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Abstract. This paper proposes a new paradigm to discover biomarkers
capable of characterizing obsessive-compulsive disorder (OCD). These
biomarkers, named neuromarkers, will be obtained through the analysis
of sets of magnetic resonance images (MRI) of OCD patients and control
subjects.

The design of the neuromarkers stems from a method for the auto-
matic discovery of clusters of voxels relevant to OCD recently published
by the authors. With these clusters as starting point, we will define the
neuromarkers as a set of measurements describing features of these in-
dividual regions. The principal goal of the project is to come up with a
set of about 50 neuromarkers for OCD characterization that are easy to
interpret and handle by the psychiatric community.

1 Introduction

In some areas of medicine it is quite common to find punctuation systems that
allow for state evaluation and patient diagnosis. For instance APACHE II (Acute
Physiology and Chronic Health Evaluation) [17] is one of the most widely used
score systems to quantify the seriousness of critical patient’s state by means of
12 factors or routine physiological measures (blood pressure, body temperature,
heart rate, etc.). Among these punctuation systems we can also find the Ranson
criterion, which predicts the severity of acute pancreatitis [26], the Glasgow scale
[15], used to measure a person’s conscience level, or the SAPS II index (Simplified
Acute Physiology Score) [19] which, as the APACHE II index, estimates the
severity of a patient’s state. It has been shown that the adequate use of these
scores provides a better characterization of the illness and helps researchers
analyse the success of new therapies and compare their effectiveness in different
hospitals.

However, psychiatry lacks direct and objective indicators of a subject’s phys-
iological state for the diagnosis of a certain pathology or its evolution analysis
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[23]. To this end, psychiatrists usually use the Diagnostic and Statistical Manual
of Mental Disorders, which provides a classification of mental illnesses along with
descriptions of the diagnostic categories based on the patient’s medical history
and the disorders they may show. Over the past few years, neuroanatomical
and neurofunctional analysis have become common practise in the evaluation
of certain mental conditions by means of Magnetic Resonance Imaging (MRI),
either structural (sMRI) or functional (fMRI), aimed at the study of pathologies
and the detection of the structural brain anomalies that cause them [4] [31]. For
this purpose, different techniques have been proposed in the literature, such as
voxel based morphometry” (VBM) [2], enabling the analysis of structural ab-
normalities in the brain; or the “General Linear Model” [1], which establishes
a mathematical model to either analyse sMRI data or obtain the functional re-
sponse of the brain in fMRI studies. These research lines have laid the basis for
the re-evaluation of previous neuroanatomical hypotheses that were considered
to be associated with certain disorders, and the proposal of new models with
a sound biological foundation, although in some occasions these results have
not been correctly translated to the clinical practise [23]. As a result, there has
been a growing interest in the application of other analysis strategies, such as
machine learning (ML) methods, since they are able to describe differences be-
tween patient and control groups and to obtain mathematical models that allow
discerning between them [20].

ML techniques have positioned themselves as some of the most promising
options to extract relevant information from the neuroimaging data through
statistical learning methods. These approaches have the main characteristic of
being able to automatically learn a model of data from a collection of examples,
which in many occasions can enable the detection of information that would
otherwise be hidden from the eyes of an expert. For this reason, ML methods
are being successfully used in data based diagnosis in many fields of medicine. For
instance, they are being used in the classification of tissue-cells, the segmentation
of retinopathy, the detection breast-cancer or auricular arrhythmia, just to name
a few.

