the key features of Bayesian mixed-effects infer-
ence (Sections 3.1 and 3.2). We then contrast inference on accuracieswith inference on balanced
accuracies (Section 3.3). Finally, we illustrate the application of our approach to synthetic data
(Section 3.4) as well as empirical data obtained from an imaging experiment (Section 3.5).
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3.1 Inference on the Population Mean and the Predictive Accuracy

In a first experiment, we simulated classification outcomes for a group of 20 subjects with 100 trials
each. Outcomes were generated using the beta-binomial model with a population mean of 0.75 and
a population variance of 0.02 (i.e.,α ≈ 6.28 andβ ≈ 2.09, corresponding to a population standard
deviation of 0.141; Figure 4).

Raw data, that is, the number of correct predictions within each subject, are shown in Figure 4a.
Their empirical sample accuracies are shown in Figure 4b, along with the ground-truth density of the
population accuracy. Inverting the beta-binomial model, using the MCMC procedure of Section 2.1
(Figure 4c), and examining the posterior distribution over the population meanaccuracy showed
that more than 99.9% of its mass was above 50%, in agreement with the fact thatthe true population
mean was above chance (Figure 4d).

We also used this simulation to illustrate the differences between a Bayesian mixed-effects cen-
tral 95% posterior probability interval, a fixed-effects probability interval,and a random-effects
confidence interval (Figure 4e). All three schemes arrive at the same conclusion with respect to
the population mean being above chance. However, while the random-effects interval (red) is very
similar to the proposed mixed-effects interval (black), the fixed-effects interval (yellow) displays
too small a variance as it disregards the important between-subjects variability.

We finally considered the predictive posterior distribution over the accuracy that would be ob-
served if we were to acquire data from a new subject (Figure 4f). This posterior did not allow for the
conclusion that, with a probability larger than 0.95, the accuracy in a new subject would be above
chance. This result is driven by the large heterogeneity in the population,inducing a dispersed pre-
dictive density. Importantly, the dispersion of the predictive density would not vanish even in the
limit of an infinite number of subjects. This is in contrast to the dispersion of the posterior over the
population mean, which becomes more and more precise with an increasing amount of data.

Inference was based on 100 000 samples, generated using 8 parallel chains. We used several
standard approaches to convergence evaluation. In particular, we considered trace plots for visual
inspection of mixing behaviour and convergence to the target distributions.In addition, we moni-
tored the average ratio of within-chain variance to between-chain variance, which was bigger than
0.995. In other words, the variances of samples within and between chainswere practically indistin-
guishable. The Metropolis rejection rate was 0.475, thus ensuring an appropriate balance between
exploration (of regions with a lower density) and exploitation (of regions witha higher density). Fi-
nally, we assessed the uncertainty inherent in MCMC-based quantities such as log Bayes factors by
computing standard deviations across repetitions, which led us to use 105 or 106 samples for each
computation (see Section 3.3). All subsequent applications were based onthe same algorithmic
settings.

In frequentist inference, a common way of representing the statistical properties of a test is to es-
timate the probability of rejecting the null hypothesis at a fixed threshold (e.g., 0.05) under different
regimes of ground truth, which leads to the concept ofpower curves. Here, we adopted this fre-
quentist perspective to illustrate the properties of Bayesian mixed-effectsinference on classification
performance (Figure 5).

Specifying a true population mean of 0.5 and variance of 0.001 (standard deviation 0.0316), we
generated classification outcomes, in the same way as above, for a synthetic group of 20 subjects
with 100 trials each. Inverting the beta-binomial model, we inferred whether the population mean
was above chance by requiring more than 95% of the posterior probability mass of the population
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Figure 4: Inference on the population mean and the predictive accuracy. (a) Classification outcomes
were generated for 20 subjects using the beta-binomial model. Each subject is fully char-
acterized by the number of correctly classified trials (black) out of a given set of 100
trials (grey). (b) Empirical sample accuracies (blue) and their underlyingpopulation dis-
tribution (green). (c) Inverting the beta-binomial model yields samples fromthe posterior
distribution over the population parameters, visualized using a nonparametric(bivariate
Gaussian kernel) density estimate (contour lines). (d) The posterior about the population
mean accuracy, plotted using a kernel density estimator (black), is sharplypeaked around
the true population mean (green). The upper 95% of the probability mass areshaded
(grey). Because the lower bound of the shaded area is greater than 0.5, the population
mean can be concluded to be above chance. (e) While the central 95% posterior inter-
val (black) and the classical 95% confidence interval (red) look similar,the two intervals
are conceptually very different. The fixed-effects interval (orange)is overly optimistic as
it disregards between-subjects variability. (f) The posterior predictivedistribution over
π̃ represents the posterior belief of the accuracy expected in a new subject (black). Its
dispersion reflects irreducible population heterogeneity.

mean to be greater than 0.5, that is, by requiring an infraliminal probability of less than 5%. We
repeated this process 1 000 times and counted how many times the population mean was deemed
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Figure 5: Inference on the population mean under varying population heterogeneity. The figure
shows Bayesian estimates of the frequentist probability of above-chanceclassification
performance, as a function of the true population mean, separately for three different level
of population heterogeneity (a,b,c). Each data point is based on 1 000 simulations, each of
which used 10 000 samples from every subject-specific posterior to make adecision. The
figure shows that, in this setting, frequentist inference based ont-tests (red) agrees with
Bayesian inference based on the beta-binomial model (black). By contrast, a fixed-effects
approach (orange) offers invalid population inference as it disregards between-subjects
variability; at a true population mean of 0.5, the hypothesis of chance-levelperformance
is rejected more frequently than prescribed by the test size. Each data point is plotted in
terms of the fraction of above-chance conclusions and a 95% central posterior interval,
based on a Beta model with a flat prior. Points are joined by a sigmoidal function that
was constrained to start at 0 and end at 1, with two remaining degrees of freedom. Where
the true population mean exceeds 0.5, the graphs reflect the empirical sensitivity of the
inference scheme. Its empirical specificity corresponds to the vertical distance between
the graphs and 1 at the point where the population mean is 0.5. Insets show the distribu-
tion of the true underlying population accuracy (green) for a population mean accuracy
of 0.75.

greater than chance. We then varied the true population mean and plotted the fraction of decisions
for an above-chance classifier as a function of population mean (Figure5a). At a population mean
of 0.5, the vertical distance between the data points and 1 represents the empirical specificity of the
test (which was designed to be 1−α = 0.95). At population means above 0.5, the data points show
the empirical sensitivity of the test, which grows rapidly with increasing population mean. In this
setting, the inferences that one would obtain by a frequentistt-test (red) are in excellent agreement
with those afforded by the proposed beta-binomial model (black). Since the population variance was
chosen to be very low in this initial simulation, the inferences afforded by a fixed-effects analysis
(yellow) prove very similar as well; but this changes drastically when increasing the population
variance to more realistic levels, as described below.

One important issue in empirical studies is the heterogeneity of the population. We studied
the effects of population variance by repeating the above simulations with different variances (Fig-
ures 5b,c). As expected, an increase in population variance reduced statistical sensitivity. For
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Figure 6: Inadequate inferences provided by fixed-effects and random-effects models. (a) The sim-
ulation underlying this figure represents the case of a small heteroscedastic group with
varying numbers of trials across subjects. Classification outcomes were generated in the
same way as in the simulation underlying Figure 5a. (b) The (mixed-effects) posterior
density of the population mean (black) provides a good estimate of ground truth (green).
(c) A central 95% posterior probability interval, based on the density shown in (b), com-
fortably includes ground truth. By contrast, a fixed-effects interval (orange) is overop-
timistic as it disregards between-subjects variability. The corresponding random-effects
confidence interval (red) is similar to the mixed-effects interval but lacks asymmetry, thus
inappropriately including accuracies above 100% (red dashed line).

example, given a fairly homogeneous population with a true population mean accuracy of 60% and
a variance of 0.001 (standard deviation 0.0316; Figure 5a), we can expect to correctly infer above-
chance performance in more than 99.99% of all cases. By contrast, given a more heterogeneous
population with a variance of 0.05 (standard deviation≈ 0.22), the fraction of correct conclusions
drops to 61%; in all other cases we would fail to recognize that the classifier was performing better
than chance.

