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Objectives

Machine learning (ML) encompasses a body of statistical approaches that can de-

in differential diagnosis.
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Conclusion

tect complex interaction patterns from multi-dimensional data. ML is gradually being adopted in
medical science, for example, in treatment response prediction and diagnostic classification.
Cognitive impairment is a prominent feature of schizophrenia, but is not routinely used in differ-
ential diagnosis. In this study, we investigated the predictive capacity of the Wechsler Adult Intel-
ligence Scale IV (WAIS-IV) in differentiating schizophrenia from non-psychotic illnesses using the
ML methodology. The purpose of this study was to illustrate the possibility of using ML as an aid

Methods The WAIS-IV test data for 434 psychiatric patients were curated from archived medi-
cal records. Using the final diagnoses based on DSM-IV as the target and the WAIS-IV scores as
predictor variables, predictive diagnostic models were built using 1) linear 2) non-linear/non-para-
metric ML algorithms. The accuracy obtained was compared to that of the baseline model built
without the WAIS-IV information.

Results The performances of the various ML models were compared. The accuracy of the
baseline model was 71.5%, but the best non-linear model showed an accuracy of 84.6%, which
was significantly higher than that of non-informative random guessing (p=0.002). Overall, the
models using the non-linear algorithms showed better accuracy than the linear ones.

The high performance of the developed models demonstrated the predictive ca-
pacity of the WAIS-IV and justified the application of ML in psychiatric diagnosis. However, the
practical application of ML models may need refinement and larger-scale data collection.

KEY WORDS Machine learning - Schizophrenia - WAIS-IV - Neuropsychological function -
Diagnostic support system.
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Table 1. The final diagnoses of included subjects based on DSM-IV

Schizophrenia

Non-psychotic illness

Diagnosis n (%) Diagnosis n (%)
Schizophrenia 114 (100.0) Adjustment disorder 45 (14.1)
Anxiety disorder 54 (16.9)
Bipolar disorder 18 (5.6)
Depressive disorder 141 (44.1)
Obsessive compulsive disorder 15 (4.7)
Panic disorder 6 (5.0)
Acute stress disorder/posttraumatic stress disorder 19.7)
Total 114 (100.0) Total 320 (100.0)

DSM : Diagnostic and Statfistical Manual of Mental Disorder
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Schizophrenia Non-psychotic illness Total Statistics p-value
Number 114 320 434
Sex (n, %) %’=1.58 (df=1) 0.208
Male 60 (52.6) 192 (60.0) 252 (58.1)
Female 54 (47.4) 128 (40.0) 182 (41.9)
Age (years) 31.1+11.6* 32.9+14.6 32.4+13.9 T=1.23 (df=432) 0.218
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* . Mean £ standard deviation
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Table 3. The WAIS-IV subtests, index scores and their comparison between schizophrenia group and non-psychotic illness group

WAIS-IV Schizophrenia Non-psychotic illness Cohen’'s d T-value df p-value
Subtests
Block design 6.91+3.72* 9.12+3.53 0.617 5.65 432 <0.001
Similarities 7.72+3.38 9.29+3.03 0.502 4.61 432 <0.001
Digit span 7.66+3.43 9.36+3.26 0.513 4.71 432 <0.001
Matrix reasoning 7.82+3.24 8.97+3.10 0.369 3.38 432 <0.001
Vocabulary 7.61£3.24 9.12£3.11 0.479 4.39 432 <0.001
Arithmetic 6.97+3.51 8.86+3.21 0.573 5.26 432 <0.001
Symbol search 4.38+2.84 7.72+3.67 0.966 8.84 432 <0.001
Visual puzzles 6.57+3.05 8.84+3.00 0.754 6.92 432 <0.001
Information 8.75+3.35 9.60+2.79 0.290 2.66 432 <0.001
Coding 4.45+2.75 7.39+£3.49 0.889 8.15 432 <0.001
Index scores
Verbal comprehension 89.3+16.5 96.8£14.9 0.486 4.46 432 <0.001
Perceptual reasoning 823+17.4 94.6+17.3 0.713 6.54 432 <0.001
Working memory 84.9+18.4 95.4+17.0 0.605 5.55 432 <0.001
Processing speed 70.3+16.6 88.1+£18.1 1.003 9.19 432 <0.001
Total IQ 77.8%17.2 91.5+17.1 0.798 7.32 432 <0.001

= . Mean £standard deviation. WAIS-IV : Wechsler Adult Intelligence Scale fourth edition, IQ :

Intelligence quotient

Table 4. The performance of the diagnostic models built by different machine learning algorithms

Baseline model Proper model

Algorithm type Machine learning algorithms

Accuracy (p-value) Kappa Accuracy (p-value) Kappa

Linear models Logistic regression 71.5% (0.760) 0.141 77.7% (0.185) 0.369
Penalized logistic regression 78.5% (0.135) 0.397

Linear SVM 76.2% (0.313) 0.325

LDA 76.9% (0.245) 0.311

Nonlinear models Radial basis function kernel SVM 84.6% (0.002) 0.616
Random forest 83.1% (0.009) 0.545

Gradient boosting 81.5% (0.026) 0.540

SVM : Support vector machine, LDA : Linear discriminant analysis
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Fig. 1. Receiver operation curve depicting the model performanc-
es of the best nonlinear model (radial basis function kernel sup-
port vector machine) and the best linear model (penalized logistic
regression). RBF-SVM : Radial basis function kernel support vec-
tor machine, Lasso : Penalized logistic regression, AUC : Area un-
der the curve.
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