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Psychiatric diseases are very heterogeneous both in clinical manifestation and etiology. With the recent rise of
usingmachine learning techniques to attempt to diagnose andprognose these disorders, the issue of heterogeneity
becomes increasingly important. With the growing interest in personalized medicine, it becomes even more im-
portant to not only classify someone as a patient with a certain disorder, its treatment needs a more precise defi-
nition of the underlying neurobiology, since different biological origins of the same disease may require (very)
different treatments.
We review the possible contributions that machine learning techniques couldmake to explore the heterogeneous
nature of psychiatric disorders with a focus on schizophrenia. First we will review how heterogeneity shows up
and howmachine learning, ormultivariate pattern recognitionmethods in general, can be used to discover it. Sec-
ondly, we will discuss the possible uses of these techniques to attack heterogeneity, leading to improved predic-
tions and understanding of the neurobiological background of the disorder.
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1. Introduction

Psychiatric disorders such as schizophrenia and bipolar disorder are
very heterogeneous. This heterogeneity complicates the investigation
of the disorders and it comes in many different flavors. The forms that
we are interested in from a scientific point of view are heterogeneity in
the etiology on the one hand(Deng andDean, 2013), reflected byhetero-
geneity found genetic profile (Liang andGreenwood, 2015), the neurobi-
ological substrate (Brugger and Howes, 2017) and the clinical
(Andreasen, 1995)manifestation on the other hand. Unraveling different
mechanisms between biology/environment and clinical manifestation
will enable us to make better diagnoses and prognoses, potentially lead-
ing to personalized medicine (Dazzan, 2014). Before going into detail
about this ‘true’ heterogeneity, we briefly discuss what we call apparent
heterogeneity (or apparent homogeneity). To study a disorder and the
heterogeneity that comes with it, we need to carry out research, which
inevitably concerns taking a –finite– sample from the population of pa-
tients. Factors that influence the homogeneity/heterogeneity of the dis-
ease, as it appears in the sample, come in two main flavors. The first is
related to the inclusion criteria of the study, while the second form orig-
inates from technical factors.

The disease appears to be less or more heterogeneous depending
on the inclusion criteria: Are males and females included, Caucasian
and non-Caucasian subjects, with or without co-morbidities, and so
on. If a study tries to control as many inclusion criteria as possible
(e.g., a study on Caucasian males, aged 20 year, with a first psychosis,
not using (of having used) any antipsychotics, without any comorbidi-
ties), one probably ends up with a quite homogeneous, but very small,
sample. The power to find a biomarker for the disease would be very
small. A potential biomarker found in such a study necessarily must
have a large effect size – present (only) in patients with the character-
istics of this sample. The general use of it is thus largely limited to
an extremely small portion of ‘patient space’. Small samples also
have the risk of overfitting (see, e.g., Combrisson and Jerbi, 2015):
the biomarker is not related to the disease itself but to unrelated
properties of the subjects that accidently co-occur with the disease
– in this sample.

On the other side of the spectrum are broad studies with hardly any
restrictions for inclusion. Sample size will not be a problem for these
studies but in this case as well a limited number of markers for the dis-
ease might be found (only the ones shared bymost of the patients) and
they might be non-specific: Because all patients need to display this ef-
fect it may not be limited to the specific disease, but be shared by pa-
tients with other diseases as well. The effect might, for instance, be
secondary and be related to, e.g., changes in lifestyle. Potential bio-
markers with large effect sizes (such as found in the homogeneous
study) will not be found, because most patients' biological substrate is
different from the one present in a homogeneous group.

For a detailed discussion of the impact of sample size on classification,
see Schnack and Kahn (2016).
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While these factors thus induce heterogeneity in the sample,most of
them are known and are, in principle, under control of the researchers.

The second cause of apparent heterogeneity is of technical origin –
but the mechanism by which it influences the properties of a sample is
comparable. Measurements depend on who/what perform them. For
clinical measures, this influence originates from the human rater who
does the assessment and which assessment tool is used (for DSM-5,
see Regier et al., 2013), while biological measures depend on the techni-
cal aspects of the measurement apparatus (e.g., MRI scanner; Kruggel et
al., 2010) and protocols for acquisition and processing the data. While
this heterogeneity is uninteresting and undesirable, it is also often
unavoidable.

Summarizing, these factors lead to heterogeneity in the sample that is
related to the setup of a study and can as such be controlled for (to cer-
tain extent). In that sense it is different from the ‘true’ heterogeneity that
we will further discuss.

In this review we focus on machine learning methods to investigate
the biological/clinical heterogeneity of schizophrenia, and psychiatric
disorders in general. The discussion of possible (biological) origins of
heterogeneity is not within the scope of this review. Nor is the machine
learning methodology for making individual predictions in psychiatry,
for which excellent reviews exist (see, e.g., Arbabshirani et al., 2017).
Here we focus on the various forms of heterogeneity as we encounter
it in studies (Section 2) and the way we can attack heterogeneity
(Section 3).Wewill review the possible approaches andwill provide ref-
erences to (recent) studies employing specific approaches.

