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A B S T R A C T   

Background: Hypertension has emerged as a chronic disease prevalent worldwide that may cause 
severe cardiovascular complications, particularly in older patients. However, there is a paucity of 
studies that use risk factors and prediction models for cardiovascular complications associated 
with hypertension in older adults. 
Objectives: To identify the risk factors and develop prediction models for cardiovascular compli-
cations among older patients with hypertension. 
Methods: A convenience sample of 476 older patients with hypertension was recruited from a 
university-affiliated hospital in China. Demographic data, clinical physiological indicators, reg-
ulatory emotional self-efficacy, medication adherence, and lifestyle information were collected 
from participants. Binary logistic regression analysis was performed to screen for preliminary risk 
factors associated with cardiovascular complications. Two machine learning methods, Back- 
Propagation neural network, and random forest were applied to develop prediction models for 
cardiovascular complications among the study cohort. The sensitivity, specificity, accuracy, 
receiver operating characteristic curve, and area under the curve (AUC) values were used to 
assess the performance of the prediction models. 
Results: Binary logistic regression identified nine risk factors for cardiovascular complications 
among older patients with hypertension. The machine learning models displayed excellent per-
formance in predicting cardiovascular complications, with the random forest model (AUC 0.954) 
outperforming the Back-Propagation neural network model (AUC 0.811), as confirmed by model 
comparison analysis. The sensitivity, specificity and accuracy of the Back-Propagation neural 
network model compared to the random forest model were 74.2% vs. 86.5%, 75.2% vs. 94.3%, 
and 74.7% vs. 90.4%, respectively. 
Conclusion: The machine learning methods employed in this study demonstrated feasibility in 
predicting cardiovascular complications among older patients with hypertension, with the 
random forest model based on nine risk factors exhibiting excellent prediction performance. 
These models could be used to identify high-risk populations and suggest early interventions 
aimed at preventing cardiovascular complications in such cohorts.  
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1. Introduction 

Hypertension has remained one of the most severe diseases threatening human health, and it is predicted that 1.56 billion adults 
will be living with hypertension globally by 2025 [1]. Older adults are particularly vulnerable to hypertension, with prevalence rates of 
80% in the United States and 54.6% in China [2,3]. As hypertension progresses, older patients may suffer from various complications, 
with the heart, brain and kidney being the main target organs. The primary complications include coronary heart disease, heart failure, 
aortic dissection, stroke and chronic kidney disease, etc [4,5]. In China, hypertension-related complications are responsible for around 
2.1 million cardiovascular deaths and 1.2 million premature cardiovascular deaths annually, significantly affecting the quality of life of 
older adults and creating a major disease burden [6]. Therefore, it is essential to prevent cardiovascular complications in older patients 
with hypertension. 

Preventing cardiovascular complications in older patients with hypertension is a global challenge facing the medical profession. 
The initial step toward this goal is to identify the risk factors related to cardiovascular complications. Previous studies have 
demonstrated that cardiovascular complications may arise from multiple factors, including demographic and disease characteristics: 
age [7], sex [8], age of onset [9] and blood pressure [10]. Additionally, ultrasonography findings and several laboratory test results 
may also be factors correlated with cardiovascular complications and include uric acid [11], pro-brain (B-type) natriuretic peptide [7], 
serum lipid [8], homocysteine [12], and interventricular septum thickness [13]. Furthermore, anxiety and depression [14,15], diet 
[16], smoking, and drinking [17,18] may also contribute to the occurrence of cardiovascular complications. Thus, cardiovascular 
complications are influenced by numerous risk factors, including physiological, psychological and socio-cultural aspects. However, a 
comprehensive evaluation of risk factors that predict the occurrence of cardiovascular complications is lacking in the literature. 

The development of machine learning algorithms represents an innovative approach to evaluating the risk factors of cardiovascular 
complications and developing relative prediction models. Some efforts have been made previously in machine learning algorithms to 
assess the risk, treatment options and prognosis of hypertension, with promising results. For instance, a multilayer neural network was 
used to identify patients with hypertension in a highly unbalanced National Health and Nutrition Examination Surveys dataset [18], 
and decision trees and neural networks were used to evaluate the application prospects of different diagnoses and treatment schemes 
for patients with hypertension [19]. C4.5 decision tree, random forest, eXtreme Gradient Boosting (XgBoost) and Support Vector 
Machine (SVM) were used to predict hypertension-related complications. It was observed that the prediction performance of some 
novel machine learning methods for coronary heart disease was significantly better than classical logistic regression [20]. However, 
most existing studies have ignored sociocultural and psychological factors, measures of cardiovascular compound outcomes, and 
predictions for older age groups. Therefore, new methods need to be developed to identify ideal prediction models for cardiovascular 
complications in older patients with hypertension. 

