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Abstract. Men with ED generally complain failure to attain or maintain an adequate
erection during sexual activity. The prevalence of ED is strongly correlated with age,
affecting about 40% of men at age 40 and nearly 70% at aged 70. A variety of chronic
diseases, including diabetes, hypertension, cardiovascular disease (CVD), chronic renal
failure, depression, sleep disorder, and gout were shown to be associated with ED. In
this study, the data used for designing the clinical decision support system (CDSS) was
retrieved from a subset of the National Health Insurance Research Database (NHIRD)
of Taiwan. The positive cases were male patients with age ranging from 20 to 65 years
old who were diagnosed with ED (ICD-9-CM Code 607.84) between Jan. 2000 and Dec.
2010 confirmed by at least 3 outpatient visits, while the negative cases were randomly
selected from the database with no history of ED and 1:1 frequency- and age-matched
with the ED patients. Experiments of 1 cross validation (10 folds) and 2 independent
training and testing (ITT) were conducted to verify the effectiveness of the predictive
models. The results show that the sensitivity, specificity, and accuracy of tenfold cross
validation achieved 69.45%, 69.45%, and 69.54%, respectively. For the ITT
experiments, the sensitivity, specificity, accuracy, and the area under ROC curve were
70.28%, 72.48%, 71.32%, and 0.7226, respectively in the first experiment, and 69.42%,
70.74%, 70.06%, and 0.7143, respectively, in the second experiment. Future works will
focus on designing the CDSSs with ensemble classifiers consisting of multiple SVM
models by adopting the laboratory data to improve the predictive performance for ED
prediction.

Introduction

Erectile dysfunction (ED) affects millions of men worldwide [1]. Men with ED
generally complain failure to attain or maintain an adequate erection during sexual
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activity. The prevalence of ED is strongly correlated with age, affecting about 40% of
men at age 40 and the prevalence increases to nearly 70% in men aged 70 [2].

The incidence of ED was reported to increase with age; biological aging causes older
men to be more likely to have comorbid conditions than younger men [3]. It was also
reported that the prevalence of ED is positively associated with risk factors of
cardiovascular disease (CVD) [4]. The objective of this study was to design a CDSS for
predicting ED according to the demographic information of patients as well as the
comorbidities and their acquired ages before ED diagnosis.

Chronic Diseases Associated with ED. A variety of chronic diseases, including
diabetes, hypertension, cardiovascular disease (CVD), chronic renal failure, and
depression, were also shown to be related to ED [5]. Recently, our studies showed that
gout [6] and sleep disorder [7] were also strongly associated with ED. Ischemic heart
disease is associated with ED, which in turn is deemed as an efficient predictor of
ischemic heart disease [8]. It was reported that ED occurred in more than 60% of men
with diabetes; while among the ED patients, 20.2% were found to have acquired
diabetes [9].

Patients with congestive heart failure may be comorbid with ED for a variety of
reasons, including atherosclerosis, neuropathy, hypogonadism, psychogenic factors,
and medication side effects [10]. ED is generally observed to be comorbid with
hypertension in men. among the 272325 patients with ED, 23.9% were found to be
comorbid with hypertension [9]. Depression is also prevalent in patient with ED [9].
Regardless of treatment with sildenafil or placebo, a significant improvement in ED
was found to be associated with a significant improvement in depression [11]. ED
frequently occurs in patients with chronic renal failure (CKD); prevalence of ED in
patients with CKD was 70% in average according to a meta-analysis study[12].

Recently, we have discovered that ED risk for patients with gout exhibited a
1.21-fold adjusted hazard ratio compared to those without gout based on the National
Health Insurance Research Database (NHIRD) study [6]. Moreover, according to the
nationwide population-based cohort study which examined 34,548 sleep disorder (SD)
patients with a follow-up period of approximately 250,000 person-years, it was
discovered that SD patients are at a 2.11-fold increased risk of developing ED,
compared with the general population [7].

Clinical Decision Support Systems. Clinical decision support systems (CDSSs) are
promising in providing useful information and expert knowledge to enhance diagnostic
performance and improve healthcare quality in clinical setting. It was reported that
among the 97 proposed CDSS applications, including 10 diagnostic systems, 21
reminder systems, 37 disease management systems, and 29 drug-dosing or prescribing
systems, 64% of the CDSSs demonstrated improved outcomes in medical practice [13].
Recently, we have conducted a prospective study to verify the effectiveness of the
CDSS in ventilator weaning, capable of predicting weaning outcome and reducing
duration of ventilator support for patients [14].