2. Encountering heterogeneity

2.1. Univariate and multivariate biomarkers

For disorders such as schizophrenia it is generally assumed that
there are multiple pathways that lead to the disease (Deng and Dean,
2013). Single variables cannot capture this heterogeneity and show
(undetectably) low effect sizes, butmultivariatemeasures that incorpo-
rate the combined effects of many variables participating in a certain
pathway could show large(r) effect sizes (Fig. 1). The important notion
here is that, when studying differences at group-level, any effect size,
however small, can be ‘made’ significant by taking larger samples. How-
ever, increasing the sample size does not improve the separability of the
groups, since the non-overlap of the distributions is only related to the
effect size and does not depend on N. Modest effect sizes lead to poor
separations. Fig. 1 illustrates this point and shows effect sizes with cor-
responding separation accuracy for a number of univariate and multi-
variate biomarkers for schizophrenia from the literature.

2.2. Quantification of observed heterogeneity

Most diagnostic or prognostic prediction models aim to partition a
sample into two or more classes, e.g. patients and controls, or different
patient subgroups. The results of such classification models should be
evaluated in light of the amount of heterogeneity present in the samples.
Models frommore heterogeneous samples are likely to produce less dis-
tinct classes of subjects, with corresponding lower prediction accuracy,
while models from more homogeneous samples may show poorer gen-
eralizability (Schnack and Kahn, 2016). Quantification of heterogeneity
is thus important when assessing a prediction model's quality. Within
a sample, homogeneity clusters are usually measured by comparing
within-cluster variation in subject measures (features) to between-clus-
ter distance (in terms of average difference in measures). The primary
use of such quality indices is to aid in determining the number of clusters
that optimally split the sample. An example of a widely used indicator is
the (average) silhouette score (Rousseeuw, 1987). In homogeneous
samples of patients (and controls!) a two-cluster solution may be
found optimal, while heterogeneous samples consisting of distinct sub-
groups are better split into more than two clusters. However, the
heterogeneity encountered in psychiatric disorders tends to be diffuse,
hindering the determination of the ‘optimal’ number of clusters.

Between samples, homogeneity can be assessed as the similarity of
two (or more) prediction models: to which extent are the same predic-
tors important for the classification. If subjects from two samples are rep-
resented by the same set of features (i.e., the same measures are
available in both samples), each of themodels trained to classify the sub-
jects from a sample will do so by ‘discovering’which of the features can
perform this task. A feature being important for classification in one sam-
ple may be less important or not play a role at all in sample 2, and vice
versa. The lists of discriminative features produced by each model can
be compared and the proportion of discriminative features shared by
the two classification models is a qualitative indicator of the (between-
sample) disease homogeneity. For linear models these lists turn into
weight vectors (w), indicating quantitatively each feature's influence,
in relation to the other features', on having the disease. (Fig. 1, lower
panel). In this case, between-sample homogeneity, defined as the pro-
portion f of shared discriminative features, can be quantitatively related
to the angle between the weight vectors: f = cos(α) (Schnack and
Kahn, 2016). An angle α = 0 reflects identical models (f = 1) and in-
creasing angles indicate less comparable models or, equivalently, in-
creasing heterogeneity (f b 1). In a four-center machine learning study
using neuroimagingdata to separatefirst-episode schizophrenia patients
from control subjects, Dluhoš et al. (2017) calculated cos(α) between
the weight vectors of the models built from the different sites. For the
6 different site-site combinations of models based on gray matter distri-
butions, f-values between 0.06 and 0.35 were obtained [Suppl. Table 15
in Dluhoš et al., 2017], representing aminimum angle of 70° and suggest-
ing a high level of heterogeneity.Many different factorsmay have played
a role here. Lower f-values were obtained when making comparisons
with smaller sample sizes (s3) andwith a sample with longer illness du-
ration (s2).While the low value of f in the latter comparison probably re-
veals true heterogeneity of the disease, the formermay also be partly due
to sampling effects. Furthermore, between-scanner differencesmay have
played a role. These forms of apparent heterogeneity have been
discussed in the Introduction.

To our knowledge the study by Dluhoš et al. (2017) is the only one to
compare biomarker patterns obtained by machine learning models be-
tween different samples. From the literature it is currently not possible
to study the heterogeneity of biomarker patterns, because of two rea-
sons: (1) The wide variety in data acquisition and preprocessing tech-
niques and in machine learning methodology; (2) The lack of detailed
reports of the discriminative feature sets: Most studies have discussed
the underlying discrimination patterns roughly, with little detail, or pro-
vided a few snapshot pictures or a list of only the most important fea-
tures. An exception is Dluhoš et al. (2017), who made their models
available as weight maps in the familiar nifti format.

In summary, measures such as silhouette score and f-value reflect
heterogeneity within and between samples; they may be used to com-
pare different classification solutions in the approaches discussed in
Section 3.

3. Attacking heterogeneity

In this sectionwe review and discuss several approaches to deal with
heterogeneous samples, when usingmachine learning techniques for di-
agnosis or prognosis of psychiatric diseases.

