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ABSTRACT:   

 
Artificial neural networks have been deployed in order to diagnose various diseases. This paper 
deals with the diagnosis of schizophrenia which is a serious mental disorder, on the basis of the 
ratings obtained by the subject on a psychometric test. A neural network may be deployed to accept 
the subject’s ratings and return an output. If the output is closer to zero than to one then the 
subject is not schizophrenic, and if the output is closer to one than to zero, then the subject is 
schizophrenic. However because of the difficulty of obtaining an adequate number and variety of 
samples from real subjects, the training data has been synthesized with the help of a fuzzy expert 
system that diagnoses schizophrenia from the psychometric test ratings. The synthetic data so 
obtained may be used to train neural networks designed to diagnose subjects based on the results 
of psychometric tests. 
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[1] INTRODUCTION  

Schizophrenia is a debilitating mental disorder marked by delusions, hallucinations, 

disorganized speech, grossly disorganized or catatonic behaviour and negative symptoms. An 

effective way of diagnosing the condition is a psychometric test the results of which are captured 

on the thirty dimensional Positive and Negative Syndrome Scale (PANSS) [1]. A subject can 

score from zero to six on each dimension. Artificial neural networks have been deployed to 



SYNTHESIS OF TRAINING DATASET FOR ARTIFICIAL NEURAL NETWORK FOR DIAGNOSING 

SCHIZOPHRENIA 

 

Moumita Paul and Dr. Monisha Chakraborty 269 
 

classify subjects as schizophrenic or otherwise based on resting state functional network 

connectivity [2], blood-based gene expression signatures [3], and eye tracking [4]. However, these 

methods involve collection of data that is expensive and inconvenient. On the other hand, PANSS 

offers a convenient and inexpensive way of assessing a patient’s mental state. We think that an 

artificial neural network may be deployed to categorize a subject as schizophrenic or not based 

on the PANSS rating. Each dimension of the PANSS scale would serve as an input dimension of 

the neural network. However, before such a network can be deployed, it would be necessary to 

first train it. Training a neural network requires a large amount of data that must be representative 

of practical input types. It is difficult to gather so many data points from actual schizophrenics 

and so it becomes necessary to synthesize training data. Ulloa et al demonstrated that synthetic 

data may be generated for training deep networks with structural MRI images [5]. Castro et al 

also demonstrated the synthesis of structural magnetic resonance imaging data that grew the 

original dataset by a factor of ten [6]. However to our knowledge, so far no solution has been 

proffered on generation of synthetic data based on PANSS ratings. 

We have harnessed a fuzzy expert system to provide data points for training the artificial 

neural network. Pseudo-random input combinations are fed into the system which returns a crisp 

output as diagnosis of schizophrenia. For training the neural network, we take the input 

combination as input and 0 or 1 (depending on the crisp output) as output. 

 
[2] METHOD 

As the PANSS is a thirty-item scale and each item can be rated from zero to six, a total of 

730 different input combinations are possible. The most straightforward thing to do would be to 

feed each combination into the fuzzy expert system and note the diagnosis. That way, one would 

end up with 730 data points for training the artificial neural network. However, the above strategy 

would be inadmissible on a standard PC because of the huge amount of data involved. Instead, to 

understand our strategy, first let us understand how the fuzzy expert system works. Five fuzzy 

inference systems, FIS-1, FIS-2, FIS-3, FIS-4 and FIS-5 are deployed to take various items of the 

PANSS scale as inputs and give outputs of the subject’s level of delusions, hallucinations, 

disorganized speech, catatonic behaviour and negative symptoms. A sixth fuzzy inference system, 

FIS-6 takes the outputs of FIS-1, FIS-2, FIS-3 FIS-4 and FIS-5 as inputs and gives a final 

diagnosis. The relationship between the fuzzy inference systems and PANSS items is captured in 

the table below: 

 
Table 1: Inputs and Outputs of the Various Fuzzy Inference Systems 

Name of Fuzzy 

Inference System 

Inputs (Items on the 

PANSS Scale) 

Degree of 

Impact on 

Fuzzy Inference 

System Output 

Output of Fuzzy 

Inference System 

FIS-1 Delusions High Delusions 

Suspiciousness / 

Persecution 

Hostility 

Unusual Thought Content 

Disturbance of Volition 

Conceptual 

Disorganization 

Grandiosity Medium 
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Name of Fuzzy 

Inference System 

Inputs (Items on the 

PANSS Scale) 

