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Objective: Metabolic syndrome (MetS) is an 
important side effect of second-generation anti-
psychotics (SGAs). However, many SGA-treated 
patients with MetS remain undetected. In this 
study, we trained and validated artificial neural 
network (ANN) and multiple logistic regression 
models without biochemical parameters to rapidly 
identify MetS in patients with SGA treatment.

Method: A total of 383 patients with a diagnosis 
of schizophrenia or schizoaffective disorder  
(DSM-IV criteria) with SGA treatment for more 
than 6 months were investigated to determine 
whether they met the MetS criteria according to 
the International Diabetes Federation. The data  
for these patients were collected between March 
2005 and September 2005. The input variables  
of ANN and logistic regression were limited to  
demographic and anthropometric data only. All 
models were trained by randomly selecting two-
thirds of the patient data and were internally 
validated with the remaining one-third of the data. 
The models were then externally validated with 
data from 69 patients from another hospital, col-
lected between March 2008 and June 2008. The 
area under the receiver operating characteristic 
curve (AUC) was used to measure the performance 
of all models.

Results: Both the final ANN and logistic regres-
sion models had high accuracy (88.3% vs 83.6%), 
sensitivity (93.1% vs 86.2%), and specificity (86.9% 
vs 83.8%) to identify MetS in the internal valida-
tion set. The mean ± SD AUC was high for both the 
ANN and logistic regression models (0.934 ± 0.033 
vs 0.922 ± 0.035, P = .63). During external valida-
tion, high AUC was still obtained for both models. 
Waist circumference and diastolic blood pressure 
were the common variables that were left in the 
final ANN and logistic regression models.

Conclusion: Our study developed accurate 
ANN and logistic regression models to detect MetS 
in patients with SGA treatment. The models are 
likely to provide a noninvasive tool for large-scale 
screening of MetS in this group of patients.
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Metabolic syndrome (MetS) has been found to 
be prevalent in patients treated with atypical or  

second-generation antipsychotics (SGAs), but many patients 
with MetS have not been detected. Increased identification 
of MetS and providing adequate interventions are impor-
tant to decrease patients’ risk of mortality and morbidity. 
However, large-scale screening for MetS on all patients tak-
ing SGAs may be expensive and time consuming. Blood 
drawing for those without MetS may cause inconvenience, 
especially when their psychotic symptoms are unstable. 
Therefore, the need arises to find an easy, fast, and low-cost 
method to screen MetS in patients with SGA treatment.

Second-generation antipsychotics represent an im-
portant advancement in the treatment of schizophrenia. 
These drugs show comparable or greater efficacy for posi-
tive symptoms, superior efficacy for negative symptoms, 
favorable effects on cognitive function, lower risk of extra-
pyramidal side effects, and a modest but significantly 
lower rate of relapse or treatment failure.1–5 However, as 
the use of SGAs has increased, it has been recognized that 
certain SGAs are associated with a higher risk of MetS in 
schizophrenia patients: for example, excessive weight gain, 
glucose dysregulation, disrupted lipid metabolism, and 
cardiovascular disease.6–8 Previous studies have shown that 
approximately 19%–60% of patients with schizophrenia-
related disorders have MetS.9–11 Most studies have shown 
that the prevalence of MetS in patients with schizophrenia 
or schizophrenia-related disorder is at least twice as high as 
that in the general population.12 Analyses of the US Food 
and Drug Administration’s MedWatch pharmacovigi-
lance database have revealed cases of emergent diabetes in 
patients treated with clozapine,13 olanzapine,14 and risperi-
done15 that appear within 6 months or less of treatment 
initiation and resolve on discontinuation of the drug, sug-
gesting a causal link for the association.16 The risk of type 2 
diabetes mellitus increases by 9% with SGAs compared to 



Lin et al

226 J Clin Psychiatry 71:3, March 2010

first-generation antipsychotics, particularly with clozapine 
and olanzapine.17 Based on the Clinical Antipsychotic Trials 
of Intervention Effectiveness (CATIE) study and a grow-
ing number of other randomized clinical trials, clozapine 
and olanzapine treatment were found to be associated with 
the highest risk of metabolic disturbances, and risperidone 
treatment produced intermediate changes.8,18