Materials and Methods

The National Health Research Institutes (NHRI) in Taiwan is authorized to establish the
National Health Insurance Research Database (NHIRD), as well as to manage
registration and claim data for the 23 million insurers. The data for designing the
clinical decision support system was retrieved from a subset of the Taiwan NHIRD,
consisting of 1 million randomly sampled beneficiaries enrolled in the NHI program.
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The NHI dataset includes information regarding medical facility registries, inpatient
orders, ambulatory care, dental services, prescription drugs, and physicians providing
Services.

Data Retrieval. The positive cases were male patients with age ranging from 20 to
65 years old who were diagnosed with ED (ICD-9-CM Code 607.84) by physicians
between Jan. 2000 and Dec. 2010 and were confirmed for at least 3 outpatient visits,
while the negative cases were randomly selected from the database with no history of
ED and 1:1 frequency- and age-matched with the ED patients. Patients with ED
diagnosed before any comorbidities being diagnosed were excluded.

Data of 2311 positive cases (ED patients) and 2311 negative cases (non-ED patients)
were used for designing the predictive models. Table 1 compares the demographic
characteristics and comorbidity incidences between patients with and without ED. As
shown in the table, there is no significant difference (p=1) between 2 groups because of
age-match control. On the other hand, patients with ED exhibited higher incidence rates
of any types of comorbidities than the non-ED (p<0.001). Regarding the ages of
comorbidities being diagnosed, the ED patients presented significantly younger ages in
acquiring depression and sleep disorder (p<0.05 and p<0.001, respectively).

Feature Selection. Feature selection takes the advantage of reducing the number of
features and the size of storage requirements, decreasing training and computational
time, facilitating data visualization and understanding, and improving predictive
performance. Recently, genetic algorithm (GA) was also proposed as a useful method
for feature selection, and, sometimes, this strategy is also used for the adjustments of
cost value and kernel parameter of SVM together with the selection of features when
designing a classifier. Genetic algorithm was used to select the salient features and to
adjust SVM parameters for designing the CDSSs.

Model Validation. SVM was applied to construct the CDSSs for predicting ED.
Experiments, including 1 cross validation and 2 independent training and testing (ITT)
were conducted to verify the effectiveness of the predictive models. In this study tenfold
cross-validation was adopted for testing the CDSS predictive performance. The
sensitivity, specificity, and accuracy were calculated for cross validation. Additionally,
independent training and testing (ITT) was also used for validating the effectiveness of
the CDSS [15]. In the 1st ITT experiment, data extracted from Jan. 2000 till Dec. 2005
were used for training the CDSS, whereas the data retrieved after Dec. 2005 till Dec.
2010 used for validation. For the 2" ITT experiment, the data extracted from Jan. 2000
till Dec. 2007 were used for training the CDSS, whereas the data retrieved afterward
adopted for validation. The sensitivity, specificity, accuracy, and area under ROC curve
(AUC) were used for evaluating the predictive performance. This study was approved
by the Ethics Review Board of Chianan Psychiatric Center, Ministry of Health and
Welfare (No. 15-021).

Experimental Results

The features selected using GA for designing the CDSSs include age, presence of
diabetes, ischemic heart disease, congestive heart failure, hypertension, chronic renal
failure, and gout, as well as the ages of diabetes, depression, gout, and sleep disorder
diagnosed before ED outbreaks. Table 2 presents the performances of cross validation
and ITT experiments of the CDSSs. As indicated in the table, the sensitivity, specificity,
and accuracy of tenfold cross validation achieved 69.45%, 69.45%, and 69.54%,
respectively. Regarding the ITT experiments, the sensitivity, specificity, accuracy, and
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the area under ROC curve were 70.28%, 72.48%, 71.32%, and 0.7226, respectively for
the first experiment, and 69.42%, 70.74%, 70.74%, and 0.7143, respectively, for the
second experiment.

Table 1. Demographic characteristics and comorbidities in patients with and without ED.