The above simulations show that a fixed-effects analysis (yellow) becomesan invalid procedure
to infer on the population mean when the population variance is non-negligible.In more than the
prescribed 5% of simulations with a true population mean of 0.5, the procedureconcluded that
the population mean was above chance. This is because a fixed-effects analysis yields too small
variances on the population mean and therefore too easily makes above-chance conclusions.

All above simulations were based on a group of 20 subjects with 100 trials each. This emulated
a setting as it frequently occurs in practice, for example, in neuroimaging dataanalyses. We re-
peated the same analysis as above on a sample data set from a second simulation setting (Figure 6).
This setting was designed to represent the example of a small heterogeneous group with varying
numbers of trials across subjects. Specifically, we generated data for 8 subjects, half of which had
20 trials, and half of which had only 5 trials. Classification outcomes were generated using the beta-
binomial model with a population mean of 0.85 and a population variance of 0.02 (corresponding
to a population standard deviation of 0.14; Figure 6a).

The example shows that the proposed beta-binomial model yields a posteriordensity with the
necessary asymmetry; it comfortably includes the true population mean (Figure 6b). By contrast,
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the fixed-effects probability interval (based on a Beta density) is overly optimistic. Finally, the
random-effects confidence interval is similar to the mixed-effects interval but lacks the necessary
asymmetry, including accuracies above 100% (Figure 6c).

3.2 Inference on Subject-Specific Accuracies

In the Bayesian models of this paper, classification accuracies of individual subjects are represented
by a set of latent variablesπ1, . . . ,πm. A consequence of hierarchical Bayesian inference is that
such subject-specific variables are informed by data from the entire group. Effectively, they are
shrunkto the group mean, where the amount of shrinkage depends on the subject-specific posterior
uncertainty.

To illustrate this, we generated synthetic classification outcomes and computed subject-specific
posterior inferences (Figure 7). This simulation was based on 45 subjectsoverall; 40 subjects were
characterized by a relatively moderate number of trials (n = 20) while 5 subjects had even fewer
trials (n= 5). The population accuracy had a mean of 0.8 and a variance of 0.01 (standard deviation
0.1). Using this data set, we computed subject-specific central 95% posterior probability intervals
and sorted them in ascending order by subject-specific sample accuracy(Figure 7a). The plot shows
that, in each subject, the posterior mode (black) represents a compromise between the observed
sample accuracy (blue) and the population mean (0.8). This compromise in turnprovides a better
estimate of ground truth (green) than sample accuracies by themselves. Thiseffect demonstrates a
key difference between the two quantities: subject-specific posteriors are informed by data from the
entire group, whereas sample accuracies are based on the data from anindividual subject.

Another way of demonstrating the shrinkage effect is by illustrating the transition from ground
truth to sample accuracies (with its increase in dispersion) and from sample accuracies to posterior
means (with its decrease in dispersion). This shows how the high variability in sample accuracies
is reduced, informed by what has been learned about the population (Figure 7b). Notably, because
the amount of shrinking depends on each subject’s posterior uncertainty, the shrinking effect may
modify the order of subjects, as indicated by crossing lines. Here, subjects with only 5 trials were
shrunk more than subjects with 20 trials.

In a next step, we examined power curves, systematically changing the truepopulation accu-
racy and repeating the above simulation 1 000 times (Figure 7c). Within a givensimulation, we
concluded that a subject-specific accuracy was above chance if more than 95% of its posterior
probability mass was above 0.5. We binned subjects across all simulations into groups of similar
accuracies and plotted the fraction of above-chance decisions againstthese true accuracies, contrast-
ing the Bayesian model with a conventionalt-test. As shown in Figure 7c,t-tests falsely detected
above-chance subject-specific accuracies in about 5% of the cases,in agreement with the intended
test size. By contrast, our Bayesian scheme was considerably more sensitive and detected above-
chance accuracy in subjects whose true accuracy was within a small bin around 0.5. This reflected
the fact that the Bayesian procedure incorporated what had been learned about the population when
deciding on individual subjects. That is, a population mean well above chance (here: 0.8) made it
more likely that individual subjects performed above chance as well, evenin the presence of a low
sample accuracy.

In addition to enabling decisions that take into account information about the group, the poste-
rior distributions of subject-specific accuracies also yield more precise point estimates. To illustrate
this, we simulated 1 000 data sets in the same way as above. Within each simulation, we compared
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Figure 7: Inference on subject-specific accuracies. (a) Classification outcomes were generated for
a synthetic heterogeneous group of 45 subjects (40 subjects with 20 trials each, 5 subjects
with 5 trials each). All data were generated using the beta-binomial model (population
mean 0.8, standard deviation 0.1). The figure shows subject-specific posterior means
and central 95% posterior probability intervals (black), sample accuracies (blue if based
on 20 trials, red if based on 5 trials), and true subject-specific accuracies (green) as a
function of subject index, sorted in ascending order by sample accuracy. Whenever a
subject’s sample accuracy is very low or very high in relation to the remaining group, the
Bayesian posterior interval is shrunk to the population. (b) Another way of visualizing
the shrinking effect is to contrast the increase in dispersion (as we move from ground
truth to sample accuracies) with the decrease in dispersion (as we move fromsample ac-
curacies to posterior means) enforced by the hierarchical model. Shrinking changes the
order of subjects (when sorted by posterior mean as opposed to by sampleaccuracy) as
the amount of shrinking depends on the subject-specific (first-level) posterior uncertainty.
Subjects with just 5 trials (red) are shrunk more than subjects with 20 trials (blue). (c)
Based on 1 000 simulations, the plot shows the fraction of simulations in which a sub-
ject’s accuracy was concluded to be above chance, based on a Bayesian posterior interval
(black) or a frequentistt-test (red). In contrast to classical inference, the Bayesian pro-
cedure incorporates a desirable shift towards the population in making decisions about
individual group members. (d) Across the same 1 000 simulations, a Bayes estimator,
based on the posterior means of subject-specific accuracies (black), was superior to both
a classical ML estimator (blue) and a James-Stein estimator (red).

three different ways of obtaining an estimator for each subject’s accuracy: (i) a Bayes estimator
(posterior mean of the subject-specific accuracy); (ii) a maximum-likelihood estimator (sample ac-
curacy); and (iii) a James-Stein estimator, with a similar shrinkage effect as the Bayes estimator
but less explicit distributional assumptions (Figure 7d). For each estimator,we computed the mean
squared error (or risk) across all subjects, averaged across all simulations. We then repeated this
process for different population means. We found that the James-Stein estimator outperformed the
ML estimator for low accuracies. However, both estimators were dominated by(i.e., inferior to) the
Bayes estimator which provided the lowest risk throughout.

It is important to keep in mind that the above simulations are based on synthetic classification
outcomes which fulfil the assumptions of the normal-binomial model by design, inparticular the
assumption of logit-normally distributed subject-specific accuracies and the assumption of condi-
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tional independence given the population parameters. For empirical data,these assumptions may
not always hold and so posterior inferences, including the shrinkage effect, may be suboptimal.
This highlights the importance of model checking when using the models presented in this paper in
practical applications.

3.3 Inference on the Balanced Accuracy

The balanced accuracy is a more useful performance measure than the accuracy, especially when a
classifier was trained on an imbalanced test set and may thus exhibit bias. Inorder to illustrate the
relative utility of these two measures in our Bayesian models, we simulated an imbalanced data set,
composed of 20 subjects with 100 trials each, where each subject had between 70 and 90 positive
trials (drawn from a uniform distribution) and between 10 and 30 negativetrials.