The objective of this study was to identify cardiovascular risk factors and use them in two machine learning models to predict 
cardiovascular complications. We aimed to identify high-risk groups of patients in advance and provide a reference for preventing the 
occurrence of cardiovascular complications. 

1.1. Theoretical framework 

The health ecological model is a theoretical model that brings a holistic ecological perspective to the field of human health. This 
model emphasizes the impact of environmental and individual factors on the health of individuals as multi-leveled and multi-factorial. 
The health ecological model consists of five levels ranging from the micro-level to the macro-level, including individual traits; 

Fig. 1. Health ecological model and its five levels.  
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psychology, behavior, and lifestyle traits; interpersonal network; living and working environment, and policy environment (Fig. 1). 
In our study, the risk factors for cardiovascular complications were collected from five different levels based on the health 

ecological model: 1)Individual traits corresponding to age, sex and other demographic characteristics, past medical history, cardio-
vascular complications, disease characteristics, laboratory and ultrasound examination, etc.; 2)Psychology, behavior, and lifestyle 
traits corresponding to emotional regulation self-efficacy, medication adherence and lifestyle; 3) Interpersonal network corresponding 
to marital status; 4) Living and working environment corresponding to residence and occupation; 5) Policy environment corresponding 
to the type of medical insurance. 

2. Materials and methods 

2.1. Study design and setting 

This cross-sectional study was conducted among older patients with hypertension admitted to the First Affiliated Hospital of Xi’an 
Jiaotong University, a university-affiliated hospital in China, between April and August 2021. 

2.2. Participants 

Convenience sampling was utilized to recruit a total of 476 older patients with hypertension. The inclusion criteria for this study 
were: (a) patients older than 60 years or above; (b) patients diagnosed with hypertension; and (c) patients who were willing to 
participate in this study. Exclusion criteria included: (a) patients who were inability to communicate due to serious physical or mental 
illness; (b) patients who have undergone other surgical procedures during this hospitalization. 

The sample size was estimated based on an incidence rate of 54.7% (5% permissible error; 95% Confidence Interval [CI]) for 
cardiovascular complications in older patients with hypertension that was retrieved from the Chinese National Knowledge Infra-
structure(CNKI) between 2016 and 2021 through meta-analysis [21–24]. Based on the formula for calculating cross-sectional sample 
size, the estimated sample size was 381. Assuming a nonresponse rate of 10%, we used a final sample size of 420 for this study. 

N =
Z2

1− α/2P(1 − P)
d2  

2.3. Measurement of variables 

The data in this study included medical case histories and questionnaires consisting of five parts: a general condition questionnaire, 
a psychological factors questionnaire, an emotion regulation questionnaire, a medication adherence questionnaire, and a lifestyle 
questionnaire. 

2.3.1. Outcome variables 
Primary outcome variable: For the purposes of this study, cardiovascular complications were defined as coronary heart disease 

and heart failure. 

2.3.2. Risk factor variables 
The general condition questionnaire included demographic characteristics, past medical history and comorbidities, disease 

characteristics, and the occurrence of cardiovascular complications. The demographic characteristics included sex, age, residence, 
occupation, health insurance, marital status, and body mass index(BMI). Past medical history and comorbidities included the course of 
hypertension, diabetes, and cerebrovascular disease. Cardiovascular complications included the occurrence of coronary heart disease 
or heart failure. 

The psychological factors questionnaire included ultrasonography findings and the results of the following laboratory tests: 
heart rate, systolic blood pressure, diastolic blood pressure, pulse pressure, fasting blood glucose, red blood cell count, hemoglobin, 
serum uric acid, serum creatinine, urinary pro-brain (B-type) natriuretic peptide, creatine kinase, creatine kinase-MB, total cholesterol, 
triglyceride, high-density lipoprotein cholesterol, low-density lipoprotein cholesterol, fibrinogen, active partial thromboplastin time, 
left ventricular ejection fraction, and carotid atherosclerotic plaque. 

Emotion regulation was measured using the Regulatory Emotional Self-Efficacy (RESE) scale translated into Chinese [25], a 
12-item scale divided evenly into three dimensions namely, positive emotional efficacy, depression/painful emotional efficacy, and 
anger/anger emotional efficacy. A higher RESE score implies an elevated ability to regulate emotional self-efficacy. Cronbach’s Alpha 
coefficient was 0.743 when the scale was applied to older patients with hypertension [26]. 