Metabolic syndrome is associated with weight gain. 
Being overweight usually leads to lower self-image  
and self-esteem, decreased quality of life, and social 
disadvan tages,19,20 and it is associated with medication non-
compliance.21 Patients with schizophrenia have increased 
somatic morbidity and mortality risks relative to the gen-
eral population.22,23 Weight gain might contribute to their 
risk of morbidity and mortality24 by leading to an increase 
in lipid dysregulation, hypertension, type 2 diabetes mel-
litus, cardiovascular disease, and other related diseases.25 
Since MetS is an important risk factor for cardiovascular 
disease and diabetes, regular monitoring of the symptoms 
associated with MetS is recommended.26,27 However, con-
siderable evidence indicates that mentally ill patients often 
do not receive adequate recognition and monitoring of or 
care for their medical illnesses.8,27 In the CATIE schizophre-
nia trial, 88% of patients with hyperlipidemia, 62.4% with 
hypertension, and 30.2% of schizophrenia patients with 
diabetes were not receiving treatment.28 Psychiatrists may 
also consider the problem of reimbursement for routine 
screening for MetS in all patients with SGA treatment. In 
addition, the results of laboratory tests may require days or 
a week before they are known. And more, psychotic patients 
may often reject or be reluctant to receive blood drawing. 
Therefore, psychiatric care systems are now challenged to 
develop methods of surveillance for MetS.27 The question 
is raised whether MetS in patients with schizophrenia re-
ceiving SGA treatment can be screened simply with some 
clinical parameters that are both easily available and cheap. 
The second question is equally important: what methods 
can best predict the result?

In this work, the use of artificial neural network (ANN) 
was investigated for its ability to identify MetS. Artificial 
neural network is a form of artificial intelligence that em-
ploys nonlinear mathematical models to mimic the human 
brain’s own problem-solving process. A neural network 
takes previously solved examples to build a system of 
“neurons” that makes classifications and forecasts. The clas-
sification rules are not written into algorithms but rather 
are learned by the network from examples. An ANN com-
prises layers of neurons. The most commonly used ANN, 
multilayer perceptron, for example, consists of the input 
layer, the hidden layer, and the output layer. The input layer 
is formed by neurons that may receive features for a speci-
fied problem. The hidden layer of neurons receives the data 
from the input layer and is connected to the output layer, 
with multiple connections between neurons among the lay-
ers by weights. The inputs of a neuron are first multiplied 

by a weighting factor that determines the extent to which 
each input influences the output, and the weighted inputs 
are summed to be inserted through the transfer function, 
resulting in the neuronal output. During the supervised 
training stage, a data set is presented to the ANN with 
the correct outputs available. The ANN is trained by first 
randomly initializing the connection weights between the 
neurons and then running the data through the network 
and comparing the output with the known responses. The 
process repeats and the network alters the weights between 
connections so that the errors in the outputs are reduced to 
negligible values. The ANN can then be used for prediction. 
Logistic regression, which fits the data to a descriptive func-
tion, is inherently different from ANN, which raises the 
question of whether one approach has a better predictive 
performance than the other.

To our knowledge, there are no published articles to 
date regarding the identification of SGA-associated MetS 
by means of ANN and logistic regression. To investigate 
this problem, we applied ANN and logistic regression to 
the analysis of data from patients with schizophrenia taking 
SGAs in an attempt to achieve accurate, rapid identification 
of MetS in unseen individual patients.

METHOD

Participants
We recruited 400 inpatients who had a diagnosis of 

schizophrenia or schizoaffective disorder based on the 
Diagnostic and Statistical Manual of Mental Disorders, 
Fourth Edition criteria29 and who had used risperidone, 
olanzapine, or clozapine for at least 6 months at Yuli Veter-
ans Hospital, Taiwan. Seventeen patients with concurrent 
hypoglycemic medications were excluded. Therefore, the 
first part of the study consisted of 383 patients. The data 
were used for training and internal validation of ANN and 
logistic regression analyses and were collected between 
March 2005 and September 2005. Yuli Veterans Hospital 
is mainly a psychiatric hospital located in a rural area in 
eastern Taiwan. The second part of the study consisted of 
69 patients from psychiatric day care and outpatient clinic 
at National Taiwan University Hospital. The data were used 
for external validation of the established predictive models 
and were subsequently collected between March 2008 and 
June 2008. National Taiwan University Hospital is a medical 
center located at the center of urban Taipei. The study was 
approved by the institutional review boards at both hospi-
tals and was performed in accordance with the Declaration 
of Helsinki. All participants provided informed consent to 
participate.