Degree of 

Impact on 

Fuzzy Inference 

System Output 

Output of Fuzzy 

Inference System 

Lack of Judgment 

Uncooperativeness 

Anxiety Low 

Guilt 

FIS-2 Hallucinatory Behaviour High Hallucinations 

Disturbance of Volition 

Poor Impulse Control Medium 

Somatic Concern Low 

FIS-3 Stereotyped Thinking High Disorganized_Speech 

Lack of Spontaneity 

Difficulty in Abstract 

Thinking 

Medium 

Disorientation Low 

FIS-4 Mannerisms and 

Posturing 

High Catatonic_Behaviour 

Motor Retardation 

Stereotyped Thinking 

Depression 

Excitement 

Depression Medium 

Anxiety 

Disorientation 

Tension 

Poor Attention Low 

Preoccupation 

FIS-5 Blunted Affect High Negative_Symptoms 

Emotional Withdrawal 

Social Avoidance 

Passive / Apathetic Social 

Withdrawal 

Poor Rapport Medium 

Lack of spontaneity and 

Flow of Conversation 

Difficulty in Abstract 

Thinking 

Low 

Stereotyped Thinking 

 

Our strategy is to take selective permutations of the various input combinations and present 

them to FIS-1, FIS-2, FIS-3, FIS-4 and FIS-5. A psychiatrist was consulted to divide each input 

variable range into three zones – high, medium and low, depending on whether the input value 

would be highly, moderately or only slightly indicative of schizophrenia. Further, from Table-1, 

we see that all inputs to a given fuzzy inference system may be categorized as high-impact, 

medium-impact and low-impact. The rules of the fuzzy inference systems are such that the 

following permutations of data would give the largest variety of outputs with an optimum number 

of data points: 

High – High – High 

Medium – Medium – Medium 
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Low-Low-Low 

High-Medium-Low 

Low-Medium-high 

Low-Low-Medium 

Low-Low-High 

To explain this grouping, let’s consider the specific example of FIS-2, the output of which 

is “hallucinations” (See Table-1). The input variables for this fuzzy inference system are: 

“hallucinatory behaviours”, “disturbance of volition”, “poor impulse control” and “somatic 

concern”. Of these variables, “hallucinatory behaviour” and “disturbance of volition” have a high 

effect on an outcome of hallucinations, “poor impulse control” has moderate effect while “somatic 

concern” has a low effect. Again, the range of evaluation for each variable is [0 – 6]. For each 

variable, this range is divided into low, medium and high. For example, for “hallucinatory 

behaviour”, 0 is considered low, 1 is considered medium and [2 – 6] is considered high. Similarly, 

for “disturbance of volition”, [0 – 1] is considered low, 2 is considered medium while [3 – 6] is 

considered high. For “poor impulse control”, [0 – 1] is considered low, [2-3] is considered 

medium and [4-6] is considered high. For “somatic concern”, [0 – 1] is considered low, [2 – 3] is 

considered medium and [4 – 6] is considered high. So, for example, “low-medium-high” means 

that the permutations consist of low readings from the first group input variables that have a high 

impact on the output of FIS-2, viz., “hallucinatory behaviour” and “disturbance of volition”, 

medium readings from “poor impulse control” and high readings from “somatic concern”. 

Therefore, the set “low-medium-high” would contain the following permutations:  

[0, 0, 2, 4] ; [0, 0, 2, 5]; [0, 0, 2, 6]; [0, 0, 3, 4]; [0, 0, 3, 5]; [0, 0, 3, 6]; [0, 1, 2, 4]; [0, 1, 2, 5]; [0, 

1, 2, 6]; [0, 1, 3, 4]; [0, 1, 3, 5]; [0, 1, 3, 6] 

Similar permutations are taken for FIS-1, FIS-3, FIS-4 and FIS-5.  

 

These input combinations are fed to the fuzzy inference system under consideration, (FIS-

2, say) and outputs are generated. In order to keep the number of data points manageably modest, 

only those data points are chosen for which outputs are unique. 

 

The next step is to unify the data sets obtained from the different fuzzy inference systems. 

