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[ Abstract] Resting-state functional Magnetic Resonance Imaging(rs-fMRI).can effectively reflect brain activity.However,
the high randomness.in rs-fMRI data and high heterogeneity in autism cases cause high uncertainty in the diagnosis of Autism
Spectrum Disorder(ASD). Hence, this study integrates a fuzzy system with'a:deep neural network and proposes a Takagi-
Sugeno-Kang(TSK) deep fuzzy neural network based on Comparative Loss(CL) , which is abbreviated as CL-DeepTSK.
CL-DeepTSK combines the Multi-Output TSK (MO-TSK) fuzzy system with a Multilayer Perceptron (MLP) , which
effectively reduces the effect of data uncertainty on the model ,improves the expression ability of the TSK fuzzy system , and
renders the model interpretable. Additionally, MO-TSK and MLPare jointly optimized using a novel CL objective-learning
criterion, which improves the generalization performance of the model when the training samples are insufficient. For the
Autism Brain Imaging Data Exchange( ABIDE )“dataset, the accuracy and Area Under Curve(AUC) of the CL-DeepTSK
are 70.0% and 0.77, respectively, and the 30 most discriminative functional connections are obtained. Experimental results
show that the proposed CL-DeepTSK model can be effective and interpretable for the auxiliary diagnosis of ASD.
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Table 1 Comparison of classification performance

among CL DeepTSK and other methods

YIRET Lo ACC AUC SPE SEN
SVM 0.677+0.016 0.753+0.012 0.650+0.025 0.703+0.014

RF 0.671x0.011 0.738+0.008 0.600+0.020 0.740+0.015
NB 0.678+0.011 0.729+0.005 0.587+0.016 0.764+0.009
MLP 0.681+0.009 0.751+0.007 0.606+0.016 0.753+0.006
SAE 0.690+0.010 0.752+0.009 0.657+0.011 0.722+0.017
TSKFS 0.661£0.016 0.737+0.016 0.757+0.020 0.569+0.021
L2-TSKFS 0.676+0.013 0.751+0.011 0.789+0.015 0.568+0:015
TSKFS-SVM 0.673+0.016 0.744+0.015 0.644+0.028 0.700+0.014
ANFIS 0.665+0.021 0.735+0.013 0.633+0.030. 0.695+0.019
FDNN 0.673+0.016 0.740+0.011 0.660+0.037 0.677+0.025

CL-DeepTSK 0.700+0.015 0.773£0.009 0.684+0.015 0.715+0.018
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Table 2 Parameter settings and results of the contrastive loss effectiveness evaluation experiment

SLHF FIPNTE ACC AUC
1 loo({x¢}. @) 0.6870.009 0.755+0.010
2 n-le({xg}. @) + (1=n) 1o {oefomef. {xpee) . Be) 0.699+£0.015 0.772+0.008

s () @) w1l @) il

r'g}’ Qv)) + (1 _’7) 'lc({x:m"“}, {x;e“-“}agg)

0.700+0.015 0.773+0.009
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Table 3 30 most discriminative functional connections

¥4 ROI'1 ROI 2 ¥4 ROI'1 ROI2
1 Lingual L Putamen_R 16 Precentral L Cerebelum_6_R
2 Frontal_Mid_Orb_L Pallidum_R 17 Frontal_Mid_R Heschl L
3 Rolandic_Oper R Occipital Mid_L 18 Fusiform L Temporal Inf L
4 Occipital_Inf L Precuneus_R 19 Frontal_Mid_Orb_R Cerebelum_Crus2_R
5 Hippocampal_R Paracentral_Lobule_L 20 Olfactory_R Cerebelum_10_L
6 Precuneus_L Cerebelum_10_R 21 Frontal_Inf Tri_L Heschl_R
7 Frontal_Mid_Orb_L Vermis_6 22 Rectus_R SupraMarginal_L
8 Rolandic_Oper R Vermis 8 23 Frontal Inf Oper L Cerebelum _7b L
9 Hippocampus R Lingual L 24 Frontal Sup R Precuneus R
10 Frontal Mid Orb R Parietal Sup_R 25 Temporal Sup R Temporal Pole Mid R
11 Frontal Med_Orb L Caudate R 26 Cuneus R Pallidum L
12 Rolandic_Oper R Amygdala R 27 Rolandic. Oper_R Vermis_ 10
13 Cuneus R Cerebelum Crusl R 28 Parietal. Sup.R Vermis 9
14 Frontal Inf Orb_L Cuneus_R 29 ParaHippocampal L Vermis_3
15 Frontal_Inf Oper R Lingual L 30 Temporal _Pole_Sup_R Cerebelum_3_R
5 4 BE = States, 2006[ J ]. Morbidity and Mortality Weekly Report
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