An initial simulation specified a high population accuracy on the positive class and a low accu-
racy on the negative class, with equal variance in both (Figure 8a,b). These accuracies were chosen
such that the classifier would perform at chance on a hypothetical balanced sample. This allowed
us to mimic the commonly observed situation in which a classifier takes advantage ofthe imbalance
in the data and preferably predicts the majority class. We independently inverted three competing
models: (i) the beta-binomial model to infer on the classification accuracy; and the (ii) twofold
beta-binomial and (iii) bivariate normal-binomial models to infer on the balancedaccuracy. As ex-
pected, the beta-binomial model falsely suggested high evidence for above-chance classification. In
contrast, the twofold beta-binomial and normal-binomial models correctly indicated the absence of
a statistical relation between data and class labels (Figure 8c).

These characteristics were confirmed across a large set of simulations. As expected, inference on
the accuracy falsely concluded above-chance performance, especially in the presence of a significant
degree of class imbalance. By contrast, inference on the balanced accuracy did not incorrectly reject
the hypothesis of the classifier operating at the level of chance more oftenthan prescribed by the
test size (Figure 8d).

We compared the two models for inference on the balanced accuracy by means of Bayesian
model comparison. Using 106 samples with Equation (17), we obtained a log Bayes factor of 33.2
in favour of the twofold beta-binomial model (i.e., under a flat prior over models, the posterior be-
lief in the beta-binomial model is greater than 99.99%). This result represents very strong evidence
(Kass and Raftery, 1995) that the beta-binomial model provided a better explanation of the synthetic
classification outcomes than the normal-binomial model. This finding is plausible since no correla-
tion structure among class-specific accuracies was imposed in the simulation; thus, in this case, the
beta-binomial model is a better model than the more complex normal-binomial model.

To assess the sampling-induced uncertainty about this result, we repeatedthe computation of the
log Bayes factor 100 times. We obtained a sample standard deviation of 8.0, that is, the uncertainty
was small in relation to the overall strength of evidence. By comparison, when using only 103

samples instead of 106, the standard deviation increased to 25.5. We used 106 samples for all
subsequent analyses.

We repeated the main analysis above 1 000 times and plotted the fraction of above-chance con-
clusions against the degree of class imbalance. Note that the resulting curve is not a power curve in
the traditional sense, as its independent variable is not the true (balanced) accuracy but the accuracy
on positive trials, that is, an indicator of the degree of class imbalance. Figure 8d shows that the
simple beta-binomial model provides progressively misleading conclusions withclass imbalance at
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Figure 8: Inference on the balanced accuracy. (a) The simulation underlying this figure mimics an
imbalanced data set which has led the classification algorithm to acquire a bias infavour
of the majority class. The plot shows, for each subject, the number of correctly classified
positive (green) and negative (red) trials, as well as the respective total number of trials
(grey). (b) Visualizing sample accuracies separately for the two classesgives rise to a
two-dimensional plot, in which the true positive rate on the y-axis and the true negative
rate on the x-axis represent the accuracies on positive and negative trials, respectively.
The underlying true population distribution is represented by a bivariate Gaussian kernel
density estimate (contour lines). The plot shows that the population accuracy is high on
positive trials and low on negative trials. (c) Central 95% posterior probability intervals
based on three models: the simple beta-binomial model for inference on the population
accuracy; and the twofold beta-binomial model as well as the bivariate normal-binomial
model for inference on the balanced accuracy. The true mean balancedaccuracy in the
population is at chance (green). It is accurately estimated by models inferring on the bal-
anced accuracy (red, blue). Bayesian model selection yielded very strong evidence (Kass
and Raftery, 1995) in favour of the normal-binomial model (posterior model probability
= 97.7%). (d) Probability of falsely detecting above-chance performance, using different
inference schemes. The true balanced accuracy is 0.5. The x-axis represents the degree
of class imbalance.

the group level (cf. Figure 5). In contrast, both schemes for inference on the balanced accuracy
made above-chance conclusions in less than 5% of the simulations, as intended by their test size.

All models considered in this paper are based on diffuse priors designedin such a way that
posterior inferences are clearly dominated by the data. However, one might ask to what extent such
inferences depend on the exact form of the prior. To examine this dependence, we carried out a
sensitivity analysis in which we considered the infraliminal probability of the posterior population
mean as a function of prior moments (Figure 9). We found that inferences were extremely robust, in
the sense that the influence of the prior moments on the resulting posterior densities was negligible in
relation to the variance resulting from the fact that we are using a (stochastic) approximate inference
method for model inversion. In particular, varying the constant (originally: 1) in Equation (7)
for the beta-binomial prior left the infraliminal probability of the posterior accuracy unaffected
(Figure 9a,b). Similarly, varyingµ0, κ0, or ν0 in the normal-binomial model had practically no
influence on the infraliminal probability of the posterior balanced accuracy(Figure 9c,d,e).
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Figure 9: Sensitivity analysis. This figure illustrates the dependence of posterior inferences on the
exact form of the priors proposed in this paper. Each graph shows theinfraliminal prob-
ability of the population mean accuracy (i.e., the posterior probability mass below0.5)
as a function of a particular parameter of the prior distribution used for model inversion.
(a,b) Same data sets as shown those shown in Figures 4a and 6a, but with a slightly
lower population mean of 0.7. Inferences on the population accuracy arebased on the
beta-binomial model. (c,d,e) Same data set as shown in Figure 8a. Inferences on the
population balanced accuracy are based on the bivariate normal-binomialmodel.

3.4 Application to Synthetic Data

All experiments described so far were based on classification outcomes sampled from the beta-
binomial or normal-binomial model. This ensured, by construction, that the distributional assump-
tions underlying the models were fulfilled. To illustrate the generic applicability ofour approach
when its assumptions are not satisfied by construction, we applied models formixed-effects infer-
ence to classification outcomes obtained on synthetic data features for a group of 20 subjects with
100 trials each (Figure 10). In addition to probing the models’ robustness with regard to distribu-
tional assumptions, this allows one to examine what correlations between class-specific accuracies
may be observed in practice.

Synthetic data were generated using a two-level sampling approach that reflected the hierar-
chical nature of group studies. We specified a population distribution, sampled subject-specific
means and variances from it, and then used these to generate trial-specificfeature vectors. In a
first simulation (Figure 10, top row), we generated 50 positive trials and 50negative trials for each
individual subject j by drawing one-dimensional feature vectors from two normal distributions,
N (xi j | µ+j ,σ j) andN (xi j | µ−j ,σ j), respectively. The moments of these subject-specific distribu-

tions, in turn, were drawn from a population distribution, usingN (µ+j | 1
2,

1
2) andµ−j = −µ+j for

the means, and Ga−1(σ j | 10, 1
10) for the variance. The normal distribution and the inverse Gamma

distribution are conjugate priors for the mean and variance of a univariatenormal distribution and,
thus, represent natural choices for the population distribution.

To obtain classification outcomes, separately for each subject, we trained and tested a linear
support vector machine (SVM), as implemented by Chang and Lin (2011), using 5-fold cross-
validation. Classification outcomes are shown in Figure 10a, in which the numbers of correctly
classified trials are illustrated separately for the two classes and for each subject. The same data are
represented in terms of sample accuracies in Figure 10b (blue dots). To illustrate ground truth, we
repeated the above procedure (of generating synthetic data and applying an SVM) 1 000 times and
added a contour plot of the resulting distribution of sample accuracies in the same figure. This dis-
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Figure 10: Application to synthetic data. (a) Classification outcomes obtained by applying a lin-
ear support vector machine to synthetic data, using 5-fold cross-validation. (b) Sample
accuracies on positive (TPR) and negative classes (TNR) show the positive correlation
between class-specific accuracies (blue). The underlying population distribution is rep-
resented by a bivariate Gaussian kernel density estimate (contour lines).(c) Central 95%
posterior probability intervals, resulting from inversion of the beta-binomialmodel for
inference on the population mean accuracy as well as the twofold beta-binomial model
(bb) and the bivariate normal-binomial model (nb) for inference on the population mean
balanced accuracy (all black). A frequentist 95% confidence interval (red) is shown for
comparison. Bayesian model selection yielded very strong evidence (Kass and Raftery,
1995) in favour of the normal-binomial model (posterior model probability = 99.99%).
(d) A second simulation was based on a synthetic heterogeneous group withvarying
numbers of trials. (e) In this case, the classifier acquires a strong bias in favour of the
majority class. (f) As a result, inference on the accuracy is misleading; the balanced
accuracy is a much better performance indicator, whether based on the beta-binomial
(bb) or normal-binomial model (nb).