Procedures
Demographic data; concomitant use of mood stabilizers, 

other antipsychotics, antihypertensive medications, and 
hypoglycemic medications; and date and body weight at 
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initiation of SGA treatment were obtained by retrospective 
chart reviews for all included patients at Yuli Veterans Hos-
pital. Over the course of their hospitalization, all patients had 
their body weight monitored monthly and recorded. Drug 
adherence could be optimally controlled for the hospitalized 
patients. Alcohol consumption was prohibited in general, 
and smoking was only allowed with some limitations of 
time and place in the male wards. Age was calculated as the 
difference in years between the date of the assessment and 
the participant’s date of birth. Duration of SGA treatment 
was calculated as the difference in months between the date 
of the assessment and the date of initiation of SGA treat-
ment. Anthropometric and biochemical assessments were 
performed to determine whether patients fulfilled our “gold 
standard” of MetS: the 2005 International Diabetes Federa-
tion (IDF) criteria.30 The IDF criteria for MetS are central 
obesity (criteria for Chinese, waist circumference ≥ 90 cm 
for men and ≥ 80 cm for women) plus any 2 of the follow-
ing 4 factors: (1) raised triglyceride level, ≥ 150 mg/dL; (2) 
reduced high-density lipoprotein (HDL) cholesterol, < 40 
mg/dL in men and < 50 mg/dL in women; (3) raised blood 
pressure, systolic blood pressure (SBP) ≥ 130 or diastolic 
blood pressure (DBP) ≥ 85 mm Hg; or (4) raised fasting 
plasma glucose, ≥ 100 mg/dL.

Anthropometry and Biochemical Assessments
Body weight was measured to the nearest 0.1 kg; waist 

circumference, to the nearest 0.1 cm; and height, to the 
nearest 0.5 cm. Body mass index was calculated as weight 
in kilograms divided by the height in meters squared. All 
patients fasted overnight prior to the taking of their blood 
sample, which was drawn between 7:00 am and 8:00 am. 
Serum glucose, triglyceride, and cholesterol levels were 
measured using a glucose oxidase autoanalyzer, a tri-
glyceride enzyme autoanalyzer, and a cholesterol oxidase 
autoanalyzer, respectively (Dimension RxL, DADE Behring 
Company, Inc, Newark, Delaware).

Data Processing
The input variables, ie, independent variables, are shown 

in Table 1. The dependent variable, ie, output variable, was a 
dichotomous variable representing MetS (coded with 1) or 
non-MetS (coded with 0). Second-generation antipsychotic 
agents were coded into 2 dummy variables with risperidone 
as reference in logistic regression analysis and were coded 
into 3 binary variables representing each SGA in ANN anal-
ysis. Binary predictors were coded with 0 or 1 as shown 
in Table 2. Laboratory data were used to define whether a 
patient fulfilled the IDF criteria of MetS and were not used 
as predictor variables. The data set at Yuli Veterans Hospital 
was randomly divided into 2 separate groups for cross- 
validation: 255 patients (about two-thirds) as the training 
set and 128 patients (about one-third) as the internal vali-
dation set. Eighty-three patients with MetS (21.7%) were  
randomly distributed to the 2 sets proportionally. The 

training set was used to build logistic regression and ANN 
models. The internal validation set was set aside for later 
evaluation as a blind data set. Compared to logistic re-
gression, ANN models are more flexible and thus more 
susceptible to overfitting. To avoid overfitting, we adopt-
ed an early stopping method that requires a subset of the 
training data to be used as a holdout set or selection set.31 
Therefore, 65 patients from the training set (about one 
quarter) were set aside as a selection set for ANN training. 
Patients with MetS in the selection set remained the same 
proportion and were selected randomly.

Multiple Logistic Regression Analysis
Logistic regression analysis was first performed using the 

same training data set of 255 patients as the ANN analysis 
with maximum likelihood estimation. Although logistic 
regression does not involve training, we used a “training 
set” to refer to that portion of the data set used to derive 
the regression equations.32 The backward stepwise method 
was used for the selection of variables. The model was then 
applied, using the statistically significant variables obtained, 
to predict the occurrence of MetS in the internal validation 
set of 128 patients. Categorical covariates were contrasted 
with reference to the first category. The likelihood ratio test 
was used to assess the covariate-adjusted P value.

Artificial Neural Network Analysis
We constructed several architectures of feed-forward 

networks, including linear, multilayer perceptrons and ra-
dial basis function networks. The networks consisted of 3 
layers—an input layer, a hidden layer, and an output layer. 
The back-propagation algorithm was used as a supervised 
learning algorithm to train the network, which adjusted the 
internal parameters of the network over repeated training 
cycles to reduce the overall error. One iteration consists of 
a single presentation of each set of inputs for all cases fol-
lowed by automatic adjustments of the weight connections 
to minimize the total error for all patients whose data were 
used in the training. The estimation of error was based on 
the sum-squared error.33

Artificial neural network models were first trained us-
ing the training data set of 190 patients and selection data 
set of 65 patients. The selection set was used to terminate 
training if the selection error stopped dropping or, indeed, 

Table 1. Input (or independent) Variables
General Class Specific Parameters
Demography Age, sex
Anthropometry BMI, baseline BMI, systolic blood pressure,  

diastolic blood pressure, waist circumference
Medications SGA agent, duration of SGA use,  

mood stabilizer, hypertension medications, 
combined antipsychotics

Abbreviations: BMI = body mass index, SGA = second-generation 
antipsychotic.
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started to rise. This indicated that the network was starting 
to overfit the training data. To find an optimal network, dif-
ferent ANN architectures, with 5–25 hidden neurons, were 
constructed and trained. To identify the input variables that 
contributed most in the prediction, feature selection was 
performed with the backward elimination method, which 
starts training with all input variables and sequentially de-
letes the next variable that most increases or least decreases 
the area under the receiver operating characteristic curve 
(AUC). The network with the highest AUC on the selection 
set was kept (best network, architecture, and the optimum 
set of input variables were retained). Then, the optimal 
model was tested with the internal validation set to deter-
mine their predictive accuracy of MetS. Clinical factors were 
ranked according to their importance.

