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Abstract
Schizophrenia is a complex mental disorder. So Identification 
of Schizophrenic is very important in quantitative biological 
research. In this paper, I proposed a method of classification of 
schizophrenia and healthy controls, using a neural network and 
ICA. A reliable technique for discriminating schizophrenia based 
upon Functional Magnetic Resonance Imaging (fMRI) would be 
a significant advance. fMRI technology enables medical doctors 
to observe brain activity patterns that represent the execution of 
subject tasks, both physical and mental. The scans were acquired 
on 1.5T Siemens scanner. 
The data was preprocessed Using SPM and then ICA is applied 
to fMRI data, that has been fruitful in grouping the data into 
meaningful spatially independent components. Work discussed in 
this paper specifically focuses on fMRI data collected from both 
healthy controls and patients diagnosed with schizophrenia. The 
neural networks are trained using the back propagation algorithm, 
in which the error signals are propagated backward through the 
network. In a three layer neural network the weights are updated. 
The output of neural network will be ‘yes’ or ‘no’ i.e. patient is 
schizophrenic or not. This is how I classify schizophrenic and 
healthy controls and got better results. 
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I. Introduction 
Schizophrenia is a mental disorder with an unknown physiology. 
Schizophrenia is a complex psychiatric disorder that has eluded a 
characterization in terms of local abnormalities of brain activity. 
The objective of this work is to identify biomarkers predictive of 
schizophrenia based on fMRI data collected for both schizophrenic 
and non-schizophrenic subjects performing a simple Sirp task in 
the scanner. Unlike some other brain disorders (e.g., stroke or 
Parkinson’s disease), schizophrenia appears to be “delocalized”, 
i.e. difficult to attribute to a dysfunction of some particular brain 
areas. Functional Magnetic Resonance Imaging technology 
enables medical doctors to observe brain activity patterns that 
represent the execution of subject tasks, both physical and mental. 
These include localizing regions of the brain activated by a 
task, determining distributed networks that correspond to brain 
function and making predictions about psychological or disease 
states. Each of these objectives can be approached through the 
application of suitable statistical methods. This role can range 
from determining the appropriate statistical method to apply to a 
data set, to the development of unique statistical methods geared 
specifically toward the analysis of fMRI data. My primary goal was 
to determine the degree to which the spatial maps for schizophrenic 
patient and healthy control maps discriminated the two groups. 
It is possible to diagnose schizophrenia using fMRI activation 
patterns in schizophrenia I present an approach for classifying 
patients and healthy controls based on fMRI brain activation 
maps generated using the statistical parametric mapping (SPM) 
approach [1]. fMRI analysis of schizophrenia was implemented 
using independent component analysis (ICA) to identify multiple 

temporally cohesive, spatially distributed regions of brain activity 
that represent functionally connected networks. With the activation 
maps, we get better scalability to very large subject pools (e.g., 
hundreds or thousands of subjects), and activation map has the 
potential to integrate data at the activation map level that would 
be technically difficult to combine at the raw data level. In 
schizophrenia, there are differences in fMRI activation in several 
brain regions, even in the absence of measurable differences in 
task performance [2]. 
Over the past decade, fMRI has emerged as a powerful instrument 
to collect vast quantities of data about activity in the human brain. 
A typical fMRI experiment can produce a three-dimensional image 
related to the human subject’s brain activity every half second, 
at a spatial resolution of a few millimeters. fMRI is a technique 
for obtaining three dimensional images related to neural activity 
in the brain through time. More precisely, fMRI measures the 
ratio of oxygenated hemoglobin to deoxygenated hemoglobin in 
the blood with respect to a control baseline, at many individual 
locations within the brain. It is widely believed that blood oxygen 
level is influenced by local neural activity, and hence this blood 
oxygen level dependent (BOLD) response is generally taken as 
an indicator of neural activity.
I present a method for using a training set of fMRI activation maps 
to build classifiers for specific brain conditions. The classifiers 
evaluate activation maps according to their degree of similarity 
to the maps in the training set and assign them probabilities of 
being patient or non-patient.
According to the National Institute of Mental Health (NIMH), 
Schizophrenia is the most chronic and disabling of the severe 
mental disorders. The disease affects some of the most highly 
evolved functions in humans such as perception, memory, 
attention, cognition, and emotion. The cognitive symptoms of 
schizophrenia, which include difficulties with attention, memory, 
and problem solving, can create significant barriers to a normal and 
productive life. Finding treatments for these symptoms has been 
hampered by a lack of scientific consensus on which cognitive 
impairments should be targeted for research and what tools are 
best for measuring them.
Although there has been much work showing difference in the 
fMRI of schizophrenic patients and healthy controls in resting state 
scans, this research focuses on task-related scans, in which the 
subject is performing SIRP task. Because of the high dimensionality 
of fMRI data, a data reduction scheme is typically applied prior 
to ICA. The dimensionality of the data in fMRI is determined 
by the repeat time (TR) parameter. This can be changed from 
scan to scan and has no relationship to the number of sources 
in the brain.ICA is a statistical and computational technique for 
revealing hidden factors that underlie sets of random variables, 
measurements, or signals. 
Feed forward neural networks were used to analyze spatial ICA 
components extracted from the fMRI data and to classify the 
subjects as either patients or healthy controls. Artificial neural 
networks are computational systems whose architecture and 
operation are inspired from the knowledge about biological neural 
cells in the brain. In this paper, the neural networks are trained 
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using the classic back propagation algorithm, which derives its 
name from the fact that error signals are propagated backward 
through the network. The weights of the network are updated 
starting with the hidden to output weights, followed by the input 
to hidden weights, with respect to the sum of square error. 