3.1. Do not attempt to account for heterogeneity

Most published studies thus far have taken this approach (for schizo-
phrenia, see, e.g. review by Kambeitz et al., 2015). In this case, a (linear)
classification algorithm is applied to separate patients and controls, and
one accepts a possible suboptimal performance: only the larger, shared,
biomarkers (or main pattern) will be found and the prediction accuracy
will be modest. (Fig. 2, upper left). This means that one will not fully



Fig. 1. (Top panel)Upper left: Distributions of a feature (e.g., ventricle volume) for the subjects of two classes, e.g., normal (blue) andpatient (red). The effect size of the difference between
the two distributions, Cohen's d, is defined as the ratio of the mean difference and the width (standard deviation) of the distributions. A univariate statistical test (e.g., a t-test) is used to
determine whether or not there is a significant difference in this feature at group-level. The effect size is directly related to the non-overlap of the distributions: the classification accuracy
when they are optimally split. However, while increasing the sample size will lower the detection limit of a significant difference (because t ~ d × √N), it will not help in splitting patients
and controls based on this variable: The overlap is related to the effect size itself and does not depend onN. Lower left:Multivariate biomarkers can yield larger effect sizes. The right panel
shows the relationship between effect size d and non-overlap, represented by the separation accuracy (percentage correctly classified subjects) (line). The symbols represent effect sizes of
studies comparing schizophrenia patients and controls together with their corresponding classification accuracy when the biomarkers would be used for classification. Open circles:
several volumetric measures (including gray matter, thalamus, ventricles) from MRI meta-analyses (Haijma et al., 2013; van Erp et al., 2016); yellow diamond: meta-analytic average
of dopamine synthesis capacity from PET (Howes et al., 2007); Green circle: adhesio interthalamica length from MRI (Takahashi et al., 2017); Black circle: multivariate gray matter
density profile from MRI (Nieuwenhuis et al., 2012); Black triangle: polygenic risk score (PRS) (So and Sham, 2017). (Bottom panel) The left and middle graphs again show
distributions of patients (red) and controls (blue) of two samples (A and B) in a two-dimensional feature space (spanned by features x1, e.g., ventricle volume, and x2, e.g., brain
volume). The heterogeneous nature of the disease is illustrated by the fact that, in sample B, patients can be separated from controls based on having larger x1 (ventricle volume) as
well as smaller x2 (brain volume), whereas in sample A, the separation is mainly based on having smaller x2, with x1 not playing a big role. The orientations of the separation lines
(hyperplanes in higher-dimensional feature spaces) are defined by vectors orthogonal to the hyperplanes, the so-called weight vectors,wA and wB (right graph); the angle α between
them is a measure of the difference in orientation between the hyperplanes and, thus, of the differences in importance (weight) of the features (x1, x2) between the models/samples.
Here, f = cos(40°) = 0.76, which could be loosely related to the proportion of shared features lying between 1/2 = 0.5 and 2/2 = 1.
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make use of the increased power of multivariate analysis (Fig. 1, bottom
left). On the other hand, these whole-sample (linear) models will be
quite robust, show little overfitting and may thus generalize better.

3.2. Treating heterogeneity (in)directly

One may assume that there is heterogeneity present in the sample
that prevents simple (linear) separation. To solve this problem one
could still try to separate patients and controls in one operation, but
one has to allow for a more complex decision boundary between the
classes, by adapting linear classifiers to deal with nonlinearity or choos-
ing classifiers that are inherently nonlinear:

3.2.1. Transforming the data
Simple nonlinear relationships may be implemented by, e.g., adding

quadratic transforms of the features to the feature set (Fig. 2, upper
right). A disadvantage of this approach is that specific nonlinearities
are modeled this way and that the number of features rapidly increases
(in the case of quadratic transformations by a factor 2 or 3, depending
on whether interaction terms are included). Only if knowledge about
the possible mechanisms is available, one could implement the exact
transformations necessary for describing these mechanisms. A more
general way to implement nonlinear transformations is to use a kernel
function,whichmodels the similarity between data points. A frequently
used kernel is the radial basis function (RBF) which has been applied in
a schizophrenia outcome prediction study (Koutsouleris et al., 2016). A
disadvantage is the risk of overfitting and the difficulty to interpret the
models, i.e., understanding the relationship between features (predic-
tors) and output.

The following approaches (3.2.2-3.2.4) make decisions based on the
fact that heterogeneity in feature space can be described using combina-
tions of AND and OR operators.

