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A novel unsupervised fuzzy feature learning method for
computer-aided diagnosis of autism

ZHANG Ying, WANG Jun, BAO Guogqiang, ZHANG Chunxiang, WANG Shitong
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract: Studies have shown that the behavioral and cognitive defect of patients with autism have a close relationship
with potential brain dysfunction. For the high-dimensional rs-fMRI features, traditional linear feature extraction method
cannot always discriminatively extract the important information for classification. To this end, a novel method for
fMRI data based on both unsupervised fuzzy feature mapping and multi-view support vector machine is proposed in this
study, which aims to build a classification model for computer aided diagnosis of autism. In this method, the original
features are first mapped to a linear separable high-dimensional space using the rule precursor learning method of multi-
output Takagi-Sugeno-Kang (TSK) fuzzy system; then the manifold regularization learning framework is introduced. On
the basis of this, a novel unsupervised fuzzy feature learning method is used to obtain the nonlinear low-dimensional
embedding representation of the original output eigenvector. Finally, a multi-view support vector machine (SVM) al-
gorithm is used for classification. The experimental results show that the proposed method can effectively extract im-
portant features from the rs-fMRI data and improve the interpretability of the model on the premise of ensuring a superi-
or and stable classification performance of the model.

Keywords: autism; functional magnetic resonance imaging; functional connectivity; Pearson’s correlation;
feature selection; unsupervised fuzzy feature mapping; manifold regularization framework; support vector

machine
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Table 1 The information of NYU experimental object
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Table 2 The information of USM experimental object
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Fig.1 The framework of an unsupervised fuzzy feature learning method
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Fig. 2 Flowchart of unsupervised fuzzy feature learning
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Table 3 Details and parameter settings of algorithms
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Table 4 The performance comparison of each algorithm in
the classification of autism(NYU)

Ak ACC  AUC  SEN SPE
LOFCC 06757 07619 04375 0.8571
HOFCC 07027 07292 0.6875 0.7143
M2SVC 07322 0.7577 0.6632 0.8862

UFFM-M2SVC ~ 0.7838 0.8244 0.6607 0.823 1

®5 BEZEBAESEPHMEEELLE (USM)
Table 5 The performance comparison of each algorithm in
the classification of autism(USM)

ER7S ACC  AUC  SEN SPE
LOFCC 0.69008 0.7255 0.5855 0.7699
HOFCC 0.7184 07357 05361 0.8353
M2SVC 0.7368 0.7386 03750 0.363 6

UFFM-M2SVC ~ 0.7895 0.8182 03625 0.9364
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the classification results (USM)
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