tribution was symmetric with regard to class-specific accuracies while these accuracies themselves
were strongly positively correlated, as one would expect from a linear classifier tested on perfectly
balanced data sets.
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We applied all three models discussed in this paper for inference: the beta-binomial model for
inference on the accuracy (Section 2.1), and the twofold beta-binomial and normal-binomial model
for inference on the balanced accuracy (Sections 2.2 and 2.3). Central 95% posterior probability
intervals about the population mean are shown in Figure 10c, along with a frequentist confidence
interval of the population mean accuracy. All four approaches provided precise intervals around
the true population mean. Comparing the two competing models for inference on the balanced
accuracy, we obtained a log Bayes factor of 22.1 in favour of the twofoldbeta-binomial model
(posterior model probability> 99.99%; standard deviation of log Bayes factor across computations
≈ 5.1), representing very strong evidence (Kass and Raftery, 1995) that this model provided a better
explanation of the data (i.e., a better balance between fit and complexity) than the bivariate normal-
binomial model. This finding makes sense in light of the posterior covariance matrix of the normal-
binomial model (cf. Figure 2b). Its off-diagonal elements (accounting for the potential dependency
between class-specific accuracies) did not only have a very small mean (Σ12 = Σ21 = 0.19); they
were also associated with considerable posterior uncertainty (95% credible interval[−0.01,0.44]).
In other words, the small additional fit provided by the off-diagonal elements was outweighed by
the additional model complexity incurred.

We repeated the above analysis with a subtle but important modification: insteadof using per-
fectly balanced data (50 positive and 50 negative trials), we created imbalanced synthetic data using
70 positive and 30 negative trials per subject. All other details of the analysis remained unchanged
(Figure 10, bottom row). We observed that, as expected, the class imbalance caused the classifier to
acquire a bias in favour of the majority class. This can be seen from the rawclassification outcomes
in which many more positive trials (green) than negative trials (red) were classified correctly, rela-
tive to their respective prevalence in the data (grey; Figure 10d). The bias is reflected accordingly by
the estimated bivariate density of class-specific classification accuracies,in which the majority class
consistently performs well whereas the accuracy on the minority class varies strongly (Figure 10e).
In this setting, we found that both the twofold beta-binomial model and the normal-binomial model
provided excellent estimates of the true balanced accuracy (Figure 10f;log Bayes factor in favour
of the beta-binomial model: 47.3; standard deviation 11.3). In stark contrast, using the single beta-
binomial model or a conventional mean of sample accuracies to infer on the population accuracy
(as opposed to balanced accuracy) resulted in estimates that were overlyoptimistic and therefore
misleading.

3.5 Application to Empirical Data

In order to illustrate the practical application of the approaches discussedin this paper, we analysed
a neuroimaging data set, obtained by functional magnetic resonance imaging (fMRI). In neuroimag-
ing, classifiers are often used as part of decoding models designed to infer a perceptual or cognitive
state from brain activity, typically on a trial-by-trial basis, but across a group of subjects. The inter-
pretation of the ensuing results critically relies on the validity of the models used for inference on
classification performance.

Here, we analysed data from an fMRI experiment involving 16 volunteersdesigned to study the
cognitive processes underlying decision making. During the experiment, subjects had to choose, on
each trial, between two alternative options. Choices were indicated by buttonpress (left/right index
finger). Over the course of the experiment, subjects learned, by trial and error, the reward probabil-
ities of these two options. Details on experimental design, data acquisition, andpreprocessing can
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Figure 11: Application to empirical data. (a) Classification outcomes obtained by applying a linear
SVM to trial-wise fMRI data from a decision-making task. (b) Replotting classification
outcomes in terms of sample accuracies on positive (TPR) and negative trials(TNR)
reveals the positive correlation between class-specific accuracies. (c) In this data set,
when inferring on the balanced accuracy, the bivariate normal-binomial model has a
higher evidence (marginal likelihood) than the twofold beta-binomial model. Inverting
the former model, which captures potential dependencies between class-specific accura-
cies, yields a posterior distribution over the population mean balanced accuracy (black)
which shows that the classifier is performing above chance. (d) The samemodel can be
used to obtain subject-specific posterior inferences. The plot contrastssample accuracies
(blue) with central 95% posterior probability intervals (black), which avoidoverfitting
by shrinking to the population mean.

be found elsewhere (Behrens et al., 2007). Here, we predicted fromthe fMRI data, on a trial-by-
trial basis, which option had been chosen. Because choices were indicated by button presses, we
expected highly discriminative activity in the primary motor cortex.

Separately for each subject, a general linear model (Friston et al., 1995)was used to create a set
of parameter images representing trial-specific estimates of evoked brain activity in each volume
element. These images were used for subsequent classification. We trained a linear support vector
machine (SVM) using 5-fold cross-validation. Comparing predicted to actual choices resulted in
120 classification outcomes for each of the 16 subjects. These data were used for inference on the
classification accuracy using the beta-binomial model (Figure 11).

As can be seen from raw classification outcomes, class-specific accuracies seemed to be posi-
tively correlated (Figures 11a,b), in a similar way as for the synthetic data considered above. Thus,
we used both the twofold beta-binomial model and the bivariate normal-binomialmodel for infer-
ence. Bayesian model comparison yielded a log Bayes factor of 12.5 in favour of the beta-binomial
model (standard deviation across computations≈ 4.69), suggesting that the additional complexity
of the normal-binomial model may not have balanced its higher flexibility in explaining the correla-
tions between class-specific accuracies. Using the beta-binomial model for inference on the popula-
tion mean balanced accuracy, we obtained very strong evidence (infraliminal probabilityp< 0.001)
that the classifier was operating above chance (Figure 11c).

Inference on subject-specific accuracies yielded fairly precise posterior intervals (Figure 11d).
The shrinkage effect in these subject-specific accuracies was rathersmall: the average absolute
difference between sample accuracies and posterior means amounted to 1.39 percentage points.
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Even the biggest observed shift among all subjects was no more than 3.05 percentage points (from
a sample accuracy of 99.2% down to a posterior mean of 96.2%). This minor impact of shrinkage is
expected given the relatively small number of subjects (16) and the relatively large number of trials
per subject (120).

4. Discussion

Canonical classification algorithms are frequently used on multilevel or hierarchically structured
data sets, where a classifier is trained and tested for each subject within a group. This paper showed
how the evaluation of classification performance in this setting may benefit from mixed-effects
models that explicitly capture the hierarchical structure of the data. We organize the following
discussion around the three principal features of this approach.

4.1 Replacing Fixed-Effects by Mixed-Effects Models

The primary contribution of this paper is the introduction and analysis of several models for Bayesian
mixed-effects inference for group-level classification studies. To capture the two key sources of
variation in hierarchical data sets, we simultaneously account for fixed-effects (within-subjects)
and random-effects (across-subjects) variance components. This idea departs from previous mod-
els which are widely used for classification studies but ignore within- or between-subjects vari-
ability. Fixed-effects models make inappropriate assumptions and yield overconfident inference.
Conversely, random-effects models treat subject-specific sample accuracies as observed, rather than
inferred, and thus omit uncertainty associated with such sample accuracies.

The mixed-effects models considered in this paper ensure that known dependencies between
inferences on subject-specific accuracies are accommodated within an internally consistent repre-
sentation of the data. Specifically, the posterior distribution of the accuracyof one subject is par-
tially influenced by the data from all other subjects, correctly weighted by their respective posterior
precisions (see Section 3.2). Thus, the available group data are exploitedto constrain individual
inference appropriately. Non-hierarchical models, by contrast, risk being under-parameterized or
over-parameterized. For example, pooling classification outcomes acrosssubjects and modelling
them as being drawn from a single distribution corresponds to an under-parameterized model whose
single parameter (i.e., the latent accuracy) is insufficient to explain any population variability. Con-
versely, replicating the single-subject model in Equations (1)–(3) for each subject leads to an over-
parameterized model with 2n parameters that is likely to overfit the data and generalize poorly.
Hierarchical models overcome this problem in a natural way: they regularize the inversion problem
by incorporating the structural dependencies that are assumed to govern the observed data.