External Validation
Data from 69 patients at National Taiwan University 

hospital were used for external validation of our final ANN 
and logistic regression models. Demographic information 
and data required for our models and the diagnostic criteria 
for MetS were collected. The predictive performance of our 
models with the new data was examined.

Performance of Models
Although there are several ways of evaluating the per-

formance of a predictive model, the AUC provides the best 
measure of the global accuracy of the model. The perfor-
mance of logistic regression and ANN on a per patient 
basis was plotted as receiver operating characteristic (ROC) 
curves. The area under the curve34 was used as a quantitative 
measure of the ability of the predictor models to distinguish 
between MetS and non-MetS. The performance of the fi-
nal ANN model was compared with the logistic regression 
model on the internal validation set and external validation 
set.35 Other measures of performance (accuracy, sensitiv-
ity, specificity, positive predictive value [PPV], and negative 
predictive value [NPV]) were also computed for the ANN 
and logistic regression analyses. The optimal cut point on 
the ROC curves was determined by the following rule:  
sensitivity greater than 85%, specificity not less than 80%, 
and accuracy as high as possible.

Statistical Analysis
Univariate analysis was performed to compare the 

differences of demographic, clinical, and metabolic char-
acteristics between patients with MetS and those without 
MetS. All statistical tests performed were 2-tailed, and 
the final significance level was set at .05. A software pro-
gram (SPSS for Windows, version 15.0; SPSS Inc, Chicago,  
Illinois) was used for statistical analyses. The ANNs were 
run by STATISTICA Neural Networks (Statistica 7.0, Stat-
Soft Inc., Hamburg, Germany). The AUCs were estimated 
and compared with MedCalc for Windows, version 9.3.9.0 
(MedCalc Software, Mariakerke, Belgium).

RESULTS

Of the 383 patients at Yuli Veterans Hospital, 254 
(66.3%) were male. Mean ± SD age was 47.5 ± 13.5 years 
(range, 23–82); mean ± SD baseline body weight, 63.1 ± 13.1 
kg (range, 37–117); mean ± SD baseline BMI, 23.8 ± 4.4 
(range, 14.5–43.4); and mean ± SD duration of SGAs use, 
47.4 ± 27.6 months (range, 6–96). The distribution of SGAs 
was 38.4% risperidone (n = 147), 20.9% olanzapine (n = 80), 
and 40.7% clozapine (n = 156). Seventeen patients (4.4%) 
took antihypertensive medications, 99 (25.8%) took a mood 
stabilizer, and 38 (9.9%) had concomitant use of other 
antipsychotics.

Table 2 summarizes the demographic and clinical charac-
teristics according to whether MetS was present. There were 
no statistically significant between-group differences with 
respect to sex, age, duration of SGA use, and concomitant 
use of a mood stabilizer or other antipsychotics. However, 
patients with MetS were more likely than those without 
MetS to have significantly higher waist circumference, DBP, 
SBP, triglyceride level, fasting glucose level, baseline BMI, 
cross-sectional BMI, baseline body weight, and weight gain; 
lower HDL level; and a greater concomitant use of mood 
stabilizers and antihypertensive medications. These predic-
tors, not including laboratory data, were used to establish 
logistic regression and ANN models.

The data in Table 2 were further stratified by sex. For 
patients with MetS, male patients were more likely to have 
a higher waist circumference and lower HDL level, but there 
was no statistically significant difference for the proportion 
of central obesity and reduced HDL between female and 
male patients. There was no statistically significant differ-
ence for the occurrence of MetS between female and male 
patients (20.2% vs 22.4%, c2 = 0.263, P = .608). For patients 
without MetS, female patients had significantly higher HDL 
and BMI than male patients, and male patients had signifi-
cantly higher waist circumference, SBP, and baseline body 
weight than female patients.