Furthermore, the multivariate nature of these techniques, as well as their
ability to extract the greatest amount of available information possible when
the number of data is limited (a very common situation with MRI data) has
favoured the widespread use of ML tools in neuroimaging analysis [25] and the
diagnosis from this type of data [16]. So far, scientific production in relation
to neuroimaging and ML methods has followed a path in which the psychiatric
community provides MRI data from an experiment designed to study the brain,
and the ML community directly applies standard techniques. Because of this,
we can find many examples of the application of ML approaches to magnetic
resonance experiments, such as brain mapping from fMRI data sequences [37],
temporal fMRI series analysis [18] or brain state decoding [14] [21]. Clinical
applications can also be found, in which the goal is to detect a particular mental
illness, such as Alzheimer’s disease [34], schizophrenia [5] or obsessive compulsive
disorder (OCD) [29] [24].
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Due to the small sample problem presented by MRI data bases (the number
of dimensions is several orders of magnitude greater than the number of training
examples), it is common to find ML approximations that apply an intermediate
feature selection or extraction step, thus reducing the problem’s dimensionality
and making the outcome of the processing step easier to interpret. By this pro-
cess, the final machine or classifier that detects the illness will only use a subset
of the original voxels (three dimensional pixels) or some transformation thereof.
Among these approximations, ideas such as those proposed in [33] or [36] stand
out. Their approach is to directly define voxel groups and represent each one
by the mean value of the voxels they comprise. The methods presented in [6]
apply a t-Test as a step prior to the classification process to eliminate irrelevant
voxels. The approximations introduced in [8] and [9] employ a Recursive Feature
Elimination method (RFE) [11] to select the voxel subset that is most relevant
to the classification phase. Other distinguishable lines of work include those pro-
posed in [32], [27] and [7] in which sparsity inducing regularizations are directly
included in the classifier to obtain the relevant voxel subset during the design of
the classifier.

The vast majority of methods proposed in the literature using ML with MRI
data focus on analysing differences between patient and control groups. These
methods provide a decision on the class to which each MRI belongs in the form
of a probability value or a binary value (patient/control), further proving that
the images contain relevant information for the diagnosis. In the best cases these
studies also provide a subset of voxels or regions that characterize the pathology,
which can indicate the psychiatrist or neurologist that a particular region of the
brain presents structural or functional differences between healthy and ill sub-
jects. However, given the isolated analysis of these regions in an MRI scan from a
single patient, the psychiatrist or neurologist is unable to determine whether the
subject is ill or not: the discrimination pattern provided by the classifier com-
prises, together with these regions and groups, a series of mathematical relations
between them that are not directly manageable and are practically impossible
to interpret in most cases.

The goal of this paper is to propose a new paradigm to discover biomarkers
capable of characterizing OCD. These biomarkers, which we will call neuro-
markers, will be obtained through the automatic analysis of sets of MRIs of
OCD patients and control subject differences. In order for these neuromarkers
to have penetration in clinical psychiatry, they will have to be interpretable and
manageable.

The design of these neuromarkers stems from a method for the automatic dis-
covery of clusters of voxels relevant to OCD recently proposed in [24]. With these
regions as a starting point, we will define several candidates to become neuromark-
ers, that is, a set of measurements describing features of these individual regions.
In order to obtain a reduced subset of neuromarkers for OCD characterization,
we will apply different selection strategies to remove irrelevant features. This will
result in a small set of neuromarkers that is easy to interpret and handle by the
psychiatric community. Experiments will analyse the suitability of each subset of
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neuromarker candidates, as well as the different selection strategies, showing that
we can handle a subset of no more than 50 neuromarkers maintaining the original
performance in terms of classification error.

The rest of paper is organized as follows: Section 2 reviews the method pre-
sented in [24], that will be used as starting point to define the relevant regions for
OCD characterization; Section 3 introduces the different kinds of neuromarker
candidates as well as the different strategies considered for their selection; ex-
perimental results will be presented in Section 4; finally, Section 5 summarizes
the main conclusions and proposes some future research lines.

2 Related Work: A Review on Discovering Brain Regions

2.1 Bagged Support Vector Machines

An MRI brain scan provides a vector in which each element is a voxel associated
with the probability of it being gray matter. Therefore, linear classifiers in such
an input space admit a pretty straightforward interpretation of the role of each
voxel in the discriminant function. A linear classifier assigns each brain scan of
D voxels, x = [x1, . . . , xD]T , to a possible output class, ŷ(x), using

ŷ(x) = sign
(
wTx+ b

)
= sign

(∑D

d=1
wdxd + b

)
(1)

where w = [w1, . . . , wD]T and b are the weight vector and the bias term of the
classifier, respectively.

Borrowing some ideas from the starplots method of [3], the bagging procedure
applied here trains a linear SVM with a subset of M instances of the training
data and repeats this procedure a significant number of times, R. It then counts
the number of times that each weight wd takes positive and negative values,
classifying wd in one of these two groups:

– Those wd that take positive (or negative) values in at least r iterations.
– Those wd that are not sign consistent in at least r iterations.

