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Prediction model of somatization disorder based on an oppositional

bacterial foraging optimization based support vector machine
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Abstract: The proposed Bacterial foraging optimization algorithm (BFO) based on support vector machine
(SVM) presents an effective intelligent early-warning model (IBFO-SVM) for the somatization disorder
severity prediction for Community Correction patients. In IBFO-SVM, opposition-based learning strategy is
introduced into the BFO to increase the diversity of the bacterial population and uniformly distributed as far as
possible for initial population, which improves the convergence rate of BFO and reduces the probability which

falls into the local optimal solution. The proposed improved bacterial foraging optimization algorithm (IBFO)
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is used to determine the two optimal parameters of SVM (penalty coefficient and kernel width). For
comparison purpose, the original BFO, genetic algorithm (GA), particle swarm optimization (PSO) has also
been proposed to optimize the parameters of SVM. In this study, IBFO-SVM, BFO-SVM, GA-SVM and
PSO-SVM model were compared by 10-fold cross-validation method in psychological evaluation data. The
experimental results demonstrate that the proposed IBFO-SVM method has better performance in predicting
the severe somatization disorder and mild somatization disorder in terms of classification accuracy, Mathews
correlation coefficient (MCC), sensitivity and specificity than other methods.

Key words: computer application; somatization disorder; support vector machine; opposition-based

learning; bacterial foraging algorithm
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Fig.1 SVM prediction model based on oppositional BFO strategy
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Table 2 Classification results of IBFO-SVM with different chemotaxis step size

IBFO-SVM

Sensitivity

Specificity

]

P2 ACC MCC

0.05 0. 9450 (0.0359) 0. 8784 (0.0803)
0.1 0. 9547 (0.0285) 0. 8999 (0.0644)
0.15 0. 9236 (0.0292) 0. 8312 (0.0674)
0.2 0. 9354 (0.0378) 0. 8580 (0.0847)
0.25 0. 9333 (0.0602) 0.8498 (0.1391)
0.3 0. 9189 (0.0358) 0. 8177 (0.0821)

0. 9570 (0.0328)
0. 9677 (0.0264)
0. 9425 (0.0352)
0. 9570 (0.0405)
0.9714 (0.0328)
0.9714 (0.0282)

0.9214 (0.0786)
0. 9286 (0.0825)
0. 8857 (0.0838)
0. 8929 (0.0967)
0.8571 (0.1615)
0. 8143 (0.0964)




% 3

BIRR R T R& 8 AL 34 & B U 68 SRR AL 5 2 TR ] A A

¢ 941 -

%3 IBFO-SVM 7t 4 MgHR LK 18k
Table 3 Classification performance of IBFO-SVM in terms
of ACC, MCC, Sensitivity and Specificity

EIR ACC MCC Sensitivity  Specificity
#1 0.9756 0. 9480 0. 9630 1. 0000
2 0. 9286 0.8433 0. 9286 0. 9286
#3 0. 9524 0.9014 0. 9286 1. 0000
#4 0. 9524 0. 8929 0. 9643 0. 9286
#5 0.9762 0. 9487 0.9643 1. 0000
6 1. 0000 1.0000 1.0000 1. 0000
#7 0.9286 0. 8424 1.0000 0.7857
48 0. 9048 0.7826 0.9643 0. 7857
49 0.9762 0. 9469 1.0000 0. 9286
£10  0.9524 0. 8929 0.9643 0. 9286
Y 0.9547 0. 8999 0. 9677 0. 9286
kS 0. 0285 0. 0644 0. 0264 0. 0825
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