An important aspect to keep in mind is that shrinkage is a posterior inference, and as such is
conditional on the model. A corollary of this is that shrinkage is suboptimal when the hierarchical
model structure represents an unreasonable assumption. This highlights the importance of model
checking as an integral part of statistical inference. In particular, researchers applying the models
proposed in this paper are advised to check whether the hierarchical structure of the models can be
defended on substantive grounds. For example, in an experiment where each subject was either as-
signed to a treatment group or a control group, it may no longer be justified totreat their accuracies
as conditionally independent and identically distributed given a single vectorof population parame-
ters; instead, it might be more appropriate to analyse the two subgroups separately (or augment the
present models by a third level).
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In those situations where a hierarchical structure is justified, we are not aware of alternatives
that are superior to shrinkage. One possibility is to useno poolingof information across sub-
jects, leading to a set of isolated subject-specific sample accuracies. Another possibility iscomplete
pooling, leading to a single group mean accuracy. Between these two extremes lie the weighted esti-
mates provided by a hierarchical model. Its shrinkage effect ensures that information from different
sources is weighted correctly and incorporated into the posterior density of each model parameter.

Shrinkage is not a consequence of the Bayesian perspective adoptedin this paper. It is a funda-
mental aspect of statistical dependencies in hierarchical structures which has been known for more
than a century, dating back to work as early as Galton’s law of ‘regression towards mediocrity’
(Galton, 1886). It is perfectly possible to obtain shrinkage through classical inference where it has
undergone considerable scrutiny; one of the best-known examples is theJames-Stein estimator (Ap-
pendix E) whose beneficial effect on estimation precision has long been recognized in frequentist
statistics. For early contributions to the extensive literature on shrinkage effects, see Stein (1956),
James and Stein (1961), and Efron and Morris (1971, 1972). For typical applications in other fields
of science, see the many examples described by Gelman et al. (2003).

The hierarchical models presented in this paper are motivated by two-leveldesigns that distin-
guish between inference at the subject level and inference at the group level. However, it should be
noted that these models can easily be extended to accommodate multi-level studies. For example,
in order to model classification performance in different task conditions orin different sessions,
one could introduce separate latent accuraciesπa

j ,πb
j , . . ., all of which are drawn from a common

subject-specific accuracyπ j . In this way, one would explicitly model task- or session-specific accu-
racies to be conditionally independent from one another given an overall subject-specific effectπ j ,
and conditionally independent from other subjects given the population parameters. This example
shows that additional relationships between portions of the acquired data can be naturally expressed
in a hierarchical model to appropriately constrain inferences.

Mixed-effects models are not only useful whenevaluatinga classifier but also whendesigning
it. For instance, Schelldorfer et al. (2011) proposed a linear mixed-effects model for classification
that accounts for different sources of variation in the data. The model has been shown to improve
classification performance in the domain of brain-computing interfaces (Fazli et al., 2011).

4.2 Replacing Frequentist by Bayesian Inference

The second feature of our approach is to provide Bayesian alternatives to the frequentist procedures
that have been dominating classification group studies so far. Although these two schools share
commonalities, there are primarily deep conceptual differences. Frequentist approaches consider
the distribution of an estimator as a function of the unknown true parameter value and view proba-
bilities as long-term frequencies; estimation yields point estimates and confidence intervals, while
inference takes the form of statements on the probability of estimator values under a ‘null hypothe-
sis.’ Bayesian methods, by contrast, consider the subjective belief about the parameter, before and
after having observed actual data, drawing on probability theory to optimallyquantify inferential
uncertainty.

An additional aspect of Bayesian approaches is that one can evaluate different models by com-
paring their respective model evidences. This corresponds to inference about model structure as
defined by the model’s priors. For example, in Section 2.4 we showed how alternativea priori as-
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sumptions about the population covariance of class-specific accuraciescan be evaluated, relative to
the priors of the models, using Bayesian model selection.

Bayesian inference in hierarchical models is typically analytically intractable,which is why
we resort to approximate inference, for example by using stochastic approximation schemes based
on MCMC methods. While computationally less efficient than deterministic approximations (e.g.,
variational Bayes, VB), these are easy to implement, avoid additional distributional assumptions,
and are asymptotically exact. This paper exclusively relied on MCMC for model inversion. In
future work, we will also provide VB algorithms for inverting models of the sort presented in this
paper (see below).

It is worth noting that classical inference does not necessarily have to assume the form currently
prevalent in the evaluation of hierarchical classification studies. For example, as noted by one
of our reviewers, thet-test that is presently used by the large majority of classification analyses
could be replaced by a classical mixed-effects model. This would require two things. Firstly,
the definition of a decision statistic, for example, the fraction of correctly classified trials, pooled
across subjects, or more simply, a hierarchical model such as the beta-binomial model, but estimated
using maximum-likelihood estimation (for an example using logistic regression, seeDixon, 2008).
Secondly, an inference scheme: under the null hypothesis that the classifiers perform at chance, the
number of correctly/incorrectly classified trials can be swapped across subjects; this would provide
a permutation mechanism to test the significance of the decision statistic.

An advantage of the above frequentist scheme would be that it no longer requires an assumption
common to all other approaches considered in this paper: the assumption thattrial-wise classifica-
tion outcomesyi are conditionally independent and identically distributed (i.i.d.) given a subject-
specific accuracyπ. This is typically justified by assuming that, in a classification analysis, test
observations are i.i.d. themselves, conditional on the parameters of the latentprocess that generated
the data. The situation is less clear in a cross-validation setting, where, strictlyspeaking, classifi-
cation outcomes are no longer independent of one another (Kohavi, 1995; Wickenberg-Bolin et al.,
2006; Gustafsson et al., 2010). Because violations of i.i.d. assumptions lead to conservative in-
ference when controlling false positive rates, the i.i.d. assumption has generally not been a major
concern in the literature; however, it remains a relevant topic, and further research into the ensuing
statistical bias and its adequate correction is required. In the present paper, we used 5-fold cross-
validation. If trial-by-trial dependence is an issue, then one possibility is to resort to a single-split
(or hold-out) scheme, by training on one half of the data, and testing on the other (see Breiman and
Spector, 1992, for details).

4.3 Replacing the Accuracy by the Balanced Accuracy

The third feature of our approach is its flexibility with regard to performancemeasures. While
it is common to compare algorithms with regard to their accuracy, the limitations of this metric
are well-known. For example, when a classifier is tested on an imbalanced data set, the accuracy
may be inflated and lead to false conclusions about the classifier’s performance. There are different
potential solutions to this problem (Akbani et al., 2004; Chawla et al., 2002; Japkowicz and Stephen,
2002). One can, for example, restore balance by undersampling the large class or by oversampling
the small class, or modify the costs of misclassification (Zhang and Lee, 2008). A more generic
safeguard is to replace the accuracy with the balanced accuracy, defined as the arithmetic mean of

3162



M IXED-EFFECTSINFERENCE ONCLASSIFICATION PERFORMANCE

the class-specific accuracies. Unlike the measure described by Velez etal. (2007), the balanced
accuracy is symmetric with respect to the type of class.7

Notably, the balanced accuracy is not confined to binary classification butcan easily be gen-
eralized toK classes, by defining the balanced accuracy as the arithmetic mean of allK class-
specific accuracies. For the twofold beta-binomial model, one could then replaceπ+ andπ− by
π(1),π(2), . . . ,π(K), whereas for the normal-binomial model, the bivariate normal distribution would
be replaced by aK-dimensional normal distribution.