Prediction of MetS by Logistic Regression
We next sought to determine whether data without labo-

ratory variables would be useful to predict MetS. The final 
logistic regression model for training data set is shown in 
Table 3. The optimal cut point for predicted values was 0.21. 
The logistic regression model had high accuracy (87.5%), 
sensitivity (87.0%), and specificity (87.6%) in the training 
data set and high accuracy (83.6%), sensitivity (86.2%), and 
specificity (83.8%) in the internal validation set (Table 4). 
The remaining statistically significant covariates includ-
ed waist circumference, DBP, and female gender (overall  
model, χ2 = 129.2, P < .0005). All remaining variables, except 
sex, were identified in the univariate analysis. One standard 
deviation increase in waist circumference resulted in about 
a 10-fold increase in the likelihood of MetS. Similar results, 
generally showing more modest effects, were observed 
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for female gender and DBP. The following is the derived 
equation for the prediction of MetS in patients treated with 
SGAs:

Logit (odds of MetS) = −27.07 + 0.193 ×  
waist circumference (cm) + 0.109 ×  
DBP (mm Hg) + 1.47 × female.

We used the right-side formula of logistic regression 
equation except the constant to calculate the risk score of 
MetS. The optimal cut point for MetS was 25.70. The accu-
racy, sensitivity, specificity, and AUC for the risk score were 
all the same as those for logistic regression model.

Prediction of MetS Using the ANN
The ANN analysis showed that the radial basis func-

tion neural network with 10 hidden nodes provided the 
optimal network architecture. Figure 1 shows the network 
architecture with clinical variables in descending order of 

importance—waist circumference, BMI, and DBP. All vari-
ables were identified in the univariate analysis. The optimal 
cut point for predicted values was 0.26. The ANN model 
had high accuracy (93.8%), sensitivity (93.3%), and speci-
ficity (94.0%) in the training data set. When we applied the 
optimal ANN model in the internal validation set of 128 
patients, an accuracy rate of 88.3% was obtained for the total 
number of cases in which the correct classification rates of 
93.1% and 86.9% were achieved for MetS and non-MetS 
cases, respectively (Table 4). Two patients (6.9%) with MetS 
were incorrectly classified as non-MetS and 13 (13.1%) of 
the non-MetS were incorrectly classified as MetS.

Comparison of Predictive Performance  
on Internal Validation Set

The AUC, overall accuracy, sensitivity, specificity, PPV, 
and NPV of the ANN and logistic regression models are 
shown in Table 4. The overall accuracy rates of ANN and 
logistic regression were 88.3% and 83.6%, respectively. Both 

Table 2. Univariate Analyses for Demographic, Clinical, and Metabolic Characteristics of Sample 
at Yuli Veterans Hospital (N = 383)

MetS (n = 83) Non-MetS (n = 300)
Characteristic Men (n = 57) Women (n = 26) Men (n = 197) Women (n = 103)
Waist circumference (cm)a,b 98.4 ± 8.1c 90.1 ± 7.0c 81.1 ± 9.0d 75.9 ± 9.5d

Systolic blood pressurea,b 129.4 ± 14.7 125.1 ± 14.9 118.0 ± 14.4d 111.7 ± 14.2d

Diastolic blood pressurea,b 81.4 ± 9.6 81.0 ± 9.6 72.5 ± 9.1 70.9 ± 10.3
Triglyceridesa,b 189.5 ± 80.3 168.6 ± 65.6 95.7 ± 72.5 83.8 ± 38.7
High-density lipoproteina,b 28.0 ± 7.5c 35.3 ± 7.2c 38.9 ± 11.3d 47.2 ± 12.0d

Fasting glucosea,b 99.9 ± 41.1 97.4 ± 18.1 90.2 ± 35.6 86.2 ± 14.2
Baseline BMI (kg/m2)a,b 26.6 ± 4.0 27.8 ± 5.8 22.5 ± 3.6d 23.7 ± 4.5d

Cross-sectional BMI (kg/m2)a,b 28.6 ± 3.4 29.6 ± 3.8 22.5 ± 3.4d 23.7 ± 4.6d

Baseline weight, kga,b 75.4 ± 13.4c 67.5 ± 13.6c 62.6 ± 11.1d 56.1 ± 10.9d

Weight gain, kga,b 5.66 ± 7.44 4.53 ± 11.2 0.02 ± 8.87 −0.03 ± 8.50
Age, ya 46.7 ± 12.9 47.3 ± 12.4 48.0 ± 14.6 47.3 ± 12.0
Duration of SGA, moa 47.6 ± 27.0 52.4 ± 29.0 48.0 ± 27.4 45.0 ± 28.2
SGA agent, n (%)

Risperidone 18 (31.6) 7 (26.9) 91 (46.2) 31 (30.1)
Clozapine 26 (45.6) 15 (57.7) 72 (36.5) 43 (41.7)
Olanzapine 13 (22.8) 4 (15.4) 34 (17.3) 29 (28.2)

