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Evaluating the risk of hypertension using an artificial
neural network method in rural residents over the
age of 35 years in a Chinese area

Shuqiong Huang1, Yihua Xu1, Li Yue, Sheng Wei, Li Liu, Xiumin Gan, Shuihong Zhou and Shaofa Nie

Hypertension (HTN) has been proven to be associated with an increased risk of cardiovascular diseases. The purpose of the

study was to examine risk factors for HTN and to develop a prediction model to estimate HTN risk for rural residents over the

age of 35 years. This study was based on a cross-sectional survey of 3054 rural community residents (N¼3054). Participants

were divided into two groups: a training set (N1¼2438) and a validation set (N2¼616). The differences between the training

set and validation set were not statistically significant. The predictors of HTN risk were identified from the training set using

logistic regression analysis. Some risk factors were significantly associated with HTN, such as a high educational level (EL)

(odds ratio (OR)¼0.744), a predominantly sedentary job (OR¼1.090), a positive family history of HTN (OR¼1.614), being

overweight (OR¼1.525), dysarteriotony (OR¼1.101), alcohol intake (OR¼0.760), a salty diet (OR¼1.146), more vegetable

and fruit intake (OR¼0.882), meat consumption (OR¼0.787) and regular physical exercise (OR¼0.866). We established the

predictive models using logistic regression model (LRM) and artificial neural network (ANN). The accuracy of the models was

compared by receiver operating characteristic (ROC) when the models were applied to the validation set. The ANN model (area

under the curve (AUC)¼0.900±0.014) proved better than the LRM (AUC¼0.732±0.026) in terms of evaluating the HTN risk

because it had a larger area under the ROC curve.
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INTRODUCTION

Hypertension (HTN) is one of the leading causes of cardiovascular
and cerebrovascular diseases in the aging population1 and is related to
the changing of lifestyle in China. Cerebrovascular disease became the
second leading cause of death for urban residents and the top cause in
rural areas of China in 1998.2 The prevalence of HTN has increased
in China; 27.2% of Chinese adults aged 35 to 74 years have HTN.3

Hypertension is a great threat to people’s physical and mental
health, but it can be prevented and controlled.4 Estimating an
individual’s risk across a range of presumed risk factors is fundamental
to prevent HTN.5 Due to its complex, multifactorial nature, the
prevention of HTN must refer to multiple risk factors.6,7 Evidence
suggests that the risk for progression to HTN depends on risk factors,
such as baseline blood pressure, age, body mass index (BMI),8,9 family
history of HTN (FH), occupation, physical exercise (PE), smoking,
alcohol intake (AI) and dietary pattern.10 High-risk individuals will
probably derive the maximal benefit from non-pharmacologic
(lifestyle-related) interventions aimed at preventing HTN.11–14 Thus,
we believe that knowledge of the risk for HTN will aid in patient

education and counseling, and it will assist in clinical decision making
and design of future interventional studies.

Despite the rapid transition in China, the development is not equal
between urban and rural areas.15 Inequalities between the regions
have manifested, and rural adults may receive fewer routine checkups
or preventive services, including screening for HTN.16 As a result,
evaluating the HTN risk for rural residents is critically important.

The purpose of this study was twofold: (1) we examined the risk
factors for HTN based on a cross-sectional study by logistic regression
analysis and (2) we attempted to develop a prediction model that
can be used in primary health care to estimate the probability that an
individual will develop HTN for rural residents aged over 35 years in a
Chinese area.

METHODS

Study population
The study was based on a cross-sectional survey. All participants filled out a

questionnaire including demographic, lifestyle and dietary data. Some measured

traits, such as blood pressure, height, and weight, were tested by trained health
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staff at the same time. The study was designed and carried out at Tongji Medical

College in a rural area of Yichang Three Gorge Dam in the Hubei Province.

The participants for the study were chosen from the rural residents in a

three-step process. First, individuals under 35 years old were excluded. Second,

those who could not cooperate with the investigation because of long-term

outing or illness were excluded from the remaining candidates. Third, we

excluded essential HTN patients treated with antihypertensive medication at

the time of investigation and those suffering from known coronary heart

disease, diabetes mellitus or chronic renal disease. Ultimately, a total of 3087

residents who met the criteria were originally enrolled in the study. Informed

consent was obtained from all participants. The research was approved by the

Tongji Medical College ethics committee.