Using the example of the balanced accuracy, we have described how hierarchical models en-
able Bayesian inference on performance measures other than the accuracy. Future examples might
include functional measures such as the receiver-operating characteristic (ROC) or the precision-
recall curve (cf. Brodersen et al., 2010b). We also demonstrated thatthere may be multiple plausible
modelsa priori. In this case, Bayesian model selection can be used to decide between competing
models. Alternatively, Bayesian model averaging produces predictions which account for posterior
model uncertainty. This approach can be adopted with any other performance measure of interest.8

The choice of a versatile yet convenient parameterization of the distributions for class-specific
accuraciesπ+ andπ− has been a recurring theme in the literature. Whereas early treatments adopted
an empirical Bayes approach (e.g., Albert, 1984; Good, 1956; Griffin and Krutchkoff, 1971), the
more recent literature has discussed various fully hierarchical approaches (see Agresti and Hitch-
cock, 2005, for an overview). For instance, Leonard (1972) proposed to replace independent Beta
priors on each element ofπ, such as those in (2.2), by independent normal priors on each element
of logit(π). While this is analytically convenient, it requires independence assumptions inrelation
to the elements ofπ. This limitation was addressed by Berry and Christensen (1979), who placed a
Dirichlet process prior on the elements ofπ. A related approach was proposed by Albert and Gupta
(1983), who placed Beta priors on the components ofπ such that their degree of correlation could be
controlled by a common hyperparameter. As mentioned above, a principled way of evaluating such
different propositions rests upon Bayesian model comparison (MacKay, 1992; Madigan and York,
1997; Penny et al., 2004), which we illustrate by deciding between alternative parameterizations for
inference on the balanced accuracy.

A similar approach to the one discussed in this article has been suggested by Olivetti et al.
(2012), who carry out inference on the population mean accuracy by comparing two beta-binomial
models: one with a population mean prior at 0.5 (i.e., chance), and one with a uniform prior on the
interval [0.5,1]. Inference then takes the form of model selection, resulting in a Bayes factor and
its conventional interpretation (Kass and Raftery, 1995). Our approach differs from the above work
in four ways: (i) in addition to classification accuracy, we consider the balanced accuracy, which
is a more useful performance measure whenever the data are not perfectly balanced, and for which
we offer different parameterizations that can be optimized using Bayesianmodel selection; (ii) we
explicitly frame our approach in terms of fixed-effects (FFX), random-effects (RFX), and mixed-
effects (MFX) inference, and we provide the respective graphical models; (iii) we emphasize the use
of uninformative priors on the interval[0,1] to obtain unbiased posterior estimates, which allows us
to use infraliminal probabilities for inference; (iv) finally, we provide extensive simulation results

7. If desired, this symmetry assumption can be dropped by introducing class-specific misclassification costs.
8. It should be noted that, in this context, model selection is carried out to ask which model best explains observed

classification outcomes. This is different from asking what sort of model (i.e., classification algorithm) might be best
at classifying the data in the first place.
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that demonstrate the differences between FFX, RFX, and MFX approaches, shrinkage effects, and
reduced estimation risks.

4.4 Summary of Present Results and Conclusions

To examine the properties of our approach and demonstrate its practical applicability, we reported
several applications of the different models to synthetic and empirical data.Our results illustrated
the characteristic features of our approach: (i) posterior densities as opposed to point estimates
of parameters; (ii) the ability to compare alternative (non-nested) models; (iii)the ‘shrinking-to-
the-population’ effect that regularizes estimates of classification performance in individual subjects
(Figure 7b); (iv) increased sensitivity (Figure 7c); (v) more preciseparameter estimates (Figure 7d);
(vi) avoidance of classifier bias for imbalanced data sets using the balanced accuracy (Figure 8).

One practical limitation of our approach lies in the high computational complexity ofour current
inversion methods. In particular, our MCMC algorithms lack guarantees about convergence rates.
Our algorithms also include heuristics regarding the number of burn-in samples, the precision of the
overdispersed initial distributions and the proposal densities, and regarding the number of chains
run in parallel. To address these issues, we are currently preparing a variational Bayesian approach
that may offer computationally highly efficient model inversion.

We hope that the models for Bayesian mixed-effects analyses introduced in this paper will find
widespread use, improving the sensitivity and validity of future classificationstudies at the group
level. To facilitate the use of our approach, an open-source MATLAB implementation of all models
discussed in this paper is available for download (http://mloss.org/software/view/407/).
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Appendix A. Inversion of the Beta-Binomial Model

The algorithm is initialized by drawing initial values forα(0) andβ(0) from an overdispersed starting
distribution. We represent these as

ω(0) =

(

ln

(

α(0)

β(0)

)

, ln
(

α(0)+β(0)
)

)T

.

This coordinate transformation makes sampling more efficient (Gelman et al., 2003). Subsequently,
on each iterationτ, a new candidateω∗ is drawn from a symmetric proposal distribution

qτ

(

ω∗
∣

∣

∣
ω(τ−1)

)

=N 2

(

ω∗
∣

∣

∣

∣

ω(τ−1),

(

1/8 0
0 1/8

))

.
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This candidate sampleω∗ is accepted with probability

min

{

1,
p(k1:m | α∗,β∗) p(α∗,β∗)

p(k1:m | α(τ−1),β(τ−1)) p(α(τ−1),β(τ−1))

}

= min

{

1, exp

(

m

∑
j=1

f (α∗,β∗,k j)− f (α(τ−1),β(τ−1),k j)

)}

where (7) and (9) (main text) were used in defining

f (α,β,k) := lnBb(k | α,β)+ ln p(α,β).

In order to assess whether the mean classification performance achievedin the population is above
chance, we must evaluate our posterior knowledge about the population parametersα andβ. Specif-
ically, inference onα/(α+β) serves to assess the mean accuracy achieved in the population. For
example, its posterior expectation represents a point estimate that minimizes a squared-error loss
function,

E

[

α
α+β

∣

∣

∣

∣

k1:m

]

≈ 1
c

c

∑
τ=1

α(τ)

α(τ)+β(τ) .

Another informative measure is the posterior probability that the mean classification accuracy in the
population does not exceed chance,

p= Pr

(

α
α+β

≤ 0.5

∣

∣

∣

∣

k1:m

)

≈ #

{

α(τ)

(α(τ)+β(τ) ≤ 0.5

}

,

which we refer to as the (posterior) infraliminal probability of the classifier.The symbol #{·}
denotes a count of samples.

When we are interested in the classification accuracies of individual subjects, we wish to infer
on p(π j | k1:m). This expression fully characterizes our posterior uncertainty about the true classi-
fication accuracy in subjectj. Given a pair of samplesα(τ),β(τ), we can obtain samples from these
posterior distributions simply by drawing from

Beta
(

π(τ)
j

∣

∣

∣
α(τ)+k j , β(τ)+n j −k j

)

.

This can be derived by relating the full conditionalp(π j | α,β,π1: j−1, j+1:m,k1:m) to the closed-form
posterior in (3) (see main text; cf. Gelman et al., 2003).

In order to infer on the performance that may be expected in a new subjectfrom the same
population, we are interested in the posterior predictive density,

p(π̃ | k1:m),

in which π̃ denotes the classification accuracy in a new subject drawn from the same population as
the existing group of subjects with latent accuraciesπ1, . . . ,πm.9 Unlike the posterior onα/(α+β),

9. As noted before, the term ‘posterior predictive density’ is sometimes exclusively used for densities over variables that
are unobserved but observable in principle. Here, we use the term to refer to the posterior density of any unobserved
variable, whether observable in principle (such ask̃) or not (such as̃π).
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the posterior predictive density oñπ reflects both the mean and the variance of the performance
achieved in the population.10

In order to derive an expression for the posterior predictive distribution in closed form, one
would need to integrate out the population parametersα andβ,

p(π̃ | k1:m) =
∫∫

p(π̃ | α,β) p(α,β | k1:m) dα dβ,

which is analytically intractable. However, the integral shows that values can be drawn from the
posterior predictive density oñπ using a single ancestral-sampling step. Specifically, within each
iterationτ, the current samplesα(τ) andβ(τ) can be used to obtain a new sampleπ̃(τ) by drawing
from

Beta
(

π̃(τ)
∣

∣

∣
α(τ),β(τ)

)

.