3.2.2. Artificial neural networks (ANNs)
If patients with different substrates can be described as clearly lying

in different portions (polytopes) of feature space, bounded by clear hy-
perplanes, a combination of linear classifiers, each describing one hyper-
plane, could perform the classification. In this case, the individual

Image of Fig. 1
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classifiers are combined using AND/OR operators (Fig. 2, 2nd row). The
multi-layer perceptron (MLP) is an example of such a construction of lin-
ear classifiers (perceptrons) and AND/OR operators. In principle, any het-
erogeneity can be modeled with this approach, and its generalization,
artificial neural networks (ANNs). Each instance of an AND/OR situation
is modeled by a node of the network. Different nodes are placed in one
or more (hidden) layers. ANNs are very powerful and can virtually fit
any relationship but at the cost of increasing the number of nodes. Larger
numbers of input nodes (features) and/or nodes in hidden layers lead to
a rapid increase of the number of parameters (weights) that need to be
fitted. To avoid overfitting (i.e. adapting themodel toomuch to the train-
ing data, causing poor generalization), very large samples are needed.
This is especially a problem in medical setting, where patient data are
often scarce. ANNs may arrive at local optima, thus many runs may be
needed tofind the global optimum. They are also difficult to interpret be-
cause of the complexflowof information through the nodes of the differ-
ent (hidden) layers. Recently, new insights have led to the development
of deep learning networks, which denotes networkswithmultiple layers
tomodel different abstraction levels of learned features. This kind of net-
works seems to be very suitable for (natural) image recognition, but the
field is rapidly evolving and one may speculate that it can be developed
Fig. 2. Different approaches to attack heterogeneity. Patients are represented by red circles, con
for descriptions of the methods. For the approaches 3.2.5–3.2.7, two feature spaces are shown
indicate two consecutive steps. Orange and pink circles represent different patient subtypes or
for use in (heterogeneity in) psychiatric diseases. First attempts have
been made: Payan and Montana (2015) applied convolutional neural
networks to structural MRI images to classify Alzheimer's disease in a
sample of N= 2265 subjects.

3.2.3. Combining linear SVMs
While complex, nonlinear, modeling (Sections 3.2.1 and 3.2.2) may

solve the classification, it does not provide any information about the un-
derlying subgroups of patients that led to the heterogeneity. In (Varol et
al., 2017), the authors propose to tackle the problemby combining linear
classifiers (SVMs). Their approach will increase classification accuracy
and subtype the pathology. Support vector machines (SVMs) are ex-
tended to a more general framework in order to do binary classification
and subtype identification simultaneously. HYDRA is a non-linear semi-
supervised machine learning algorithm that combines multiple (K) SVM
classifiers to create a convex polytope that separates the healthy controls
from the heterogeneous group of patients. (Fig. 2, 2nd row, right). The
controls are assumed to form a homogeneous class. The degree of het-
erogeneity can be varied by choosing the number of hyperplanes. Each
patient will be assigned to one of the hyperplanes to be separated from
the controls. Patients that have been assigned to the same hyperplane
trols by blue circles. Black lines represent the decision boundaries. See the text in Section 3
: biological space in the left column, clinical space in the right column. Numbers 1 and 2
clusters.

Image of Fig. 2
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are considered to be part of the same subgroup, indirectly rendering the
problem also into a clustering task.When applied to a sample of patients
with Alzheimer's disease and controls (N = 300), classifiers using K N 1
did not perform significantly better than the K= 1 classifiers. However,
the other aim, to increase themargin, was achieved forK N 1, implicating,
according to the authors, the algorithmhad successfully found heteroge-
neous structures in the data. A three-cluster solution showed the highest
stability. The subtyping is a secondary effect of finding the best discrim-
ination between patients and controls, as opposed to clusteringmethods
that primarily focus on finding the best division (see Section 3). Both ap-
proaches share the disadvantage that the number of clusters needs to be
chosen, a disadvantage that is not present for ANNs. To our know knowl-
edge, HYDRA has not yet been applied to schizophrenia data.

3.2.4. Hierarchical methods such as decision trees, random forests
This is another form of an AND/OR decision algorithm, where a

subject's classification depends on the endpoint of which (OR) branch
(sequence of ANDs) it ends up. Each decision in the tree (node) is based
on a single variable. Consequently, where HYDRA can divide the feature
space using any convex polytope and ANNs even in any possible form,
trees partition feature space using hyper-cuboids oriented along the
axes representing the original features. (Fig. 2, 3rd row). Decision
boundaries formed by linear combinations of features (oblique hyper-
planes) are thus not easily implemented by trees. However, decision
trees are able to model any complex decision boundary, albeit some-
times at the cost of making the tree very large. Individual decision trees
show large variance, which can be solved by taking ensembles of
them: random forests. However, while simple trees are easy to interpret,
larger trees and ensembles are, like ANNs, difficult to interpret.

While the above methods attack heterogeneity in order to improve
classification accuracy, we do not learn much about heterogeneity from
them. Patients and controls are treated as two (homogeneous or hetero-
geneous) distributions that needed to be separated with one model “in
one run.” The resulting models might be too complicated to be fitted re-
liably and/or too difficult to interpret. If, however, training such an algo-
rithm would lead to a model with high, validated, prediction accuracy,
one could be pragmatic and accept it as a clinically useful model. In psy-
chiatry, however, predictionmodels do not have reached accuracies that
are considered clinically relevant (First et al., 2012). Trying other direc-
tions may thus be useful, if these can provide us with insight in the het-
erogeneous structure of the disease:

Approaches that consist of a step to reduce the heterogeneity by
stratifying the patients into subgroups, often followed by a classification

Image of Fig. 2
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step to separate each of the patient subgroups from the control group
(3.2.5-3.2.7):

3.2.5. Subdivision of patients according to explicit, clinical, criteria
If one has a theory or expectation that a population of schizophrenia

patients is made up of subgroups with different etiology (biomarkers),
one can easily subdivide the group according to criteria defining these
specific subgroups (Fig. 2 (cont.), 4th row).