Variable No-ED (N =2311) ED (N =2311) p-value
Age, n(%) 1.00
<34 233(10.1) 233(10.1)
35-44 447(19.3) 447(19.3)
45-54 815(35.3) 815(35.3)
55-65 816(35.3) 816(35.3)
Age:® mean(SD) 49.3(10.3) 49.3(10.3) 1.00
Comorbidity, n(%) 613(26.7) 1528(65.9)
Diabetes*S 201(8.7) 611(26.4) <0.001
Ischemic heart disease*S 172(7.4) 493(21.3) <0.001
Congestive heart failure*S 30(1.3) 80(3.5) <0.001
Hypertension*$ 373(16.1) 934(40.4) <0.001
Depression* 52(2.3) 264(11.4) <0.001
Chronic renal failure*S 23(1.0) 74(3.2) <0.001
Gout+S 182(7.9) 360(15.6) <0.001
Sleep disorder* 213(9.2) 586(25.4) <0.001
Age of comorbidity diagnosed, mean(SD)
Diabetes® 52.5(7.2) 51.7(7.7) 0.195
Ischemic heart disease 54.2(6.8) 53.6(7.1) 0.335
Congestive heart failure 53.8(6.4) 55.7(7.0) 0.198
Hypertension 51.7(7.7) 52.0(7.6) 0.521
Depression*S 52.1(8.3) 48.5(9.7) 0.013
Chronic renal failure 54.2(7.7) 53.7(8.2) 0.796
Gout® 49.2(9.0) 47.7(9.0) 0.067
Sleep disorder***S 50.5(8.9) 47.5(9.5) <0.001

Chi-Square Test with ¥p<0.001; Student’s unpaired t-test with *P<0.05 and ***p<0.001; SFeatures
selected.

Table 2. Performance of cross validation and ITT experiments.

Validation Sensitivity Specificity Accuracy AUC
Cross Validation 69.45% 69.45% 69.54% -
1UTT 70.28% 72.48% 71.32% 0.7226
2"TT 69.42% 70.74% 70.74% 0.7143

Discussions and Conclusions

The selected features for designing the CDSSs include age, presence of diabetes,
ischemic heart disease, congestive heart failure, hypertension, chronic renal failure, and
gout, as well as the ages when the diabetes, depression, gout, and sleep disorder
diagnoses had been diagnosed. Interestingly, although the positive cases and the
negative cases were age-matched without showing any significant difference (p=1), age
was still a feature selected for designing the CDSS. As reported recently in our
age-matched study [6], the hazard ratio of ED increased with age for both gout and
non-gout patients.

As indicated in Table 1, all the comorbidities exhibited highly significant difference
between ED and non-ED groups (p<0.001). However, depression and sleep disorder
were not selected for CDSS design. Nonetheless, the statistical analyses of the acquired
ages of these 2 diseases exhibited significant difference between ED and non-ED
groups (p<0.05 and p<0.001), and were selected as salient features using GA. On the
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other hand, the acquired ages of ischemic heart disease, congestive heart failure,
hypertension, and chronic renal failure were not selected, but the presence of these
diseases were selected for CDSS design. It mimics that presences and acquired ages of
comorbidities might have enforcing and compensatory effects in improving predictive
performance of the CDSSs.

Although the predictive performance of the designed systems presented here is fair, it
is the first CDSS presented to predict the occurrence of ED. Nobody has ever
introduced a CDSS for ED into clinical setting. More clinical information and lab test
data are useful for increasing the predictive performance of the CDSSs [14, 16]. Hsu et
al. [14] reported that demographic information, physiological and disease variables, and
care and treatment factors were demonstrated to be effective in predicting successful
ventilator weaning with a sensitivity as high as 87.7%. Luo et al. [16] argued that lab
test data were expected to help increase the accuracy of predictive models for
bronchiolitis. The lab test data of the NHIRD adopted in this study are not available
currently, making the predictive performance of designed CDSSs greatly compromised.

An ensemble classifier which combines multiple classifiers often obtains better
predictive performance than a single-kernel classifier. In our previous study, the
ensemble SVM classifier, consisting of three SVM models, was designed for bridge
classification and prediction of the disulfide bonding pattern, achieving an accuracy of
96.5% and 89.2%, respectively [17]. In the future, designing CDSSs for ED prediction
will focus on adopting laboratory data to improve the predictive performance. In
addition, ensemble classifiers consisting of multiple SVM models will be designed to
improve the predictive performance.
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