Data collection
Data collection included the questionnaire and physical measurements (height,

weight and blood pressure). The questionnaire consisted of sociodemographic

characteristics and dietary and lifestyle behaviors. Data pertaining to blood

pressure, height and weight were tested for all participants by trained health-

care staff at the same time. Data were obtained from a total of 3054 (N¼3054)

participants. The response rate was 98.9%. The measurements were taken by

trained health-care staff. The questionnaire was designed by the scientists on

our research team. Before the formal investigation, the questionnaire was

validated and revised repeatedly according to the analysis of the results.

Assessment of risk factors
Sociodemographic status. The sociodemographic status of participants was

classified into different categories on the basis of occupation and educational

level (EL). Education level was classified into five categories: illiterate, elemen-

tary level, secondary school, high school and college. The latter two categories

were grouped as high EL. Occupations included farmers, laborers, professionals

and employers/managers. The last occupation was defined as predominantly

sedentary work (PSW). Positive FH was defined as documented maternal and

paternal HTN at or before the baseline examination.

Anthropometric measurements. Blood pressure difference is the difference

between systolic blood pressure (SBP) and diastolic blood pressure (DBP).

The normal range of blood pressure difference is from 30 to 40 mm Hg.

Dysarteriotony is defined as a pressure difference higher than 60 mm Hg or

lower than 20 mm Hg. Three blood pressure readings were taken in a quiet

sitting position using a mercury sphygmomanometer with a 2-mm Hg scale

according to the standard procedure.17 The mean of the three readings was

used for data analysis.

Body mass index (BMI), used as an index of relative weight, was calculated

as body weight (in kilograms) divided by the square of height (in meters).

Height and weight were measured following a standard methodology.18

The data on height and weight were based on the mean of two measurements.

The Chinese BMI categories established in 2002 were used as the criteria for

defining overweight (BMI was 24 or higher but less than 28) and obese

(BMI was 28 or higher) patients.19 Respondents were considered overweight if

their BMI was 24 or higher.

Dietary and lifestyle behaviors. Dietary patterns consisted of salt intake,

vegetable and fruit intake (VFI), fat intake and other data. A salty diet (SD)

is defined as consuming an average of more than 6 g per day. Fat intake is

defined as consuming an average of more than 25 g per day.

Many studies on smoking exist, with various definitions of smoking

status.20–24 In this study, individuals who currently smoked and had smoked

at least 100 cigarettes during their lifetime were defined as current smokers,

which is the same definition used by the community intervention trial for

smoking cessation (COMMIT) in the United States.21 In our survey, self-

reported smoking was measured by the following question: ‘Do you smoke any

cigarettes, self-made cigarettes or cigars now?’ and ‘Have you smoked at least

100 cigarettes during your lifetime?’

Alcohol consumption data were also collected from the questionnaire using

the following question: ‘Considering all types of alcoholic beverages, how many

times during the past 30 days did you drink?’ For men, moderate drinking is

defined as consuming an average of two drinks or less per day and heavy

drinking is defined as consuming an average of more than two drinks per day.

For women, moderate drinking is defined as consuming an average of one

drink or less per day and heavy drinking is defined as consuming an average of

more than one drink per day.25,26 Therefore, in our survey, self-reported

drinking was measured by the following question: ‘Do you consume an average

of more than 1 drink per day?’

Physical activity was also addressed by the questionnaire. On the basis of the

definition of physical activity in the Behavioral Risk Factor Surveillance System

(BRFSS) from the United States,27 physical activity was defined as follows:

physical work, walking, riding bicycle, jogging, dancing or Qigong for 30 or

more minutes per day for 6 days or more per week. The respondents were asked

how many days per week they engaged in at least 30 min of physical activity,

including physical work, walking, riding bicycle, jogging, dancing or Qigong,

according to the following categories: 6–7 days/week, 3–5 days/week, 1–3 days/

week or never. The first two categories were grouped together as regular PE.

Definition of HTN
Subjects were considered normal if their average SBP and DBP were less than

140 mm Hg and less than 90 mm Hg, respectively, at the time of examination

and if they had no previous diagnosis of HTN and were not treated with

antihypertensive medication at the time of examination. Subjects were con-

sidered hypertensive if their average SBP or DBP were greater than 139 mm Hg

or greater than 89 mm Hg, respectively, at the time of examination.

Statistical analysis
In this study, 3054 participants, according to gender and age group (from 35

years old with 5-year intervals; those 65 years old and above were merged as

one group) indicators, were randomly divided into two parts as a training set

(N1¼2438) and validation set (N2¼616) in a 4:1 pair matched ratio. The

proportion of normal blood pressure and high blood pressure in the training

set and validation set was the same as that in the population data, and there was

no statistically significant difference by w2-test for gender and age between the

two data sets. The training set was used to select variables and to establish a

model. Then the validation set was used to test and evaluate the model.