II. Research Design

A. Data Collection 
The scans were acquired on 1.5T Siemens scanner. Healthy 
comparison subjects and schizophrenic/ schizoaffective male 
and female adults between the ages of 18 and 70 were recruited 
for this study. There could be no contradictions to MRI scanning 
including a cardiac pacemaker, metal fragments in eye, skin, body; 
heart valve replacement, brain clips, venous umbrella, being a 
sheet-metal worker or welder, aneurysm surgery, intracranial 
bypass, renal, aortic clips; prosthetic devices such as middle 
ear, eye, joint, or penile implants, joint replacements; hearing 
aid, neurostimulator, insulin pump; shunts/stents, metal mesh/
coil implants; metal plate/pin/screws/wires, or any other metal 
implants; permanent eyeliner or permanent artificial eyebrows 
or significant claustrophobia.
Control subjects were excluded if they had a current or past history 
of a major neurological, psychiatric, medical illness; previous 
head injury; substance or alcohol dependence; and IQ less than 
75 if they were using migraine treatments; or if a first degree 
family member had a diagnosis of a psychotic illness. Subjects 
with schizophrenia or schizoaffective disorder meeting DSM-IV 
criteria were allowed in the study.. Subjects were excluded if they 
had a current or past history of a major medical illness; previous 
head injury or prolonged unconsciousness; or substance and/or 
alcohol dependence. Patients were also excluded if they currently 
had an IQ less than 75 as measured by the NAART. Subjects were 
required to be clinically stable with no significant changes in their 
psychotropic medications in the previous two months.
Fig. 1 shows the graphical model for schizophrenia. Data were 
preprocessed using the Statistical Parametric Mapping software 
package, SPM5. Data were Slice Timed, spatially smoothed with 
a 8 mm3 full width at half-maximum Gaussian kernel, spatially 
normalized into the standard Montreal Neurological Institute 
space.

B. The Sternberg Item Recognition Paradigm (SIRP)
 A typical SIRP is a continuous performance, choice reaction time 
task that requires working memory (WM). Subjects are asked 
to memorize a set of target digits. They are then presented with 
probes and respond by indicating whether the probe is a target or 
a foil. The number of targets can be varied to provide a range of 
working memory load conditions. This version of the SIRP task 
consisted of three working memory loads, where subjects were 
shown a memory set of 1, 3 or 5 target digits in red, followed by 
a series of probe digits in green.
This version of the SIRP task consisted of three working memory 
loads, where subjects were shown a memory set of 1, 3 or 5 target 
digits in red, followed by a series of probe digits in green. For each 
run, two memory sets for each of the three load conditions, were 
presented. Each condition had three portions: learn, encode, and 
probe epochs. Subjects were asked to learn the sets of red digits 
and instructed to press with their index finger if the green probe 
digit matched one of the targets and with their middle finger if 
it did not. 

Fig. 1: Graphical Model

The order of the three conditions was pseudorandom. In between 
conditions, subjects fixated on a flashing cross. Prior to the start of 
this task, the button box was positioned so that the subject’s right 
index finger was on button 1, and his or her right middle finger 
was on button 2. The targets were presented in red. During the 1 
and 3 target conditions asterisks (*) were presented in place of 
digits to control for the number of items presented on the screen 
across blocks.

C. Preprocessing
Statistical parametric mapping (SPM) is the dominant tool for 
analysis of functional brain data acquired from medical imaging 
modalities such as positron emission tomography (PET) and fMRI 
and is aimed at identification of functionally specialized brain 
regions. SPM is a voxel based hypothesis driven method that 
examines regionally specific responses on the basis of standard 
inferential statistics.
Data were preprocessed using the Statistical Parametric 
Mapping software package, SPM5. Data were Slice Timed, 
spatially smoothed with a 8 mm3 full width at half-maximum 
Gaussian kernel, spatially normalized into the standard Montreal 
Neurological Institute space. During spatial normalization, the 
data (acquired at 3.75 x3.75 x 5 mm3) were re-sampled to 4 
mm3.