Once a number of samples fromp(π̃ | k1:m) have been obtained, summarizing posterior inferences
becomes straightforward, for example, by reporting

p(π̃ ≤ 0.5)≈ #{π(τ) ≤ 0.5},

which represents the probability that the classifier, when applied to a new subject from the same
population, will not perform better than chance.

Appendix B. Bivariate Normal Prior

In order to illustrate the flexibility offered by the bivariate Normal density onρ, we derivep(π | µ,Σ)
in closed form and then compute the bivariate density on a two-dimensional grid. We begin by
noting that

pπ(π | µ,Σ) = pρ(σ−1(π) | µ,Σ)
∣

∣

∣

∣

dσ
dρ

∣

∣

∣

∣

−1

,

where we have added indices topπ and pρ to disambiguate between the two densities, and where
σ−1 denotes the logit transform. The Jacobian is

dσ
dρ

=

(

σ′(ρ1) 0
0 σ′(ρ2)

)

,

in whichσ′ represents the first derivative of the sigmoid transform. From this, we obtain the inverse
determinant of the Jacobian as

∣

∣

∣

∣

dσ
dρ

∣

∣

∣

∣

−1

=
1

σ′(ρ1)σ′(ρ2)
.

Thus, the conditional bivariate densitypπ(π | µ,Σ) is given by

pπ(π | µ,Σ) =N 2
(

σ−1(π)
∣

∣ µ,Σ
) 1

σ′(σ−1(π1))σ′(σ−1(π2)))

10. If data were indeed obtained from a new subject (represented in terms of k̃ correct predictions in ˜n trials), then
p(π̃ | k1:m,n1:m) would be used as a prior to compute the posteriorp(π̃ | k̃, ñ,k1:m,n1:m).
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whereσ−1(π) := (σ−1(π1),σ−1(π2))
T. When evaluating this density on a[0,1]× [0,1] grid, the

normalization constant is no longer needed, so that we can use the simpler expression

pπ(π | µ,Σ) ∝
1

π1 π2 (1−π1)(1−π2)
exp

{

−1
2

(

σ−1(π)−µ
)T Σ−1 (σ−1(π)−µ

)

}

,

where we have used the fact thatσ′(x) = σ(x)(1−σ(x)). This derivation allows us to illustrate the
degrees of freedom of our family of prior distributions overµ andΣ.

Appendix C. Inversion of the Bivariate Normal-Binomial Model

The algorithm is initialized by drawing initial values forµ(0), Σ(0), andρ(0)
1 , . . . ,ρ(0)

m from overdis-
persed starting distributions. On each iterationτ = 1. . .c, we then update one variable after another,
by sampling from the full conditional distribution of one variable given the current values of all
others.11 We begin by finding a new sample(µ,Σ)(τ), which can be implemented in a two-step
procedure (Gelman et al., 2003). We first set

κm = κ0+m

νm = ν0+m

µm =
κ0

κm
µ0+

m
κm

ρ̄(τ−1)

S= Σm
j=1

(

ρ(τ−1)
j − ρ̄(τ−1)

)(

ρ(τ−1)
j −ρ(τ−1)

)T

Λm = Λ0+S+
κ0m
κm

(

ρ̄(τ−1)−µ0

)(

ρ̄(τ−1)−µ0

)T
,

whereρ̄(τ−1) = 1
m ∑m

j=1 ρ(τ−1), to draw

Σ(τ) ∼ Inv-Wishartνm

(

Σ(τ)
∣

∣

∣
Λ−1

m

)

.

We then complete the first step by drawing

µ(τ) ∼N 2

(

µ(τ)
∣

∣

∣
µm, Σ(τ)/κm

)

,

which we can use to obtain samples from the posterior mean balanced accuracy using

φ(τ) :=
1
2

(

µ(τ)1 +µ(τ)2

)

.

Next, we update the bivariate variablesρ1, . . . ,ρm. For each subjectj, we wish to draw from the full
conditional distribution

p
(

ρ(τ)
j

∣

∣

∣
k+1:m,k

−
1:m,ρ

(τ)
1: j−1,ρ

(τ−1)
j+1:m,µ

(τ),Σ(τ)
)

(18)

= p
(

ρ(τ)
j

∣

∣

∣
k+j ,k

−
j ,µ

(τ),Σ(τ)
)

,

11. Here, we define one iteration as an update of all latent variables. Alternatively, one might update only one variable (or
a subset of variables) per iteration, chosen randomly or systematically,as long as each variable is updated periodically.
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which we have simplified by omitting all variables that are not part of the Markov blanket ofρ j

(cf. Figure 2b). Because we cannot sample from this distribution directly,we generate a candidate
from a symmetric proxy distribution

q(ρ∗
j ) =N 2

(

ρ∗
j

∣

∣

∣

∣

∣

ρ(τ−1)
j ,

(

1 0
0 1

)T
)

,

and then construct a Metropolis acceptance test. For this, we note that

p
(

ρ∗
j

∣

∣

∣
k+j ,k

−
j ,µ

(τ),Σ(τ)
)

∝ p̃
(

ρ∗
j

∣

∣

∣
k+j ,k

−
j ,µ

(τ),Σ(τ)
)

(19)

= p
(

k+j ,k
−
j

∣

∣

∣
ρ∗

j ,µ
(τ),Σ(τ)

)

p
(

ρ∗
j

∣

∣

∣
µ(τ),Σ(τ)

)

(20)

= p
(

k+j ,k
−
j

∣

∣

∣
ρ∗

j

)

p
(

ρ∗
j

∣

∣

∣
µ(τ),Σ(τ)

)

(21)

= p
(

k+j

∣

∣

∣
ρ∗

j,1

)

p
(

k−j

∣

∣

∣
ρ∗

j,2

)

p
(

ρ∗
j

∣

∣

∣
µ(τ),Σ(τ)

)

(22)

= Bin
(

k+j

∣

∣

∣
σ(ρ∗

j,1)
)

Bin
(

k−j

∣

∣

∣
σ(ρ∗

j,2)
)

N 2

(

ρ∗
j

∣

∣

∣
µ(τ),Σ(τ)

)

, (23)

where (19) places our focus on the unnormalized density, (20) uses Bayes’ theorem, (21) is based
on the Markov blanket, (22) exploits the conditional independence of class-specific outcomesk+j
andk−j , and (23) relies on the model assumptions introduced in (4) and (12) (main text). We can
use this result to accept the candidate sampleρ∗

j with probability

min{1,exp(r)},

where

r = ln
p̃
(

ρ∗
j

∣

∣

∣
k+j ,k

−
j ,µ

(τ),Σ(τ)
)

p̃
(

ρ(τ−1)
j

∣

∣

∣
k+j ,k

−
j ,µ

(τ),Σ(τ)
)

= lnBin
(

k+j

∣

∣

∣
σ
(

ρ∗
j,1

)

)

+ lnBin
(

k−j

∣

∣

∣
σ
(

ρ∗
j,2

)

)

+ lnN 2

(

ρ∗
j

∣

∣

∣
µ(τ),Σ(τ)

)

− lnBin
(

k+j

∣

∣

∣
σ
(

ρ(τ−1)
j,1

))

− lnBin
(

k−j

∣

∣

∣
σ
(

ρ(τ−1)
j,2

))

− lnN 2

(

ρ(τ−1)
j

∣

∣

∣
µ(τ),Σ(τ)

)

.

We can now obtain samples from the posterior densitiesp(π j | k+1:m,k
−
1:m) for each subjectj simply

by sigmoid-transforming the current sample,

π(τ)
j = σ

(

ρ(τ)
j

)

.

Based on this, we can obtain samples from the subject-specific balanced accuracies by setting

φ(τ)
j :=

1
2

(

π(τ)
j,1+π(τ)

j,2

)

.
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Apart from usingµ(τ) andΣ(τ) to obtain samples from the posterior distributions overρ j , we can
further use the two vectors to draw samples from the posterior predictive distribution p(π̃+

1:m,k
−
1:m).