The contribution to the final classification of those voxels belonging to the
second group depends on the particular selection of the training set, thus they
can be considered as non critical for the discriminative task and can be discarded.
Therefore, the selection method consists in picking the features from the first
group, since they are consistently relevant for the classification.

2.2 Refined Voxel Selection with Conformal Analysis

The above voxel selection method still suffers from the small sample problem.
This can be further alleviated with some ideas from Conformal Analysis (CA)
[35]. In a nutshell, CA is based on assessing the likelihood of every test sample
being assigned to each possible output class, and choosing the class that is most
likely.
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Training data {x(i), yi}li=1

Test data xtest

{x(1), · · · , x(l), xtest}
{y(1), · · · , y(l), 1}

y = 1
test

y = −1
test

{x(1), · · · , x(l), xtest}
{y(1), · · · , y(l),−1}

V+ V−

V = V+ ∩ V−

SVM Bagging

Fig. 1. Workflow of the CBS algorithm

The CA philosophy completes the voxel selection in the following manner. For
every test sample xt, we carry out the voxel selection twice. We first obtain a
subset of voxels, V+, considering yt = +1. Then we obtain a second subset, V−,
considering yt = −1. The final set of voxels used in the training of the classifier,
that we will label V , is the intersection of V+ and V−. The intuition behind this
is that the voxels present in one of the subsets but not in the intersection de-
pend strongly on the specific labelling of xt, therefore they are depicting specific
subject traits, instead of characterizing the pathology.

Figure 1 shows the workflow employed to apply the bagging SVM approach
in combination with the CA refinement.

2.3 Discovering Brain Regions Relevant to OCD

The application of the above process to the OCD problem (details of this dataset
are given in Section 4) has allowed us to discard 92% of the voxels, finding a sub-
set of approximately 40.000 voxels which are clustered in regions. We have then
applied a post-processing algorithm targeted at discovering regions by simply
including connected voxels in the same cluster. On average, across the differ-
ent LOO (Leave One Out) iterations, the clustering finds 718 ± 40 groups of
connected voxels.

The relevance of these groups of voxels towards the characterization of the
OCD patology is made clear when they are used to classify patients and con-
trols, since the use of this subset of voxels provides a classification error of around
26.2%, whereas state-of-art approaches get performances around 35%-40%. Fur-
ther details of this procedure, as well as the results obtained over the OCD
dataset, can be found in [24].
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3 Discovering Neuromarkers

3.1 Defining and Selecting Neuromarkers

Despite the usefulness of the aforementioned process, the obtained subset of
voxels presents an unfriendly characterization of the OCD pathology, since its
huge size (40.000 voxels) makes it unmanageable and difficult to understand for
the clinical community. It is almost impossible to relate the value of each voxel
with the brain deformity or dystrophy which may characterize the disorder.

However, we can exploit the grouped distribution of these voxels to define a
set of measurements, each of them associated to a single brain region, which are
able to represent the relevant information of these brain regions in a friendlier
way. Due to the fact that these measurements must be useful for disease char-
acterization, we will denote them as neural biomarkers or simply neuromarkers.

Taking into account that each voxel of an MRI scan is characterized by its
grey matter probability with the variable xd, d = 1, . . . , D, and that we have
grouped the relevant voxels in a subset of brain regions, each of them indexed by
Sg, g = 1, . . . , G, we can now characterize the gray matter probability of these
regions with some measurements that we will exploit as neuromarkers:

1. Averaged (AV) grey matter probability
This first measurement directly obtains a single parameter over each brain
region by averaging the gray matter probability values of the voxels that
belong to it. That is,

AVg =
1

| Sg |
∑

i∈Sg

xi

where | Sg | is the number of voxels in a brain region g.
2. Variance (VAR) of the grey matter probability

We consider the variance of the voxel gray matter probability to represent
each brain region. Thus, each VAR marker is computed as:

VARg =
1

| Sg |
∑

i∈Sg

(xi −AVg)
2

3. Accumulated (AC) grey matter probability
Another interesting parameter can be obtained by summing all the xi proba-
bilities belonging to the same region. In this way, the AC parameter is given
by:

ACg =
∑

i∈Sg

xi

Note that, unlike AV markers, this marker is not dividing by the brain region
size. Therefore, it is indirectly including the brain region volume.