For example, Takahashi et al. (2017), whoused the PDS, a PANSS-de-
rived identification tool, to split their sample of schizophrenia patients
into the deficit subtype and non-deficit subtype. Looking for structural
neuroimaging biomarkers for schizophrenia, they found differences in
brain anatomy mostly between the deficit group and the other groups.
The adhesio interthalamica was shorter in patients than in controls
(Cohen's d = 0.53), but in the deficit group is was much shorter (d =
0.77) while in the non-deficit group the length difference was smaller
(d = 0.34).

Czepielewski et al. (2017) followed a similar approach but investi-
gated the influence of estimated premorbid crystallized IQ (ePMC-IQ)
on structural brain abnormalities in schizophrenia. They found that pa-
tients with ePMC-IQ and cognitive impairments had a more extensive
pattern of gray matter reductions than those with intact ePMC-IQ.

The potential gain in biomarker detection by homogenizing the pa-
tient group, as shown by both studies, is twofold: larger effect sizes are
created and different biomarker – clinical presentation relationships
can be resolved. The investigators applied univariate tests; it would be
interesting to see if biomarkers with even higher effect sizes could be
constructed by employing multivariate (machine learning) techniques.

Gould et al. (2014) split their patient group according to differences
in cognition between patients. They defined two patient subtypes: ‘Cog-
nitive deficit’ and ‘cognitively spared’. The authors then built a classifica-
tionmodel to separate schizophrenia patients and control subjects based
on structural MRI images. The authors separated patients and controls
with ~70% accuracy, but did not find a significant increase in classifica-
tion accuracy between the whole-sample model and the models using
distinct cognitive subtypes. They further verified this by cross-applying
the cognitive-subtype models to the other subtype, resulting in about
the same accuracy. The conclusion that the discriminative sMRI patterns
largely overlap between the two cognitive subtypes was further con-
firmed by the high correlation (r = 0.67, roughly comparable to the
quantity f= cos(α) in Section 2) between the two weight maps.

Apart from these well-defined subtypes by theoretical assumptions
or clinical evidence, there are probably more subtypes that are based
on combinations of patient characteristics in a way that is not clear be-
forehand. Instead of applying explicit split criteria to one ormore patient
characteristics, one can let an algorithm do the subgrouping, which can
be done from different directions (Sections 3.2.6 and 3.2.7):

3.2.6. Clustering based on clinical/demographic variables
In this approach, an algorithm tries to find patterns in the (clinical)

data that define patient subtypes. It can be used if there is no clear way
to split the patient group (see Section 3.2.5.), or if one assumes different
subtypes are determined by a more complex, multivariate, pattern. Put
simply, the task is to divide a heterogeneous population into more ho-
mogeneous subgroups. This process is called clustering, a unsupervised
form of machine learning, and there are many possible algorithms that
can do it.

Dickinson et al. (2017) applied a 2-step clustering algorithm todivide
large sample of schizophrenia patients (N = 549) into “deficit”, “dis-
tress” and “low symptom” subgroups, based on two PANSS composite
scores. The patients in the “deficit” and “distress” groups showed both
shared and distinct deviations in clinical and behavioral variables when
compared to the “low symptom” group. A subset (N = 182) of the pa-
tients underwent fMRI scanning with the N-back working memory par-
adigm. The “deficit” subgroup showed a different activation profile than
the two other groups, indicating a possible different etiology (Fig. 2
(cont.), 4th row).

A comparable approach, but ignoring the patient/control distinction,
was carried out by Derks et al. (2012). In this study, latent class analysis
was combined with factor analysis of clinical (CASH) data to obtain a
split of a very large sample (N = 4286) of patients with psychosis,
their relatives and unrelated control subjects into 7 subgroups, or ‘clas-
ses’: ‘Kraepelinian schizophrenia’, ‘affective psychosis’, ‘manic-depres-
sion’, ‘deficit nonpsychosis’, ‘depression’, ‘healthy’, and ‘no symptoms’.
Their approach was cross-diagnostic and included healthy control sub-
jects and patients with psychosis (schizophrenia, schizoaffective disor-
der, bipolar disorder) who were redistributed over the 7 latent classes.
Class membership showed associations with cognition (WAIS IQ) and
functioning (CAN).While this approach does not focus on separating pa-
tients from controls, the authors state that it may improve the effective-
ness of, e.g., finding genes related to symptom profiles, since clinical
heterogeneity is reduced not only in patients but also in non-patients.
(Fig. 2 (cont.), 5th row).