For this we first draw

ρ̃(τ) ∼N 2

(

ρ̃(τ)
∣

∣

∣
µ(τ),Σ(τ)

)

,

and then obtain the desired sample using

π̃(τ) = σ
(

ρ̃(τ)
)

,

from which we can obtain samples from the posterior predictive balanced accuracy using

φ̃(τ) :=
1
2

(

π̃(τ)
1 + π̃(τ)

2

)

.

In all above cases, we can use the obtained samples to compute approximate posterior probability
intervals or Bayesianp-values.

The approximate expression for the model evidence in (16) can be obtained as follows:

ln p(k+1:m,k
−
1:m | Mnb) (24)

= ln
∫

p(k+1:m,k
−
1:m | ρ1:m) dρ1:m

= ln
〈

p(k+1:m,k
−
1:m | ρ1:m)

〉

ρ1:m

= ln

〈

m

∏
j

p(k+j ,k
−
j | ρ j)

〉

ρ1:m

= ln

〈

m

∏
j

p(k+j | ρ(1)
j ) p(k−j | ρ(2)

j )

〉

ρ1:m

≈ ln
1
c

c

∑
τ=1

m

∏
j

p
(

k+j | ρ(τ,1)
j

)

p
(

k−j | ρ(τ,2)
j

)

= ln
1
c

c

∑
τ=1

m

∏
j

Bin
(

k+j

∣

∣

∣
σ
(

ρ(τ,1)
j

))

Bin
(

k−j

∣

∣

∣
σ
(

ρ(τ,2)
j

))

Appendix D. Comparison to Classical Inference

In a maximum-likelihood (ML) setting, one typically aims to obtain a point estimate forπ, the true
accuracy of the classifier under the binomial model.

D.1 Classical Inference for a Single Subject

In the case of a single-subject setting, the ML estimate forπ is

π̂ML = argmaxπ Bin(k | π,n) =
k
n
,

which corresponds to thesample accuracy, that is, the number of correctly classified trials divided
by the total number of trials.
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Classical inference in the binomial model proceeds by asking how probable the observed value
(or greater values) of the estimator are, assuming that the true accuracyπ is at chance. This tests the
null hypothesisH0 : π = 0.5, yielding ap-value,

p= 1−FBin(k | 0.5),

whereFBin(k | 0.5) is the cumulative distribution function of the binomial distribution withπ = 0.5.
The practical simplicity of maximum likelihood is offset by its conceptual limitations. Specifi-

cally, using the sample accuracyk/n to estimate the true accuracyπ risks overfitting. Furthermore, a
point estimate forπ ignores both (prior and posterior) uncertainty about classification performance.

D.2 Classical Inference in a Group Study

In a hierarchical setting, group-level inference frequently proceeds by applying a one-sample, one-
tailed t-test to subject-specific sample accuracies.12 This tests the null hypothesis that subject-
specific accuracies are drawn from a distribution with a mean at chance level, using thet-statistic

√
m

π̄−π0

σ̂m−1
∼ tm−1, (25)

whereπ̄ andσ̂m−1 are the sample mean and sample standard deviation of subject-specific sample
accuracies,π0 is the accuracy at chance (e.g., 0.5 for binary classification), andtm−1 is Student’s
t-distribution onm−1 degrees of freedom.

Additionally, it is common practice to indicate the uncertainty about the population mean of the
classification accuracy by reporting the 95% confidence interval

[

π̄± t0.025,m−1×
σ̂m−1√

m

]

, (26)

wheret0.025,m−1 is a quantile from thet-distribution. It is worth emphasizing that this confidence
interval has a merely illustrative purpose. This is because a central interval corresponds to a two-
tailed test, whereas thet-test above is one-tailed. Since it is based on Gaussian assumptions, a
one-tailed confidence interval would include the entire real line up to+∞. Thus, a (two-sided)
confidence-interval test actually has a false positive rate ofα/2= 0.025. Similarly, under the null
distribution, the 95% confidence interval will lie entirely below 0.5 in 2.5% of the cases. In a
classical framework, one would have to call this ‘significant,’ in the senseof the classifier operating
below chance. However, this is not the hypothesis one would typically wantto test. Rather, it is more
desirable to formulate a one-tailed test. In a Bayesian setting, this can be achieved by quantifying
the (posterior) probability that the true accuracy is above chance.

Fundamentally, the differences between the classical procedure and thefull Bayesian approach
discussed earlier can best be understood by considering their respective assumptions. The distribu-
tional assumption underlying both thet-statistic in (25) and the confidence interval in (26) is that
the sample mean of the subject-wise accuracies, under the null hypothesis,is normally distributed,

π̄ ∼N

(

µ,
σ√
m

)

, (27)

12. It should be noted that the present manuscript focuses on those classical procedures that are widely used in application
domains such as neuroimaging and brain-machine interfaces. However, it is worth noting that alternative maximum-
likelihood procedures exist that eschew the normality assumption implicit in aclassicalt-test (e.g., Dixon, 2008, see
also Discussion).
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where the population standard deviationσ has been estimated by the sample standard deviation
σ̂m−1. The corresponding graphical model is shown in Figure 1d.

This analysis is popular but suffers from two faults that are remedied by our Bayesian treatment.
(For a classical mixed-effects approach, see Discussion.) First, accuracies are confined to the[0,1]
interval, but are modelled by a normal distribution with infinite support. Consequently, error bars
based on confidence intervals (26) may well include values above 1 (seeFigure 6c for an example).
By contrast, the Beta distribution used in the Bayesian approach has the desired [0,1] support and
thus represents a more natural candidate distribution.13

Second, the random-effects group analysis under (27) does not acknowledge within-subject es-
timation uncertainty and only provides a summary-statistics approximation to full mixed-effects
inference. More specifically, the model is based on subject-wise sample accuraciesπ j as the units
of observation, rather than using the number of correctly classified trialsk to infer on the accuracy
in each subject. Put differently, the model assumes that subject-wise accuracies have all been es-
timated with infinite precision. But the precision is finite, and it varies both with the number of
observed trialsn j and with the sample accuracyk j/n j . (This can be seen from the expression for the
variance of a Bernoulli variable, which is largest at the centre of its support.) In summary, classifier
performance cannot be observed directly; it must be inferred. While theclassical model above does
allow for inference on random-effects (between-subjects) variability, itdoes not explicitly account
for fixed-effects (within-subject) uncertainty. This uncertainty is only taken into account indirectly
by its influence on the variance of the observed sample accuracies.

With regard to subject-specific accuracies, one might be tempted to useπ̂ j = k j/n j as indi-
vidual estimates. However, in contrast to Bayesian inference on subject-specific accuracies (see
Section 2.1), individual sample accuracies do not take into account the moderating influence pro-
vided by knowledge about the group (i.e., ‘shrinkage’). An effectively similar outcome is found in
classical inference using the James-Stein estimator (James and Stein, 1961, see Appendix E). All of
these conceptual differences can be illustrated best using synthetic andempirical data, as described
in Section 3.

Appendix E. Classical Shrinkage Using the James-Stein Estimator

When inferring on subject-specific accuraciesπ j , the beta-binomial model uses data from the en-
tire group to inform inferences in individual subjects. Effectively, subject-specific posteriors are
‘shrunk’ to the population mean. This is in contrast to using sample accuracies π̂ = k j/n j as in-
dividual estimates. In classical inference, a similar shrinkage effect can be achieved using the
positive-part James-Stein estimator (James and Stein, 1961). It is given by

π̂JS
1:m = (1−ξ) ¯̂π1:m+ξπ̂1:m

ξ =

(

1− (m−2) σ̂2
m(π̂1:m)

‖π̂1:m− ¯̂π1:m‖2
2

)+

whereπ̂1:m= (k j/n j)1:m is a vector of sample accuracies,¯̂π1:m is its sample average, andσ̂2
m denotes

the population standard deviation. The weighing factorξ balances the influence of the data (π̂ j for
a given subjectj) and the population (̄π̂1:m) on the estimate.

13. A classical approach to obtaining more reasonable confidence intervals would be to apply a logit transform or a
z-transform to sample accuracies and then compute confidence intervalsin the space of log odds orz-scores.
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