Combined mood stabilizer, n (%)b

No = 0 35 (61.4) 19 (73.1) 147 (74.6) 83 (80.6)
Yes = 1 22 (38.6) 7 (26.9) 50 (25.4) 20 (19.4)

Combined antipsychotics, n (%)
No = 0 53 (93.0) 25 (96.2) 176 (89.3) 91 (88.3)
Yes = 1 4 (7.0) 1 (3.8) 21 (10.7) 12 (11.7)

Antihypertensive medications, n (%)b

No = 0 53 (93.0) 22 (84.6) 194 (98.5) 97 (94.2)
Yes = 1 4 (7.0) 4 (15.4) 3 (1.5) 6 (5.8)

aMean ± SD.
bComparison between MetS and non-MetS patients, t test or κ2, P value < .05.
cComparison between male and female patients with MetS, t test, P value < .05.
dComparison between male and female patients without MetS, t test, P value < .05.
Abbreviations: BMI = body mass index, MetS = metabolic syndrome, SGA = second-generation antipsychotic.

Table 3. Multiple Logistical Regression Analysis of Metabolic Syndrome on Training Set (n = 255)
Significant Predictor Odds Ratio (adjusted) Lower 95% CI Upper 95% CI P Value
Waist circumference 9.59a 4.31 19.3 < .0005
Diastolic blood pressure 3.04a 1.75 5.26 < .0005
Female 4.36 1.62 11.7 .004
aPer standard deviation increase.
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mean ± SD AUCs for the ANN and logistic regression mod-
els were high (0.934 ± 0.033 versus 0.922 ± 0.035, P = .63; 
Figure 2).

Because our final ANN and logistic regression models 
include 2 diagnostic criteria of MetS—waist circumference 
and DBP—one may raise a question as to whether using 
nonlaboratory portions of the gold standard is enough for 
clinical screening. Therefore, we calculated the sensitivity 
and specificity of MetS with the rule in the IDF criteria that 
patients with central obesity (considering waist circumfer-
ence and gender) and raised DBP or SBP were regarded as 
positive cases. The results showed that the sensitivity and 
specificity for MetS were 34.5% and 98.0%, respectively. 
Although central obesity is the required criterion for MetS, 
of patients with central obesity, only 34.7% had high DBP 
or SBP.

Comparison of Predictive Performance  
on External Validation Set

Of the 69 patients at National Taiwan University Hos-
pital, 29 (42.0%) were male. Mean ± SD age was 39.8 ± 12.0 
years (range, 19–66). Twenty-seven patients (39.1%) ful-
filled MetS criteria. The AUC, overall accuracy, sensitivity, 

specificity, PPV, and NPV of the ANN and logistic regres-
sion models (Table 5 and Figure 3) were similar to those on 
internal validation set. Of greater importance in terms of 
general applicability of predictive models was our observa-
tion that the sensitivity and NPV were especially high for 
both ANN and logistic regression models in an external, 
independent population.

DISCUSSION

Atypical antipsychotics have become first-line medi-
cations, especially when there is a concern about drug 
compliance, cognitive deficits, and possible higher vulner-
ability to extrapyramidal side effects. However, the quality 
of life of these patients may be greatly affected by excessive 
weight gain, hyperglycemia, and dyslipidemia, which can 

Table 4. Comparison of Predictive Performance Between ANN and Logistic Regression on 
Internal Validation Set (n = 128)a

Model Accuracy Sensitivity Specificity PPV NPV AUCb

ANN 88.3 93.1 86.9 67.5 97.7 0.934 ± 0.033
Logistic regression 83.6 86.2 83.8 61.0 95.4 0.922 ± 0.035
aValues are shown as percent unless otherwise stated.
bValues are mean ± SD; difference between AUCs = 0.012, P = .63.
Abbreviations: ANN = artificial neural network, AUC = area under the receiver operating characteristic curve, 

NPV = negative predictive value, PPV = positive predictive value.

Figure 1. The Optimal Network Architecture of the Artificial 
Neural Network: A Radial Basis Function Neural Network 
With 10 Hidden Nodesa

aThe input neurons included 3 clinical variables that were shown in 
descending order of importance.

bThe dotted line represents hidden nodes that are not shown in the 
figure.

Waist circumference

Body mass index

Diastolic blood pressure

Input
layer

Hidden
layerb

Metabolic
syndrome

Output
layer

Figure 2. Comparison of Area Under the Receiver Operating 
Characteristic Curves (AUCs) Between Artificial Neural 
Network (ANN) and Logistic Regression on Internal  
Validation Set (n = 128)a,b

aThe mean ± SD AUCs for ANN and logistic regression are 0.934 ± 0.033 
and 0.922 ± 0.035, respectively (P = .63). The cut points were 
determined with training set.

bThe diagonal line is a line of no-discrimination.
cFalse-positive rate.
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result in increased comorbid medical illness, increased re-
lapse rate associated with noncompliance, or social stigma 
associated with being obese.36 Most previous studies have 
investigated antipsychotic-induced weight gain or individ-
ual metabolic disturbance. Few have assessed all the criteria 
of MetS. Since MetS is prevalent in patients taking SGAs, 
it is important to identify these patients to decrease their 
comorbidity and enhance their quality of life.