Analysis was undertaken in three stages. In the first stage, a set of predictors

contributing to the prediction of HTN risk was identified by logistic regression

analysis based on the training set. Continuous variables were divided into

categories to facilitate risk estimation.

In the second stage, prediction models for a binary outcome variable

specified the probability of having HTN using a logistic regression model

(LRM) and an artificial neural network (ANN) model. The models were

performed with the probability of having HTN as the dependent variable

and the risk factors as the independent variable. A multivariate LRM for a

binary outcome variable specified the logit (logarithm of the odds) of the

probability of having HTN to be a function of a set of predictors. An ANN,

usually called a ‘neural network’, is a mathematical model or computational

model that tries to simulate the structure and/or functional aspects of biological

neural networks.28,29 Neural networks are nonlinear statistical data modeling

tools that can be used to model complex relationships between inputs and

outputs or to find patterns in data. There are several types of neural networks,

including the feed forward neural network, the radial basis function (RBF)

network and the Kohonen self-organizing network. The feedforward neural

networks, including back-propagated delta rule networks (BP) and other

networks, were the first and arguably simplest types of ANNs devised. Although

there are different neural networks, BP networks are the most popular choice

due to their relatively simplicity and stability.30,31 In general, a neural network

consists of three layers: an input layer to accept information, a hidden layer to

process information and an output layer to calculate responses. In our study,

the ANN model (BP network) used the same inputs as the LRM.

In the third stage, we assessed performance of the risk evaluation model

by using receiver operating characteristic (ROC) curve analysis.32 The area

under the curve is a measure of test accuracy. The closer the curve follows the

left-hand border and then the top border of the ROC space, the more accurate

the test (or the method). On the other hand, the closer the curve comes to

the 45-degree diagonal of the ROC space, the less accurate the test. The larger

the area under the curve, the greater the accuracy of the model.
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Logistic regression analysis and ROC curve analysis were performed using

SPSS13.0 (SPSS, Chicago, IL, USA). The ANN model was performed with

MATLAB 7.1. All reported P-values were two-sided, and P-values less than 0.05

were considered to be statistically significant.

Determination of the cut-off point
Because the evaluations were probabilities, we had to first adopt an arbitrary

cut-off point to classify the predicted probabilities. The probability of having

HTN was denoted as ‘P’ in the model. The cut-off point was used to classify

whether the evaluated probabilities belonged to the positive prediction or to the

negative prediction. We were aware of two problems associated with the

approach. First, different cut-off points could have resulted in different

classification rates. Second, the classification rate derived from one study

could have been different from other results reported by different studies, even

with the same set of predictors and the same participants, unless there was a

consensus on the adopted cut-off points. In this study, we arbitrarily adopted

a cut-off point at 0.5 for this purpose; that is, participants were identified to be

at high risk for HTN when PX0.5 but not when Po0.5.

RESULTS

Description of the participants
The age of the participants was over 35 years, with a mean age of
51.43±12.22 years in the training set and 51.39±11.82 years in the
validation set. The training set had 1133 males and 1305 females
(53.5%), and there were 311 males and 305 females (49.5%) in the
validation set. The rural participants mainly received primary or
middle school education. The occupation of the participants was
predominantly farmers. The mean blood pressure of the participants
was 126.5±20.2 mm Hg for SBP and 77.2±11.38 mm Hg for DBP
in the training set and 126.6±20.48 mm Hg for SBP and
76.8±10.99 mm Hg for DBP in the validation set. A total of 655
individuals of the 2438 participants (26.9%) in the training set were
hypertensive. A total of 168 individuals of the 616 participants
(27.3%) in the validation set were hypertensive. The differences
between the training set and the validation set were not substantial
and were not statistically significant in terms of age, gender, EL,
occupation or blood pressure. Participants in each set had similar
baseline characteristics. Table 1 shows the characteristics of the study
participants.

Predictors of HTN risk
Table 2 shows the predictors of HTN risk identified from logistic
regression analysis based on the training set (N1¼2438). With the
construction of a multivariable model (logistic regression analysis),
we found some factors to be significantly associated with HTN risk.
In our study, we found a significant positive relationship between the
risk factors and HTN, including being overweight (BMIZ24 kg m�2)
(odds ratio (OR)¼1.525), having a positive FH (OR¼1.614), con-
suming a SD (OR¼1.146), performing predominantly sedentary
work (PSW, OR¼1.090) and having dysarteriotony (BP, OR¼1.101).
There was also an inverse relationship between the five protective
factors, including high EL (OR¼0.744), AI (OR¼0.760), more VFI
(OR¼0.882), meat consumption (AII, OR¼0.787) and regular PE
(OR¼0.866), and the prevalence of HTN.