4. SVM weighted (WE) grey matter probability
Finally, we can use the information provided by the linear SVM classifier to
extract the relevant information of each brain region. A linear SVM classifier
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applied over the overall set of selected voxels S computes the output for a
sample x as:

f(x) =
∑

i∈S

wixi + b (2)

If we split the index set S into the different brain regions (S = S1 ∪ S2 . . .∪
SG), (2) can be rewritten as:

f(x) =

G∑

g=1

∑

i∈Sg

wixi + b (3)

and each term of the inner summation would be summarizing the information
of each region. So, we can define the WE neuromarker as:

WE =
∑

i∈Sg

wixi

This gives us four kinds of neromarkers for OCD characterisation, providing
a single parameter for each brain region. However, with the intention of char-
acterizing the pathology with even fewer markers, we will also introduce some
feature selection strategies to be applied over these sets of neuromarkers.

In particular, we will consider the following feature selection approaches:

1. Ranking based on variance
A quick glance over the neuromarker values reveals that some of them are
constant over all subjects, regardless of whether they are patients or con-
trols. Therefore, a simple criterion to remove this redundancy is to rank the
neuromarkers according to their variance.

2. T-test
The second criterion applies a standard t-test [12] to analyze the statistical
differences of the neuromarkers belonging to patient and control popula-
tions. The resulting p-values of the test allows us to rank the neuromarkers
according to its significance.

3. Recursive Feature Elimination (RFE)
This method [11] aims at finding the subset on N features that are able to
provide the largest classification margin in a SVM classifier. For this purpose,
the RFE approach carries out a backward feature elimination by removing at
each iteration the data feature that least decreases the SVM margin. When
a linear SVM classifier is applied, this process is simplified by iteratively
training a linear SVM and removing the feature with the smallest value
|wi|. As in previous criteria, this recursive elimination process will provide a
sorted list of neuromarkers in order of relevance.

4. Ranking based on correlation
This criterion supposes that good neuromarkers should be highly correlated
with the classification task. Thus, another straightforward selection proce-
dure is to rank the neuromarkers according to their correlation with the
patient/control labels.
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5. Ranking based on HSIC
The previous criterion analyses the linear relationships. This strategy ex-
tends this idea by measuring non linear relationships by means of the Hilbert-
Schmidt independence criterion [10], [28].

4 Experimental Work

4.1 Dataset Description

Eighty-six subjects with OCD (44 males; mean±SD age, 34.23±9.25 years) were
recruited from the outpatient service of the Department of Psychiatry of the
Bellvitge University Hospital, Barcelona (Spain), paired with a group of 86
healthy control subjects, with the same age and gender distribution (43 males;
33.47±9.94 years old).

Images were acquired with a 1.5-T Signa Excite system (General Electric,
Milwaukee, Wisconsin) equipped with an 8-channel phased-array head coil. A
high-resolution T1-weighted anatomical image was obtained for each subject us-
ing a 3-dimensional fast spoiled gradient inversion-recovery prepared sequence
with 130 contiguous slices (TR, 11.8 milliseconds; TE, 4.2 milliseconds; flip an-
gle, 15o; field of view, 30 cm; 256×256 pixel matrix; slice thickness, 1.2 mm).
Imaging data were transferred and processed on a MS Windows platform using
MATLAB 7.8 and Statistical Parametric Mapping (SPM8). Following the in-
spection of image artifacts, image preprocessing was performed. Briefly, native-
space MRIs were segmented into the three tissue types (gray and white matter,
and cerebrospinal fluid, although only gray matter segment were used in the
present study) and normalized to the SPM-T1 template by means of a DAR-
TEL approach. Additionally, the Jacobian determinants derived from the spatial
normalization were used to modulate image voxel values to restore volumetric
information. Finally, images were smoothed with a 4 mm full-width at half max-
imum (FWHM) Gaussian kernel.