3.2.7. Clustering based on biological features
Clementz et al. (2016) applied a two-step clustering approach to di-

vide a large sample of patients across the psychosis spectrum (N=711;
schizophrenia, schizoaffective, bipolar with psychosis), their relatives
(N = 883) and controls (N = 278) into three classes of different ‘bio-
types’. First, the patient sample was used to create composite scores of
biomarkers of different modalities (EEG, saccades, BACS) using PCA. A
clustering step was then applied to the composite score data to divide
the patients into three biotypes, each representing a different compos-
ite pattern. Interestingly, biotype did not correlate with the clinical di-
agnosis; however, patients of two, but not the third, biotypes differed
significantly on cognitive control from healthy controls. Biotypes 1
and 2 (but not 3) also displayed comparable, extensive brain abnormal-
ities as compared to the healthy group. Apart from, again, increasing ef-
fect sizes, these results demonstrate the benefit of looking across
clinically (DSM) defined boundaries, the use of which has been recently
introduced (Insel et al., 2010).

The method of brain subtyping (Dwyer et al., 2017), using fuzzy c-
means clustering, splits a patient group into two or more subgroups,
eachwith a different so-called ‘braintype’. In a sample ofN=145 schizo-
phrenia patients and healthy control subjects, an optimal separation into
two schizophrenia subgroupswas found. After this subdivision a (linear)
classifier (SVM) was applied to separate controls from each subgroup.
The classification accuracy increased from 68.5% without subtyping to
73 and 79% for the two subtypes, respectively. While these substrate-
based divisions need not be related to clinical patient types, Dwyer et
al. showed that they did in fact correlate with age, illness duration, sex
and differential patterns of psychotic symptoms. (Fig. 2 (cont.), 6th row).

An advantage of these clustering/subtyping approaches is that the
resulting classification models are simpler and point to clearer aberrant
properties of patients. A drawback of thesemethods is that, although sta-
tistical measures can guide this process, the number of clusters needs to
be chosen – a choice thatmay have substantial influence on the resulting
subtypes and the etiological meanings that are attached to them.

Most approaches discussed thus far focus on the separation of pa-
tients and controls (or, more generally, dividing individuals into distinct
classes) and are called discriminative modeling. A completely different
approach is to refrain from this patient-control discrimination and
model both groups separately as two independent distributions. This is
called generativemodeling, and it leads to estimates of probability distri-
butions for each class. New subjects can be attributed to one of the clas-
ses based on the membership probabilities. See Libbrecht and Noble
(2015) for a discussion in the domain of genetics. The benefit of genera-
tive modeling is that it provides a full description of the two classes,
rather than focusing on the differences between the two classes. For
our purpose, however, it may not work that well, exactly because of
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the heterogeneous nature of the patient group; an accurate and reliable
description of this class might be difficult, and may probably require un-
realistic large samples.

A variation of generative modeling is normative modeling, where
only the ‘normal’ distribution is modeled, and subjects (‘patients’) may
be detected as outliers:

3.2.8. Normative modeling
In this approach (Marquand, Wolfers et al., 2016), the goal is to esti-

mate the probability distribution of healthy individuals (Fig. 2, bottom
row). This distribution can have any shape, but it can be thought of as
a multi-dimensional Gaussian distribution, with most people being lo-
cated in its center, becoming more diluted (smaller probability) farther
away from the center. Advantages are twofold: from a scientific point
of view, this distribution modeling connects very well with the principle
of normal variation due to multiple factors influencing a biomarker or
phenotype (trait); from a clinical (and technical) point of view, there is
no need to either invoke complex separation borders or make choices
about how to split up the patients. After the normative modeling, out-
liers, subjects who have very small probability to be part of the norma-
tive distribution, can be detected and being labeled as not-normal, or
‘patient’. Viewing a patient as an extreme case of the normal variation,
need not be an advantage per se, since theremight verywell be a distinct
‘disease class’. Furthermore, to ‘detect’ the patients, one still has to
choose a probability threshold. While interesting and promising, some
of themethod's properties need to be further addressed. Themain ques-
tion is:who is included to be part of the normal group?Marquand, Rezek
et al. (2016) used a healthy cohort (N=491) tomap the relationship be-
tweenbehavior (trait impulsivity) andbiology (fMRI-derived reward-re-
lated brain activity) and related extreme values to ADHD symptoms. If
people with subclinical symptoms are included in the normative distri-
bution, again an artificial threshold has to be set. (Note that this issue
also plays a role in discriminativemodeling.). Including subjects not hav-
ing the disease of interest, but other diseases, may influence the esti-
mated distribution, while if patients with the disease of interest are
included in the modeling, incidence rates need to be carefully taken
into account. Large samples are necessary to lower the influence of
these inclusions, and, indeed, the authors state that large cohorts of
healthy (‘normative’) subjects are needed to capture ‘all’ variation and
get a good description of the distribution.

Normative modeling may be very well applied to high-risk groups,
where it could be clinically very useful to detect as early as possible po-
tential deviations from normal development. In clinical situations how-
ever, when it may be clear to a psychiatrist that a person has some
disorder – but finds it difficult to determinewhich disorder, themethod
cannot aid in the differential diagnosis, necessary for determining the
right treatment. In such situations, discriminative modeling may be
more useful (see, for example, the case of discriminating between
schizophrenia and bipolar patients, a clinically very relevant task in
first episode patients (Schnack et al., 2014)).

