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Application of regularized multi-task learning in schizophrenia MRI data classification

ZHANG Na, WANG Yu, ZHOU Wen, XIAO Hongbing, XING Suxia
Beijing Key Laboratory of Big Data Technology for Food Safety, School of Computer and Information Engineering, Beijing
Technology and Business University, Beijing 100048, China

Abstract: Machine learning techniques and magnetic resonance imaging (MRI) techniques have been used in the analysis of MRI
data of patients with mental diseases in various regions to achieve computer-aided diagnosis and prognosis of mental diseases
such as schizophrenia, etc. Herein slice extraction is firstly used for MRI image preprocessing. Then texture features of gray-level
co-occurrence matrices are extracted from the above processed images. Finally, a /,-norm regularized multi-task learning method
based on support vector machine for MRI data classification is proposed to simultaneously learn the site-specific and site-shared
features of schizophrenia images from 3 data centers, which can be used to discriminate schizophrenia patients from normal
controls. Experiments show that the proposed method achieves a high diagnosis accuracy, providing a biological basis for the
clinical diagnosis and treatment of schizophrenia.
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Fig.1 Partial gray matter image example
(a) to (h) were the 13th, 20th, 34th, 48th, 62th, 69th, 76th and 83th slices,
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Fig.2 Comparison of the model training process of single task learning and multi—task learning
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Fig.3 Schizophrenia sMRI image feature extraction and
classification algorithm flow chart
sMRI: Structural magnetic resonance imaging; SVM: Support vector

machine
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Tab.1 Characteristics of the participants in this study

Region Class Sample size  Gender (male/female) Average age/years Age range/years
A SCz 60 37/23 34.68 18-60
NC 60 28/32 31.78 13-65
P value 0.09° 0.22°
B SCz 60 44/16 27.53 18-50
NC 60 37/23 29.73 18-50
P value 0.17* 0.13
C SCz 60 23/37 30.85 16-54
NC 60 28/32 33.93 20-57
P value 0.36° 0.11°
A+B+C SCz 180 105/75 31.39 16-60
NC 180 89/91 30.90 15-65
P value 0.09° 0.65°

*: Pearson Chi-square test; *: Two-sample -test; SCZ: Schizophrenics; NC: Normal controls
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