4.2 Analysis of Neuromarker Performance

In this section we analyse the usefulness of each neuromarker and the extent
to which we can reduce their number by means of the aforementioned feature
selection strategies. To this end we shall consider a neuromarker to be useful if
we can maintain a classification error that is similar to the 26.2% obtained before
its construction. Furthermore, to select the optimum number of neuromarkers
to be used, a nested LOO process, which provides a validation error for each
number of selected neuromarkers, has been applied.

Table 1 illustrates the effectiveness of our neuromarker types, paired with each
selection strategy, at characterising OCD by means of the classification error and
the number of neuromarkers that yield said error. For comparison, the first row
shows the error rate obtained with the full set of neuromarkers.

Overall, the most capable neuromaker is by far the WE type. Most selection
criteria converge at errors of around 30% when applied with it. Moreover, the
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Table 1. Analysis of the LOO classification errors (CE) and number of neuromarkers
(# NM) obtained by selection criteria and neuromarker type

AV VAR ACC WE

All neuromarkers
CE (%) 35.47 49.42 33.14 28.49
# NM 718 718 718 718

Variance ranking
CE (%) 37.21 50.58 36.63 28.49
# NM 80.30 144.81 40.02 38.84

t-Test selection
CE (%) 34.88 52.91 38.37 32.56
# NM 258.25 198.75 286.65 525.83

RFE
CE (%) 36.05 51.16 32.56 30.23
# NM 132.88 245.03 224.45 60.26

HSIC-Test ranking
CE (%) 38.37 47.09 40.12 31.98
# NM 96.81 148.20 54.76 48.41

Correlation ranking
CE (%) 40.12 50.00 40.70 32.56
# NM 575.40 435.61 513.93 527.51

number of relevant features needed to characterise the pathology using this neu-
romarker is well under 100 with the variance ranking, HSIC ranking and RFE
methods.

Specifically, the most effective criterion is the WE neuromarker type paired
with a variance ranking selection strategy. This combination produces an error
of 28.49%, which is only slightly greater than the error obtained with no feature
selection, while the number of voxels it employs is one order of magnitude smaller
(around 718 versus an average of 38.84).

4.3 Neuromarker Interpretation

Given the results of the previous section, we will now analyse the relevance and
neuroanatomical position of each WE neuromarker. In particular we shall focus
on the subset of neuromarkers selected by the variance ranking criterion.

Due to the fact that we are managing 172 iterations of a LOO procedure,
we have obtained 172 different subsets of neuromarkers with an average size of
38.84. In order to obtain a subset that is easy to interpret, we have merged
all these subsets into a single one comprising 59 neuromarkers. Note that these
neuromarkers present varying consistencies in the voxels they contain over the
172 iterations, meaning that some of these voxels appear in every iteration while
others in just a few.

To analyse the relevance of each neuromarker, we have studied the classifica-
tion error variations provided by the classification system when one neuromarker
is removed from the training set. Table 2 shows these CE rate deviations for the
most important neuromarkers, that is, those which cause a significant CE incre-
ment when they are not used during training. To complete this analysis, Table 2
also includes the most significant MNI neuroanatomical [30] regions (those whose
consistency is greater than 50%) and Figures 2-6 show the localization of the five
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Table 2. Neuroanatomical analysis for the most important neuromarkers

NM ranking Δ CE (%) MNI ROIs

1 6.39 Temporal Sup-Mid L

2 5.81 Frontal Inf Tri-Orb R; Insula R

3 4.65 Insula L; Putamen L; Pallidum L

4 4.65 Parietal Inf L; SupraMarginal L

5 3.49 Frontal Sup-Mid R

6 2.9
Calcarine L-R; Lingual L; Precuneus L-R;
Cerebelum 6 L; Vermis 4-5-6

7 2.9

Olfactory L-R ; Frontal Med Orb L; Rectus L; Cingulum Ant R;
Lingual L-R; Occipital Inf R; Fusiform L-R; Precuneus L
Caudate L; Pallidum L; Thalamus L-R; Temporal Inf R
Cerebelum Crus-1-3-4-5-6-7b-9-10 L-R; Vermis 1-2-3-4-5-7-10