Advances in computer processing speed and neural 
network theory have facilitated the application of neural 
networks to the nonlinear analysis of complex data in the 
psychopharmacologic domain. For example, ANN was used 
to forecast antidepressant treatment response in patients re-
ceiving sertraline treatment.37,38 Furthermore, multiple gene 
polymorphisms have been included in the neural network 
analysis of fluvoxamine response, with a sensitivity of 77.5% 

and a specificity of 51.2%.39 In our previous study, we dem-
onstrated that ANN is also useful in predicting antipsychotic 
response.40 In our prediction of MetS in the present study, 
the overall accuracy, sensitivity, and specificity were high 
for both the ANN and logistic regression models. About 
93% of MetS cases and 87% of non-MetS were successfully 
predicted by the ANN model and about 86% of MetS and 
84% of non-MetS were successfully predicted by the logistic 
regression model. This finding implies clinically that most 
SGA-treated patients with MetS would be successfully 
identified by either ANN or logistic regression model pre-
diction using only 3 easily and immediately available clinical 
variables—waist circumference, DBP, and female gender—
for the logistic regression model and waist circumference, 
DBP, and BMI for the ANN model. The logistic regression 
model and the ANN model differed in one variable only: 
BMI in ANN model versus sex in logistic regression model. 
Currently, physicians rely mostly on laboratory data when 
diagnosing MetS. With their high sensitivity and NPV, our 
ANN and logistic regression models show promise for  
assisting physicians in the clinical screening of MetS.

A classification result may be overly optimistic if perfor-
mance cannot be measured on a data set not used for model 
building. In the ideal case, testing on a separate data set will 
provide an unbiased estimate of generalization error.31 In 
our study, the ANN analysis was performed by training the 
networks with the training set and testing their performance 
with the internal validation set. To allow a direct compari-
son, the logistic regression model was constructed from 
the training set and its performance assessed in the case of 
the internal validation set. Because accuracy can be influ-
enced by the class distribution in the data set, we randomly 
distributed patients with MetS to the training and inter-
nal validation sets proportionally. In addition to internal 
validation, a previous study41 has validated ANN models to 
predict acute lower gastrointestinal hemorrhage, with exter-
nal validation data from a different institute. Our ANN and 
logistic regression models were also applied to an external 
validation set, and the results showed that the performance 
of our final models did not deteriorate. This implies that 
our models can be generalized to the same clinical popula-
tion in a different clinical setting. Our models performed 
especially well in terms of sensitivity (85.2%–96.3%) and 
NPV (89.2%–97.7%) in both the internal and external vali-
dation sets. This feature suggests that our ANN and logistic 

Table 5. Comparison of Predictive Performance Between ANN and Logistic Regression on 
External Validation Set (n = 69)a

Model Accuracy Sensitivity Specificity PPV NPV AUCb

ANN 81.2 85.2 78.6 71.9 89.2 0.908 ± 0.041
Logistic regression 79.7 96.3 69.1 66.7 96.7 0.899 ± 0.043
aValues are shown as percent unless otherwise stated.
bValues are mean ± SD; difference between AUCs = 0.0088, P = .739.
Abbreviations: ANN = artificial neural network, AUC = area under the receiver operating characteristic curve, 

NPV = negative predictive value, PPV = positive predictive value.

Figure 3. Comparison of Area Under the Receiver Operating 
Characteristic Curves (AUCs) Between Artificial Neural 
Network (ANN) and Logistic Regression on External 
Validation Set (n = 69)a,b

aThe mean ± SD AUCs for ANN and logistic regression are 0.908 ± 0.041 
and 0.899 ± 0.043, respectively (P = .74). The cut points were 
determined with training set.

bThe diagonal line is a line of no-discrimination.
cFalse-positive rate.
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regression models may have a role in screening of MetS for 
patients treated with SGAs in a routine or large-scale way. 
A low proportion of patients with MetS will be missed with 
our models. Another issue affecting the performance of a 
model is the determination of optimal cut point. Although 
our rule to determine the optimal cut point generalized well, 
there are other documented methods to determine the cut 
point.42