Prediction models
The resulting logit probability of having HTN was described by the
following linear LRM (we denoted it as LRM):

� 5:228+0:087XPSW+0:479XFH � 0:296XEL

� 0:275XAI � 0:125XVFI+0:136XSD � 0:240XAII

� 0:143XPE+0:422XBMI+0:096XBP

We built the ANN model on the basis of the predictors of HTN risk
resulting from the logistic regression analysis. The predictors were
used as the model input: BMI, FH, SD, occupation, blood pressure
difference, EL, AI, VFI, meat consumption and PE. The binary
variable of whether an individual was suffering from HTN was
employed as the output variable. Only two input variables were
continuous variables—BMI and blood pressure difference—whereas
the others were categorical variables. The analysis structure of the BP
neural network included three layers (Figure 1), namely, the input

Table 1 Baseline characteristics of the participants

Participants (N¼3 054)

Characteristic

Training set

(N1¼2 438)

Validation set

(N2¼616)

Mean age (s.d.), years 51.43 (12.22) 51.39 (11.82)

Women (%) 1305 (53.5) 305 (49.5)

Mean blood pressure (s.d.), mmHg

Systolic 126.5 (20.2) 126.6 (20.48)

Diastolic 77.2 (11.38) 76.8 (10.99)

Educational level (%)

No education 369 (15.1) 96 (15.6)

Primary school 1050 (43.1) 271 (44)

Middle school 826 (33.9) 204 (33.1)

High school 109 (6.9) 45 (7.3)

College 9 (0.4) 0 (0)

Occupation (%)

Farmers 2039 (83.6) 503 (81.7)

Laborers 278 (11) 79 (12.9)

Employers/managers 109 (4.4) 27 (4.4)

Current smoker (%) 895 (36.7) 233 (37.8)

Current drinker (%) 676 (27.7) 193 (31.3)

Physical activity (%) 485 (19.9)

Family history of hypertension (%) 1935 (79.4) 503 (81.7)

Mean body mass index (s.d.), kg m�2 22.1 (2.95) 22.3 (3.11)

Hypertension (%) 655 (26.9) 168 (27.7)

Table 2 Predictors of hypertension risk for an individual

Variable b s.e. P-valuea OR (95% CI)

Predominantly sedentary

work, XPSW

0.087 0.040 0.030 1.090 (1.008–1.179)

Positive family history, XFH 0.479 0.170 0.005 1.614 (1.157–2.252)

High-educational level, XEL �0.296 0.068 0.000 0.744 (0.650–0.850)

Alcohol intake, XAI �0.275 0.123 0.025 0.760 (0.597–0.967)

More vegetable and fruit

intake, XVFI

�0.125 0.060 0.036 0.882 (0.784–0.992)

Salty diet, XSD 0.136 0.045 0.002 1.146 (1.051–1.250)

Animal insides intake, XAII �0.240 0.063 0.000 0.787 (0.696–0.889)

Regular physical exercise, XPE �0.143 0.083 0.086 0.866 (0.736–1.020)

Overweight, XBMI 0.422 0.131 0.001 1.525 (1.181–1.971)

Dysarteriotony, XBP 0.096 0.005 0.000 1.101 (1.091–1.112)

Abbreviations: AI, alcohol intake; BMI, body mass index; BP, back-propagated delta rule
networks; CI, confidence interval; EL, educational level; FH, family history of hypertension;
OR, odds ratio; PE, physical exercise; PSW, predominantly sedentary work; SD, salty diet;
VFI, vegetable and fruit intake.
aP-value for test of the relation between risk factors and hypertension.
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layer with 10 neurons, the 21 hidden layer neurons and the output
layer neurons, corresponding to the forecast variable (that is the
probability of having HTN).

Discriminatory ability of models
The two models could successfully distinguish the individual risk of
having HTN. We compared the individual risk output from the two
models with the actual status using the validation set (N2¼616)
(Table 3). The ANN model detected 160 HTN patients from the
actual hypertensive patients, whereas the LRM only detected 85. The
sensitivity of ANN (0.952) was higher than that of LRM (0.506).