For prognostic applications, such as the problem of predicting out-
come, the use of normative modeling may require modifications, since
there is no ‘normal’ group here, only a heterogeneous patient group.

Marquand, Wolfers et al. (2016) gives an excellent overview of the
various methods discussed in Sections 3.2.7 and 3.2.8 along with their
technical details.

Finally, one could take a somewhat different route:

3.2.9. Multi-modal prediction models
If a given feature set turns out to be suboptimal for the task, i.e., if part

of the patients is and part is not (even nonlinearly) separable from con-
trols, it might seem that a homogeneous biological substrate (based on
the current selection of features) gives rise to a heterogeneous clinical
presentation. Apparently, we miss something: there are ‘hidden vari-
ables’ interacting with the current set of features, splitting the apparent
homogeneous group of subjects into two (ormore) groupswith different
disease status. An example of this is gene-environment interaction,
where subjects with a certain genotype will get the disease if they have
experienced a specific environmental factor. Adding features fromdiffer-
ent modality (e.g., environment) could solve this problem of poor
separability.

Combining features from different sources can be done by simply
putting all features together, but another option is to use multi-kernel
learning, in which sub-models per modality are combined into a full
model (see, e.g., Squarcina et al., 2017). The use ofmultiple kernels is es-
pecially useful in cases where data types are very different and when
there is a large unbalance between numbers of features of the different
modalities.

3.3. Heterogeneity in disease course/outcome: longitudinal studies and
using machine learning for prognosis

The approaches discussed thus far mainly focus on partitioning the
heterogeneous group of patients in a sample into more homogeneous
subgroups. This subdividing was driven by either the biological or the
clinical properties of the subjects – of the moment. No link with the fu-
ture state (biological or clinical) of the patient was made. As such these
approaches are thus mainly of interest from a scientifically point of
view: they can improve the understanding of the etiology of the disorder.
The clinical use of separating patients from controls, however, is limited.
Ofmore interest is the separation of different clinical groups (e.g., schizo-
phrenia and bipolar disorder (Schnack et al., 2014)), and the question
what the disease course will be; what will be the outcome, which med-
ication will work best for an individual patient? To answer these ques-
tions one need to perform longitudinal studies in which patients are
followed through time.Machine learningmodels can be used to find pat-
terns in baseline data of patients that are related to the course of the dis-
ease. Heterogeneity shows up again in these problems, since apparently
comparable patients may show very different outcomes. It is probably
this heterogeneity that is responsible for the modest prediction accura-
cies of the few outcome prediction studies that have been published to
date: Mourao-Miranda et al. (2012) reached 69% prediction accuracy
using baseline structural MRI data to predict illness course. A multi-cen-
ter study (Nieuwenhuis et al., 2017) could not replicate this result: most
probably heterogeneity both in the clinical description of illness course
and in the underlying brain substrate (apart from MRI-technical differ-
ences) certainly played a role here. In an attempt to reduce the heteroge-
neity, the authors split the sample in males and females; the accuracy of
the male-only models increased in some of the participating centers. A
limitation of the study was the relative small sample size (N = 212) as
compared to the number of centers (5), also making it difficult to split
the sample in subgroups for improved analysis. Recently, a multi-center
study predicting 1-year functional outcome (good versus poor) obtained
71% prediction accuracy, based on clinical/demographic variables
(Koutsouleris et al., 2016). Although this study had an even greater un-
balance between sample size (N = 334) and number of sites (44), the
multi-center study was set-up using strict inclusion criteria, harmonized
assessments, and did not use measures that are influenced by technical
differences such as MRI.

Literature on this topic is too limited to draw conclusions about the
feasibility of predicting outcome (Dazzan et al., 2015). New studies
hopefullywill shed light onwhich data source(s) can be best used to pre-
dict illness course and outcome. A subtle difference here is the notion
that illness course is the description of the states of a patient during a pe-
riod of time, while outcome is ameasure of the patient's state at a certain
point in the future – the endpoint of the course. One could speculate that
more accurate predictions of outcome could be made if ‘static’ baseline
data would be enriched with directional data of the early changes due
to treatment. Inclusion of data reflecting the patient's state at multiple
(dense) time points during the early phase of (treatment of) the disease
could thus improve the predictions of outcome later on.
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4. Conclusions

When reviewing the role of heterogeneity in machine learning stud-
ies in schizophrenia and other psychiatric diseases we have seen that:
(1) heterogeneity indeed shows up, evidenced by a) differences in bio-
marker patterns encountered in machine learning studies on compara-
ble clinical groups (Section 2) and b) improved classification accuracy
when patients groups were first homogenized (Sections 3.2.5-3.2.7);
(2) there are many possible approaches to attack heterogeneity
(Sections 3.2–3.2.9). We encountered a variety of flavors of clustering
and separating:Methods thatfirst ‘stratify’patients, reducing the hetero-
geneity in the sample, and then separate them from controls; and
methods that cluster patients and controls simultaneously. There are
methods that perform clustering (subtyping) in biological feature space
and methods that subdivide patients in clinical feature space. Some var-
iations are missing; the most interesting probably the clustering based
on biological and clinical features combined. Rather than splitting/clus-
tering in one space and testing/verifying whether the obtained sub-
groups make sense in the other space, the combined approach should
be able to deliver subtypes of the disease that are well defined in both
domains. On the other hand it should be noted that ‘validating’ a
subtyping obtained in one domain by showing its correlation with cer-
tain features in the other domain has its limitations. While a positive
finding may be used as support for the subtyping, a negative finding
can be ‘explained’ as showing that the clinical classifications (DSM diag-
noses) have limited meaning when searching for neurobiological sub-
strates of these disorders.