D. Independent Component Analysis
Independent component analysis (ICA) is a statistical and 
computational technique for revealing hidden factors that underlie 
sets of random variables, measurements, or signals. ICA defines 
a generative model for the observed multivariate data, which is 
typically given as a large database of samples. In the model, the 
data variables are assumed to be linear mixtures of some unknown 
latent variables, and the mixing system is also unknown. The latent 
variables are assumed non-Gaussian and mutually independent 
and they are called the independent components of the observed 
data. ICA is superficially related to principal component analysis 
and factor analysis. ICA finds the independent components (aka 
factors, latent variables or sources) by maximizing the statistical 
independence of the estimated components. Figure 2 shows the 
some independent components with timecourses which would be 
used for further analysis.
Infomax [3] maximizes the information transfer from the input to 
the output of a network using a non-linear function. A majority 
of applications of ICA to fMRI use Infomax since the sources of 
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interest in this case are super gaussian in nature and the algorithm 
favors separation of super-gaussian sources. However, the artifacts 
present in fMRI data typically have sub-gaussian distributions. 
Z-scores for Infomax were higher than the other algorithms for 
the task-related source, indicating that Infomax achieves a higher 
contrast to noise ratio. Repeated runs showed that the changing 
initial random condition does not change results significantly. 
Infomax is much slower than the other algorithms listed in the 
toolbox.
GroupICA was used to decompose all the data into twenty-four 
components using the GIFT software. For each participant, the 
two runs were concatenated and then reduced from temporal 
dimensions using principal component analysis (PCA) on all in-
brain voxels. Dimension estimation, to determine the number of 
components, was performed using the minimum description length 
criteria, modified to account for spatial correlation [3-4]. 
Data from all subjects were then concatenated and this aggregate 
data set reduced to 24 temporal dimensions using PCA, followed 
by an independent component estimation using a neural network 
algorithm which attempts to minimize the mutual information of 
the network outputs. 

E. Data Extraction
The Infomax ICA algorithm in GIFT was used to estimate 24 
components. For each of the subjects, images for each of the 
above components were loaded into MATLAB.

Fig. 2: Independent Components

Fig. 3: Result Thresholded at p<0.001

F. Data Extraction
The Infomax ICA algorithm in GIFT was used to estimate 24 
components. For each of the subjects, images for each of the 
above components were loaded into MATLAB. Once the top 450 
significant voxel locations were determined from the sample, data 
from these voxel locations was extracted and saved. This data was 
then sent to the Neural Network for training and testing.
Then these preprocessed images are fed to GIFT for feature 
extraction. GroupICA is applied on the preprocessed dataset 
and spatial maps are constructed. The independent components 
extracted from GroupICA are fed the classifier for further 
processing. Classification procedure is applied on the ICs. The 
significant voxels were extracted by calculating mean and variance 
for the dataset images. On these significant voxels backpropagation 
algorithm was applied and the given image was classified as 
healthy or schizophrenic.

G. Neural Network Design
 Artificial neural networks are normally organized into layers of 
processing units. Connections can be made either from units of 
one layer to units of another (interlayer connections) or from the 
units within the layer (intralayer connections) or both inter and 
intralayer connections. A three layer neural network was created. 
It consists of 450 input units and 10 units in the hidden layer. This 
network consists of only one output unit as it is of categorical 
type, in the output layer. 
We varied the number of nodes in the hidden layer in a simulation 
in order to determine the optimal number of hidden nodes so as 
to avoid over fitting or under fitting the data The 450 data points 
extracted from each subject were then used as inputs of the neural 
networks. The output would be either a 0 or 1, for control or 
patient data respectively. Here a sigmoid transfer function was 
used. The weights are selected using training data. The whole 
dataset was divided into two sets viz. training dataset and testing 
dataset. Holdout method was used on the testing dataset and the 
performance of the network is calculated. Training data was used 
to feed into the neural networks as inputs and then knowing the 
output, the weights of the hidden nodes were calculated using 
back propagation algorithm. 100 trials were performed on the 
same Neural Network.

Fig. 4 : Feedforward Neural Network

Accuracy of the classifier= Number of predictions/ Total number 
of predictions
     = 57/60
    = 95 %
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Accuracy for iterations 1, 3 =100%
Average Accuracy of the classifier =  (100 + 95 + 100)/ 3= 
98.33%
Error Rate for iteration1, 3 =00%
Error rate for iteration 2=3/60=5%
Average Error Rate=2.5%

III. Conclusion
Several classification techniques have been previously used 
on fMRI data on resting state data; however, classification of 
schizophrenic and healthy controls using task-related gives 
significant differences in the activation levels of healthy controls 
from patients. This classification technique may also be used 
for prediction of other brain disorders as well as to determine 
the effectiveness of cognitive remediation as treatment on 
schizophrenic patients. However the findings thus far have been 
neither consistent nor large enough to provide a reliable diagnostic 
classification that is both sensitive and specific. In part, this is due 
to the fact that the fMRI data are high-dimensional and noisy; 
hence selection of features plays a crucial role in the classification 
accuracy. In this work, I focus upon automated extraction of fMRI 
data during the sirp1 task.
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