Since FIS-2 has just four contributory PANSS items (Refer to Table 1), it generates a four 

dimensional data. Likewise, FIS-1 generates eleven dimensional data, and so on. Note how the 

data sets for FIS-1 and FIS-2 have a common parameter, viz. “disturbance of volition”. Upon 

unifying the data sets of FIS-1 and FIS-2, we get fourteen dimensional data – the common 

dimension, “disturbance of volition” is counted only once. The unification is done by combining 

each data point of FIS-2 with each data point of FIS-1 wherever the value of the common 

parameter (“disturbance of volition”) is same. For example, suppose the FIS-2 data set consists 

of the following data points:  

[0, 1, 0, 0 | 0.4678]; [3, 3, 2, 1| 1.2968]; [2, 1, 1, 3 | 1.0156] 

Also, suppose the FIS-1 input data set consists of the following data points: 

[1, 2, 2, 1, 0, 3, 2, 1, 1, 0, 4 | 0.9873]; [2, 4, 0, 1, 3, 2, 2, 1, 3, 2, 3 | 1.4438] 

In the above, the field after the ‘|’ denotes the output of the respective fuzzy inference system. 

The result of the unification of FIS-2 and FIS-1 would be: 

[3, 3, 2, 1, 2, 4, 0, 1, 2, 2, 1, 3, 2, 3 | 1.2968, 1.4438] 
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Note the unification happens only where “poor impulse control” (second field in FIS-2 dataset 

and fifth field in FIS-1 dataset) has the same value in both datasets. The result of unification also 

gives a two-dimensional output data-point: [1.2968, 1.4438] 

The unified dataset is now again unified with the dataset for the next fuzzy inference system (FIS-

3, say) and the process is repeated till all five datasets are unified. Thus we get N number of thirty-

dimensional input data points and N number of five-dimensional output data points. The five-

dimensional data is fed to the FIS-6 fuzzy inference system to generate a crisp output. We 

consulted a psychiatrist and determined that subjects for whom the output of FIS-6 exceeds 1.26 

are the ones who need treatment for schizophrenia. Hence the crisp outputs for these subjects are 

set to 1 and the crisp outputs of the other subjects are set to 0.  

Thus we get a set of N thirty-dimensional input data points and a set N single-dimensional 

output data points. These data points can be used to train the artificial neural network. 
 

[3] RESULTS AND DISCUSSION 

A pattern recognition neural network was trained with the data generated. The neural 

network was configured with thirty input nodes, one output node and two hidden layers each with 

thirty nodes. 

 

 
 

Figure 1: Schematic of Neural Network 

The results of training the network are shown below: 
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Figure 2: Validation Performance for the Synthetic Training Data 

 

 
 

Figure 3: Error Histogram after Training Neural Network with Synthetic Data 

 

Now let us test the neural network with actual data from subjects afflicted with mental disorders 

that may or may not be schizophrenia and let us compare the results with actual diagnosis.  

 
 

Table 2: Results of Neural Network with Actual Subjects 
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PANSS Items Patient Ratings (Scale: 0 – 6) 

Patient 1 Patient2 Patient3 Patient4 

Delusions 1 0 0 4 

Conceptual Disorganization 1 0 0 2 

Hallucinatory Behaviour 1 1 1 3 

Excitement 2 0 1 2 

Grandiosity 2 2 1 0 

Suspiciousness / Persecution 1 0 0 5 

Hostility 3 3 2 4 

Blunted Affect 1 0 0 3 

Emotional Withdrawal 3 0 2 5 

Poor Rapport 3 2 2 2 

Passive / Apathetic Social 

Withdrawal 

2 0 1 3 

Difficulty in Abstract 

Thinking 

2 0 1 3 

Lack of Spontaneity and Flow 

of Conversation 

3 2 2 5 

Stereotyped Thinking 1 0 0 5 

Somatic Concern 3 0 2 2 

Anxiety 4 0 2 3 

Guilt Feelings 4 2 2 3 

Tension 4 0 2 4 

Mannerisms and Posturing 0 0 0 1 

Depression 5 2 4 5 

Motor Retardation 2 0 1 3 

Uncooperativeness 4 2 2 4 

Unusual Thought Content 1 0 0 4 

Disorientation 3 0 2 2 

Poor Attention 4 1 2 2 

Lack of Judgment and Insight 2 0 1 3 

Disturbance of Volition 1 0 0 5 

Poor Impulse Control 3 3 2 3 

Preoccupation 3 0 2 4 

Active Social Avoidance 3 2 2 2 

Output From Neural Network 0.9944 3.4194e-

05 

0.0194 1 

Actual Diagnosis of  

Schizophrenia (Yes/No) 

Yes No No Yes 

 

If the output of the neural network is closer to one than to zero, it means that that input data vector 

corresponds to a schizophrenic. If the output is closer to zero than to one, then that corresponding 

input vector corresponds to a non-schizophrenic. 

 

It is thus seen that the neural network can perform well even when trained with synthetic data. 
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