A direct comparison of the different approaches is lacking in almost
all studies. Some studies compared different machine learning algo-
rithms (viz. linear and various nonlinear algorithms; Sections 3.2.1–
3.2.4) in one sample. On the other hand, the approaches that explicitly
deal with heterogeneity in patients (Sections 3.2.5–3.2.7) have only
been tested against the reference: the proposed method versus the ‘ho-
mogeneous’ method (all patients versus all controls), but not with
other heterogeneity reductionmethods. Apart from increasing classifica-
tion accuracy by these methods, other factors may also influence re-
searchers' or clinicians' choice for a method. These factors include, e.g.,
the importance one attaches to model interpretability and practical is-
sues, such as data availability or sample size.

Amore fundamental point is whether or not disease heterogeneity is
categorical or continuous. While it is most likely that there are many dif-
ferent pathways to disease that are not fundamentally different, giving
rise thus to marginally different biological substrates which will show
up as a heterogeneous continuum (or continuous heterogeneity), there
might also exist a (limited) number of fundamentally different families
of pathways. For this kind of heterogeneity a fruitful approach may be
to combine different methods, e.g., subtyping (Sections 3.2.5-3.2.7) the
different families together with modeling heterogeneity continuously
by using techniques comparable to those employed in normativemodel-
ing (Section 3.2.8).

To further map heterogeneity it is crucial that subtyping and classi-
fication models are compared against each other: modeling tools and
model parameters should bemade publically available, so that other re-
searchers can examine them and compare themwith their ownmodels.
A few studies have already published their models (Koutsouleris et al.,
2016; NeuroMiner, 2017) and Dluhoš et al., 2017. Prediction models
should also be tested in independent samples, the results of which indi-
cate relative heterogeneity between the training and testing samples. A
complicating factor for model exchange is the differences in available
measurements. MRI is often not available, and fMRI can have been ac-
quired using different paradigms. Clinical, cognitive, demographic
sources of data may show even larger variety.

Another point that is clear, is that current diagnostic (see, e.g.
Kambeitz et al., 2015) and prognostic (see Section 3.3) models are not
good enough for clinical applications.Whilemodels based on small sam-
ples may reach (unvalidated) accuracies of 80% or higher, larger studies
show accuracies of about 70% (Schnack and Kahn, 2016). While mea-
surement noise, sampling effects (potentially be solved by increase sam-
ple size) and imperfect gold standards (Regier et al., 2013) will always
lower the practically highest possible accuracy (Schnack and Kahn,
2016),machine learning approaches taking care of clinical and/or biolog-
ical heterogeneity will contribute to better models. However, improve-
ments are also expected from combining different data modalities into
one model (Section 3.2.9). This can be ‘within-domain’ multimodality,
such as combined structural and functional MRI, and ‘cross-domain’
multimodality, such as combining MRI, genetics and demographic data.

Finally, large samples are needed to build accurate and reliable
models, with enough cases for training and testing, capturing as much
of the variation of the disorder as possible, and allowing subdividing
the sample into subgroups.Multicenter studies are excellent for this pur-
pose. Quite a few of the studies reviewed were multicenter. While in-
cluding patients from multiple centers does not only increase sample
size, it also almost automatically increases the biological heterogeneity,
e.g., by including subjects with different genetic background. Models
can be built either mega-analytically (data of all subjects to be collected
at one site, see, e.g., Orban et al., 2017) or meta-analytically (sub-models
built per site, see Dluhoš et al., 2017). Although the size of studies is an
important factor, their design also needs attention. Naturalistic cohorts
and combinations of them are very suitable for further exploration of
(bio)markers for the disease and its course, because they can easily be
made very large, while capturing as much heterogeneity as possible.
On the other hand, randomized clinical trials with different treatments
are necessary. Such studies allow for stratification of patients with re-
spect to their responses to different treatments, so thatmachine learning
can be used to discover the (neurobiological) substrate related to these
differences in response. Prediction models can be built to predict the re-
sponses to different treatments, leading to targeted, or personalized,
medicine (DeLisi and Fleischhacker, 2016; Keshavan et al., 2017). These
models could subsequently be validated (retrospectively) in naturalistic
cohorts.

In conclusion, machine learning has shown to be a promising tech-
nique for detecting heterogeneity in schizophrenia (and other psychiat-
ric diseases) and reducing it to improve understanding its etiology and
making predictions for individual patients possible. To further enhance
its efficacy, future studies should be multi-center, using multi-modal
predictor data, allowing formodelingmore complex biomarker – clinical
presentation relationships.
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