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Abstract—We present a new framework for the diagnosis of
schizophrenia based on the spectro-temporal patterns selected
by a support vector machine from multichannel
magnetoencephalogram (MEG) recordings in a verbal working
memory task. In the experimental paradigm, five letters
appearing sequentially on a screen were memorized by
subjects. The letters constituted a word in one condition and a
pronounceable nonword in the other. Power changes were
extracted as features in frequency subbands of 248 channel
MEG data to form a rich feature dictionary. A support vector
machine has been used to select a small subset of features with
recursive feature elimination technique (SVM-RFE) and the
reduced subset was used for classification. We note that the
discrimination between patients and controls in the word
condition was higher than in the non-word condition (91.8% vs
83.8%). Furthermore, in the word condition, the most
discriminant patterns were extracted in delta (1-4 Hz), theta (48Hz) and alpha (12-16 Hz) frequency bands. We note that these
features were located around the left frontal, left temporal and
occipital areas, respectively. Our results indicate that the
proposed approach can quantify discriminative neural patterns
associated to a functional task in spatial, spectral and temporal
domain. Moreover these features provide interpretable
information to the medical expert about physiological basis of
the illness and can be effectively used as a biometric marker to
recognize schizophrenia in clinical practice.

I. INTRODUCTION

S

CHIZOPHRENIA is a mental disorder that affects
approximately 1% of people over 18 years of age all
over the world [1]. This disorder causes multiple
impairments in cognitive domains such as attention,
memory, executive functions and language. In addition
schizophrenia is also associated with symptoms such as
auditory hallucinations,
delusions
and
emotional
dysregulation. Combined, the cognitive impairments and the
symptoms of the disorder, impact the life of patients
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significantly. To date, the diagnosis of schizophrenia is
based only on clinical observations and the patient selfreported experiences. The diagnosis of schizophrenia
remains uncertain since there are no biological markers to
validate the clinical diagnosis.
Therefore in the last several years there has been an
increasing interest in finding biological markers that may
enable early diagnosis of schizophrenia as well as other
mental illnesses. In particular several research groups are
exploring the brain functions by using a variety of
noninvasive measures of brain activity such as functional
magneto
resonance
imaging
(fMRI)
[2,
3],
electroencephalography
(EEG)
[4,
5
and
6],
magnetoencephalography (MEG) [7]. Generally the brain
activity is monitored under two conditions: (i) Resting state
and (ii) Functional state. During the resting state studies, the
subjects are asked to fixate their eyes on a cross during the
experiments. In contrast during the functional state studies,
the subjects are given a warning stimulus or they are
engaged with a specific task and related activity patterns are
used for further analysis.
Studies that used features reflecting functional brain activity
report higher classification accuracy (≈90%) than studies
that used features from resting state brain activity (60-80%).
Consequently, it is reasonable to expect that studies of brain
activity associated with functional impairments of
schizophrenia patients will provide more information than
resting state studies. However due to the complexity of used
classifiers, it is difficult to understand the physiological
basis associated with discrimination power.
In this paper we also use the brain activity related to a
functional task to discriminate between schizophrenia
patients and healthy controls. In addition we quantify
extracted patterns in spatial, spectral and temporal domain to
provide interpretable information to the medical expert
about physiological basis of the illness. This may provide
significant contribution in understanding the pathology in
brain function. For this particular purpose we obtained the
neural activity with MEG during a verbal memory task.
Abnormal working memory neural correlates have been
frequently reported in this illness [8]. In the following step
we extracted spectro-temporo-spatial features from
multichannel MEG data. This constituted a quite large
predictor space where the sample size is low. Therefore it is
difficult to identify relevant patterns that discriminates
schizophrenia patients from controls. To handle this problem
we use a maximum margin, support vector machine,
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Fig. 1. The timing diagram of working memory paradigm. Five sequential
letters appearing on the screen resulted in either a word or a
pronounceable nonword. Each sequential letter appeared only for 150 ms
on the screen. The neural activity related to “Encode” and “Maintain”
stages are used in further steps in classification.