Although baseline BMI, cross-sectional BMI, baseline 
weight, and SBP were significantly associated with MetS 
in univariate analysis, their results became statistically 
insignificant after covariate adjustment in logistic regres-
sion analysis. This may be due to multicollinear effect. On 
the other hand, sex was statistically significant in logistic 
regression analysis despite a low significance in the uni-
variate analysis. The differences of waist circumference and 
HDL in the IDF criteria for men and women may explain 
why sex remained in the final multivariate logistic regres-
sion model. Increased rates of obesity, diabetes, and MetS 
have been observed in female patients treated with anti-
psychotic medications.9,10,43 This gender difference was 
mainly explained by more frequent central obesity in female 
patients.9 Our result also showed more frequent central obe-
sity in female patients, but the prevalence of MetS between 
men and women was similar. However, female gender was 
still a significant predictor for MetS in our logistic regres-
sion model. Although the CATIE trial demonstrated that 
clozapine and olanzapine treatment were associated with 
highest risk of metabolic disturbances and that risperidone 
treatment can produce intermediate changes,8,18 the use of 
different SGA agents did not have a significant influence 
on the prediction of MetS in our final ANN and logistic 
regression models. However, it would be interesting to see 
whether the optimal models would be different depending 
on different SGA agents if the sample size were adequate for 
each SGA agent in the future studies.

Metabolic syndrome is prevalent in patients taking 
SGAs. Therefore, the identification of MetS in patients with 
SGA medications can facilitate early intervention to prevent 
severe metabolic or cardiovascular morbidity or mortality. 
The treatment of hypertension has been associated with a 
20%–25% reduction in myocardial infarction, a 50% reduc-
tion in heart failure, and a 35%–40% reduction in stroke 
incidence.44 It was demonstrated that decreasing lipids by 
10% decreased heart disease by 20%–30%.45 Therefore, 
some metabolic disturbances in patients taking SGAs may 
be modifiable. The emergent diabetes in patients treated 
with clozapine,13 olanzapine,14 and risperidone15 resolved 
on discontinuation of the drugs. However, for patients with 
schizophrenia or schizoaffective disorder, this approach is 
unrealistic because long-term antipsychotic treatment is 
required for many of these patients.7 Switching from an 
SGA with a high risk of weight gain to a different SGA 
with a reduced propensity to cause weight gain has been 
suggested.7,8 Metformin46 or cognitive/behavioral group 

intervention47 has also been proved to be effective in reducing  
antipsychotic-associated weight gain or metabolic distur-
bances, but the preliminary results required evidences from 
more carefully designed studies.

There are some limitations to this study. First, our study 
design was cross-sectional. Some clinical variables at the 
start of SGA use may be lacking: for example, waist circum-
ference at baseline. Nevertheless, our preliminary findings 
are encouraging. Since psychotic patients may be reluctant 
to undergo or reject blood drawing and laboratory tests may 
require more of a financial burden for disabled psychotic 
patients, our findings may provide a highly sensitive tool 
that requires only clinically available information, which is 
inexpensive and noninvasive. Second, our final ANN and 
logistic regression models include 2 diagnostic criteria of 
MetS—waist circumference and DBP. One may wonder 
whether using nonlaboratory portions of the gold standard 
is enough for clinical screening. The sensitivity and specific-
ity using nonlaboratory criteria as used in the gold standard 
were 34.5% and 98.0%, respectively. This result means that 
65.5% of patients with MetS were missed. Therefore, our 
ANN and logistic regression models can provide better 
models, with both high sensitivity and specificity to iden-
tify MetS. Third, although our models generalized well to 
a population in a different hospital, more cases from other 
sources are needed in the future for better generalizability.

To our knowledge, this is the first study to identify MetS 
using ANN and logistic regression models. Both ANN and 
logistic regression yielded satisfactory results. Logistic re-
gression can be easily understood and implemented as a 
risk score by clinicians. However, the capability of ANN 
analysis may be continuously refined by retraining and 
testing the network when new data become available.48 
Although frequent monitoring of glucose levels or other 
metabolic indexes before and after antipsychotic treatment 
was proposed, clear emergent diabetes after initiation of 
an antipsychotic may be rare,49 and frequent (monthly or  
weekly) monitoring can be impractical and costly.27 Our 
models can provide an inexpensive, fast, and auxiliary meth-
od to identify MetS. However, when a patient is identified 
as having MetS by our models, blood drawing to check and 
follow up on the severity of metabolic abnormality is still 
required. For countries with better developed economies 
where there is no barrier for routine laboratory procedures, 
laboratory parameters should be included in the detection 
of MetS. In the future, our models should be confirmed 
by more studies including patients who have been on SGA 
treatment for more than 6 months and have been seen in 
different clinics.

Drug names: clozapine (FazaClo, Clozaril, and others), fluvoxamine 
(Luvox and others), olanzapine (Zyprexa), metformin (Riomet,  
Fortamet, and others), risperidone (Risperdal and others), sertraline 
(Zoloft and others).
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