8 2.9 Temporal Sup-Mid R

9 2.9
Frontal Inf Oper-Tri R; Insula R; Putamen R;
Pallidum R; Heschl R; Temporal Sup-Pole Sup R

10 2.9
Precentral R; Frontal Mid R; Postcentral R;
Parietal Inf R; SupraMarginal R

11 2.9 Parietal Inf R; SupraMarginal R; Angular R; Temporal Sup R

12 2.9 Frontal Mid L

13 2.9 Cerebelum Crus2-7b-8 R

14 2.32 Lingual R

15 2.32 Fusiform L; Temporal Inf L

16 2.32 Frontal Sup-Mid L

17 2.32 Frontal Med Orb L-R; Rectus L-R

18 2.32 Frontal Sup Orb L; Rectus L

19 1.74 Cuneus L; Parietal Sup L; Precuneus L

20 1.16
Occipital Inf L; Parietal Sup-Inf L; SupraMarginal L;
Angular L; Temporal Sup-Mid L

21 1.16 Temporal Sup-Mid-Inf R

22 1.16 Temporal Mid L

23 0.58 Precentral; Frontal Sup-Mid L

24 0.58 Frontal Sup Medial L-R; Cingulum Ant L-R

25 0.58 Precentral L; Frontal Mid L

26 0.58 Hippocampus L-R

27 0.58 Occipital Sup-Mid R

most important neuromarkers, with color intensity indicating the consistency of
each voxel (white means a voxel was selected in all the iterations).

The five most relevant neuromarkers to OCD are located in the frontal, tem-
poral and parietal lobes. Three of them appear in regions traditionally associated
with the disorder, such as the orbitofrontal cortex (right inferior frontal and mid-
dle frontal gyri) and the striatum (putamen and globus pallidum, extending to
the adjacent insular cortex). Such regions are part of the distributed cortico-
striatal circuits know to be involved in OCD pathophysiology [13]. Specifically,
while striatal regions seem to be hyperactive (and volume increased), prefrontal
areas seem to be hypoactive (and volume decreased) and inefficient in regulating
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Fig. 2. Position of the first ranked neuromarker, which is mainly located in the ROIs:
Temporal Sup-Mid L. Each voxel’s color intensity indicates its consistency.

Fig. 3. Position of the second ranked neuromarker, which is mainly located in the
ROIs: Frontal Inf Tri-Orb R and Insula R. Each voxel’s color intensity indicates its
consistency.
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Fig. 4. Position of the third ranked neuromarker, which is mainly located in the ROIs:
Insula L, Putamen L and Pallidum L. Each voxel’s color intensity indicates its consis-
tency.

Fig. 5. Position of the fourth ranked neuromarker, which is mainly located in the ROIs:
Parietal Inf L; SupraMarginal L. Each voxel’s color intensity indicates its consistency.
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Fig. 6. Position of the fiveth ranked neuromarker, which is mainly located in the ROIs:
Frontal Sup-Mid R. Each voxel’s color intensity indicates its consistency.

enhanced striatal activity, which leads to the development of the repetitive and
ritualized behaviors characteristic of the disorder.

The other two regions (superior temporal and supramarginal gyri) have less
frequently been associated with the disorder, although they are also connected
to subcortical striatal regions and thus may also be considered as part of the
extended cortico-striatal circuitry. Indeed, the role of the parietal cortex (i.e.,
supramariginal gyrus) in striatal regulation and the importance of such parieto-
striatal connectivity for OCD has already been incorporated in more recent
neurobiological models of the disease [22].

5 Conclusions

This paper establishes a framework to automatically obtain a set of neuromarkers
capable of characterizing obsessive-compulsive disorder (OCD). The presented
work analyses different kinds of candidates for neuromarkers, as well as different
feature selection criteria to reduce their number as much as possible.

Experimental results reveal that the definition of neuromakers from the weights
of a linear SVM classifier in combination with a selection process based on their
variance is able to provide a subset of no more than 50 values that are easy to
interpret and handle by the psychiatric community.

Further work will be focused on studying whether these neuromarkers can
also be used to analyse the patient’s evolution, detect a pathology’s subtype or
even to aid in the prescription process. Furthermore, we also intend to extend
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this framework to other pathologies that could benefit from being characterized
by neuromarkers.
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