Figure 2 summarizes the ROC curve areas obtained from the LRM
and the neural network model. The areas under the ROC curves were
different between the two models. The areas under the ROC curves
(area under the curve) were 0.900±0.014 for ANN and 0.732±0.026
for LRM. The area under curve of the ANN model was significantly
higher than that of the LRM. Our results showed that the neural
network model had a better predictive performance than the LRM. To
provide more insight into the comparison, we also examined other
indicators in the study, including sensitivity and specificity. We found
that sensitivity, specificity and Yourdon’s index at the adopted cut-off
point for the LRM model (and ANN model) were 0.51 (0.95), 0.96
(0.85) and 0.46 (0.80), respectively. Thus, the ANN was selected as our
‘better’ model because it had the larger area under the ROC curve and
the higher Yourdon index.

DISCUSSION

There were two fundamental questions that we sought to answer in
this study: (1) whether there is a relationship between the individual-
related factors and HTN and (2) whether the neural network approach
could provide a more accurate evaluation to identify persons who are
at the highest risk for HTN.

To answer our first question, we examined the distributions of the
predictors of HTN risk from our analysis. Only occasionally were
some factors in the model, or the different interpretations of the same
variables, quite different from other research. For example, the

categorization of occupation used in this study was composed of
farmers, non-farmers and employers/managers. One study defined
occupation as a dichotomous variable: heavy work activity (¼1) and
light-to-moderate work activity (¼0), based on the physical nature of
the work.33 In addition, AI was a protective factor for HTN in our
study, which is in conflict with other research findings. Some
researcher advise lifestyle modifications, such as cessation of drinking,
healthy diet and moderate physical activity, to prevent or delay the
progression to HTN in rural areas of China.34 This discrepancy was
probably related to the reporting bias of the participants, and we did
not distinguish the amount of the AI in this survey.

To answer our second question, we considered accuracy perfor-
mance by examining discrimination. Our results showed that the
distributions of individual HTN risk obtained from our models were
close to the distributions of actual status in the participants. On the
results obtained in the study, there was some evidence to suggest that
neural networks produce more accuracy. The conclusion drawn from
the comparative study of the two models was certainly credible.

As in all modeling approaches, there is always a tendency that we
might over fit the data. That is, the fitted model may have been too
specific for the training data set and will not generalize well to other
independent data sets. The ANN network has already been used in
oncology, diabetes and other diseases35–39 and has shown its unique
advantages. In this study, the ANN method used a hidden layer with
21 neurons, which not only reduced the amount of calculation but

Figure 1 Three layers feedforward network for evaluating hypertension risk

of an individual. X1, occupation; X2, family history; X3, educational level;

X4, alcohol intake; X5, vegetable and fruit intake; X6, salty diet; X7, animal

insides intake; X8, physical exercise; X9, BMI; X10, blood pressure

difference.

Figure 2 The ROC curves are obtained from the logistic regression model

(LRM) and the artificial neural network model (ANN). X axis: sensitivity,

Y axis: 1—specificity. The reference line is shown in solid line (the right).

The ROC curve of ANN model is simply shown in dashed line (the left), and

the ROC curve of LRM in dotted line (the middle). The area under the

dashed line indicates larger than that under the dotted line. ANN has the

larger area under the ROC curve than LRM.

Table 3 Comparison of the individual risk results from the two models

and the actual status using validation set

LRM ANN

Actual status HT (%) NT HT (%) NT Total

Hypertension (HT) 85 (50.6) 83 160 (95.2) 8 168

Normotensive (NT) 19 429 68 380 448

Total 104 512 228 388 616

Abbreviations: ANN, artificial neural network; LRM, logistic regression model.
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also prevented over-fitting. We confirmed that the ANN model had a
stronger performance in predicting HTN risk for a rural individual
aged over 35 years.

However, there were some limitations in our study. The samples
were limited geographically and ethnically,40 consisting of a rural
community of individuals aged over 35 years. This cross-sectional
design prohibits any inferences of a causal association between the risk
factors and HTN. We measured the variables, such as BMI, AI, VFI,
meat consumption and PE, on only a single occasion and did not
assess changes in these variables. We also considered some lifestyle
variables to be dichotomous variables rather than continuous vari-
ables. We chose this approach to keep the analysis simple. We also
measured blood pressure on a single occasion, which may not be as
accurate as several measurements. Finally, our prediction model
was based on a sample design. Despite these limitations, we developed
an accurate risk predictive model that estimates the combined impact
of an individual’s related factors on HTN.

In conclusion, we examined risk factors for HTN based on a cross-
sectional study and developed a simple risk evaluation model using
a neural network-based method that estimates the HTN risk for
an individual. We believe that this result may facilitate targeting
of prevention interventions, which is a key objective for individuals
at risk for HTN. The prediction model has some flaws because of the
limitations of the study areas and restrictions to selected variables.
Studies are needed to further validate whether our findings are
applicable in other samples.
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