classifier with a recursive feature selection procedure that
has been previously used in the area of Genomics. Finally
we study the spectral, temporal and spatial content of
selected features for discrimination.
This paper is organized as follows. In the next section we
describe the verbal memory experimental paradigm and
provide a detailed explanation of feature extraction and
classification strategy. Finally we provide experimental
results and discussion.
II. MATERIALS AND METHODS
A. Experimental Paradigm and MEG recordings
A modified Sternberg paradigm was used to assess verbal
working memory [9]. (See Fig. 1) Five letters were
presented sequentially on a computer screen in 1 sec. Let us
call this time segment the “encode stage” in the rest of the
paper. Each letter appeared for 150 ms followed by a 50 ms
blank screen. The letters constituted either a word (50% of
the trials) or a pronounceable non-word. Two seconds after
the last letter a probe letter appeared on the screen. We will
use the term “maintain stage” for this two second time
period following the letter presentation. There was a 50%
probability that the probe letter was one of the previously
shown letters. The subjects were asked to decide whether the
probe letter was one of the previously shown letters or not
(in/out). The response was provided by a button press (left
button for yes and right button for no). Word and non-word,
and in/out trials were randomized with equal probability.
Sixty trials were recorded for each condition. All subjects,
except one control, had correct responses in about 70% of
the trials. Those subjects with less than 70% accuracy were
rejected from the analyses. The correct trials were analyzed
in further steps. For the controls, the numbers of available
trials in word and non-word conditions were 52.4±6.2 and
50.6±6.1, respectively. For the patients, the numbers of
available trials were 43.3±11.7 and 41.8±11.5, respectively.
There was a significant difference between the correct
responses in word and non-word condition for controls
(p<0.03, paired t-test) but not for patients (p=0.17, paired t-

test). The performance of the controls was significantly
better than patients in both word and non-word conditions
(p<0.0039 and p<0.0053) respectively. MEG recordings
were obtained from 15 patients (12 males and 3 females)
meeting the DSM IV diagnostic criteria for schizophrenia
and 23 healthy controls (14 males and 9 females) that were
all right handed subjects. MEG data were recorded from 248
axial gradiometers with a 1 KHz sampling frequency during
this experimental paradigm (Magnes 3600WH (4D
Neuroimaging,
San
Diego
CA).
In
parallel,
electrocardiogram (ECG) and electrooculogram recordings
were also obtained for artifact correction. Principal
component analysis was used to remove ECG and eye
movement artifact from the MEG data [10]. Epochs with
residual artifact activity were visually inspected. Then, the
successful trials were bandpass filtered between 1-64Hz and
down sampled to 250Hz. All artifact rejection and data
preprocessing steps were accomplished using BESATM. All
trials were exported into ASCII files for further analysis
using MatlabTM.
B. Extracting Working Memory ERD/ERS Patterns
The brain electrical activity related to a working memory
task is well studied in literature by using event related
potentials. Since this activity is phase locked to the event,
related raw data is averaged over trials. In this paper we use
patterns embedded in oscillatory components of brain
activity and which are not phase locked to the event. In
particular we computed event related desynchronization
(ERD) and synchronization (ERS) which are described as
short lasting power changes related to a stimulus [11]. In
literature ERD and ERS patterns has been used to quantify
activated cortical areas. It has been shown that the ERD and
ERS patterns have frequency specific behavior. Therefore in
this study we used ERD and ERS patterns to quantify
activated cortical areas. We compute the ERD and ERS
waveforms of several frequency bands of MEG. Let x (i , j )
be the power of the jth sample of the ith trial which was
obtained first by filtering the MEG in a frequency band of
interest and then squaring the subband activity. The ERDS is
denoted as the percentage of power change with respect to a
reference interval. The reference R was calculated as the
average power of a two second interval before the onset of
letters in our experimental paradigm. The ERD/ERS for
each sample point was then calculated as
ERDS ( j ) =

A( j )− R
× 100%.
R

(1)

where and A ( j ) is the mean power at the jth sample. Here a
negative percentage value indicates ERD and a positive one
ERS. Rather than focusing on a fixed frequency interval, the
MEG activity was decomposed into 6 different frequency
subbands by using a second order Butterworth filter. The
bandwidth of each subband was set to 4Hz in 1-16Hz range
and 8Hz in 16-32Hz. Prior to obtaining the percentage
values in each band, the power data were smoothed with a

3555

250ms long Gaussian kernel. Then the mean power was
estimated in 250ms windows with 125ms overlaps to reduce
the number of time points for the ERDS calculation.

maximum margin is defined as
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C. Recursive Feature Elimination and Classification with
Support Vector Machines
The ERDS waveforms are computed for all 248 MEG
channels and six frequency subbands. Each waveform
contained 24 time points starting from the onset of the letter
presentation and extending to the end of memorization stage.
This constituted a predictor space with a dimension
N=35712 per condition. Obviously this is a very high
dimensional space and it is difficult to use all features for
classification due to overlearning problem in a small sample
size. Similar problems do also exists in the area of Genomics
where the expression profiles of a large number of genes
measured on a limited sample space where one is interested
into those genes that discriminates between two groups [12].
Recently this problem has been successfully tackled by a
recursive feature elimination strategy by using a support
vector machine classifier (SVM-RFE) for relevant gene
selection in cancer classification [12]. The support vector
machine classifier searches for the maximum margin that is
estimated from to the training patterns, support vectors,
which are most difficult to classify. The resulting classifier
has higher generalization capacity in higher dimensions
which is the result of its large margin. In linear SVM the
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Fig. 2. The classification error rate versus the number of features in
Word and Nonword conditions. Note that the system provided lower
error rates in Word condition by using smaller number of features than
Nonword case (C=1).

maximum margin level that can be achieved by the
classifier. In the following steps the weight values are
squared and those ones that are smaller than a threshold are
recursively eliminated. This step corresponds discarding
feature indices that have minimal contribution on the margin
definition. This procedure is iterated to select a subset of
features. In the meanwhile the size of the margin is reduced
with each elimination step. This algorithm has been
successfully used in detection of biomarkers for cancer
classification by inspecting the expression profiles of
thousand of genes.
In our study we used SVM-RFE method to select a subset
of spectro-temporo-spatial patterns for discrimination
between controls and schizophrenia patients. Due to high
dimensionality and to speed the feature selection procedure
we eliminated more than one feature in each step as
suggested in [12]. In particular we removed 1000 features
initially and slowly decreased this number to one feature at a
time.

k

Here x ∈ℜ is the feature vector of a sample with label

y ∈ {−1,1} , v is the weight vector and b is the bias term
ζ j is the slack variable allowing margin errors, and C is a
parameter set by the user that controls the trade off between
the size of the margin and the number of support vectors
inside the slab. In the optimization problem above the
objective function is a quadratic function of the variables v
and ζ and the constraints are linear function of the
variables.
As defined above the maximum margin is defined by as

2
v

2

. Obviously the margin is defined from weight

magnitude. In SVM-RFE framework the maximum margin
is initially estimated by training the classifier with all
features in the training set. This corresponds to the

III. RESULTS
We conducted several experiments to asses the effect of
functional activity in classification accuracy. A leave one
subject out method was used to asses the classification
performance of the proposed system. Interestingly we
observed that the best classification result (91.9%) was
obtained in Word condition. The classification accuracy in
Nonword condition was 83.8%. The classification error rate
versus the number of selected features is given in Fig. 2. In
Nonword condition the best classification accuracy was
obtained with 53 features. We note that the SVM classifier
provided the best classification rate with 31 features in
Word condition. In particular the recognition accuracy was
93.3% for schizophrenia patients and 90.1% for controls. In
order to understand better the underlying physiological
characteristic of the selected features, we extracted their
spatial and spectral content and visualized in Fig. 3 by using
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TABLE I
CLASSIFICATION ACCURACIES FOR DIFFERENT VALUES OF C PARAMETER
C

Word

Nonword

0.1
1
10
100

91.9
91.9
91.9
86.5

75.5
83.8
81.1
75.7

activity in a functional task and that these features can be
used effectively in recognizing patients in schizophrenia.
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Fig. 3. Subband specific two dimensional head topographies of selected
features by SVM-RFE in Word condition. The darker regions indicate the
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