Medication adherence was measured by the Chinese version of the medication adherence scale (C-MMAS-8) [27,28], an 8-item 
scale with a total score of 8. Higher scores indicate better medication adherence. A total score of <6, 6–7, and >8 represents low 
adherence, medium adherence, and high adherence respectively. Cronbach’s Alpha coefficient was 0.749 when the scale was applied 
to patients with hypertension [29]. 

The lifestyle questionnaire was a self-designed questionnaire to assess bad habits (smoking and drinking), dietary patterns 
(limitation of greasy and salty food), exercise frequency, sleep status, and defecation situation. The negative habits were "yes" or "no", 
the others were "never or occasionally", "generally" and "often or always". 
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2.4. Diagnostic criteria 

Hypertension: The diagnosis of hypertension was based on three measurements of blood pressure taken on three separate days, 
systolic blood pressure (SBP) ≥140 mmHg and/or diastolic blood pressure (DBP) ≥90 mmHg, and/or the use of antihypertensive 
medications [13]. 

Coronary heart disease: The diagnosis of coronary heart disease was based on coronary angiography (CAG) findings showing at 
least one ≥50% coronary artery stenosis, or a history of myocardial infarction. Based on these clinical manifestations, signs, evaluation 
of risk factors, and laboratory tests, the patients were diagnosed by professional physicians [30]. 

Heart failure: The diagnosis of heart failure was based on various forms of breathing difficulties, lower limb edema, etc; radi-
ography results that indicated enlargement of the heart shadow; and echocardiography findings that indicated a decrease in diastolic 
function or thickening of the ventricular wall. The diagnosis of heart failure was made by cardiologists. 

Diabetes: The diagnosis of diabetes was based on typical diabetes symptoms such as polydipsia, polyuria, weight loss, and a fasting 
venous blood glucose level ≥7.0 mmol/L [12]. 

Cerebrovascular disease: The diagnosis of cerebrovascular disease was based on typical symptoms and signs such as dysarthria 
and decreased muscle strength; and computed tomography (CT) or magnetic resonance imaging (MRI) results showing the location of 
an infarction [31]. 

2.5. Data collection 

Demographic characteristics, clinical indicators, and ultrasonography results were collected from the medical records of the 
hospital or were reported by the participants at baseline. RESE scores, medication adherence, and lifestyle were assessed on the day of 
admission using questionnaires. Smoking was defined as a current history of continuous smoking, or smoking cessation ≤3 months ago 
by the patient [32]. Alcohol consumption was defined as continuous drinking for ≥6 months and mean daily drinking of at least 50g 
[33]. For other lifestyles, "never or occasionally,” “generally," and "often or always" represent ≤3 days per week, 4–5 days per week, 
and ≥6 days per week respectively. 

2.6. Statistical analysis 

Data analysis was performed using IBM SPSS Statistics version 22.0, and MATLAB R2021a software packages where the analysis 
comprised two phases: the selection of risk factors, and the development and validation of prediction models. 

The risk factors for cardiovascular complications were selected by a descriptive statistical analysis performed using frequency and 
percentage for enumeration data and means and standard deviation (SD) for measurement data. Univariate and multivariate binary 
logistic regression analyses were used to screen risk factors. IBM SPSS Statistics version 22.0 was used, and a p-value less than 0.05 was 
considered statistically significant throughout the process. All quantitative data were converted into categorical data according to the 
range of medical reference values or scale classification, and the intervals for other variables were determined using standard de-
viations. Factors that were statistically significant in the binary logistic analysis were selected as input factors for the Back-Propagation 
neural network and random forest models. 

The Back-Propagation neural network and random forest machine learning methods were used to develop two predictive models 
that were validated via MATLAB R2021a. A Back-Propagation neural network includes input, hidden, and output layers. The data were 
input and output by the input and output layers, respectively, and the hidden layer was responsible for the network calculation of the 
input data. When the output value differs significantly from the preset value, the Back-Propagation neural network turns to back 
propagation and updates the network weight until the error between the final output value and the preset value reaches the established 
requirements. The random forest method is based on a bagging algorithm that consists of three steps: the creation of a training set, the 
generation of a decision tree, and classification. First, random forest is a random, non-return sampling method. A decision tree is 
constructed from unrelated training sets and judged several times from the following nodes. Each non-leaf node is a judgment con-
dition and each leaf node is a conclusion. Changing the value of a variable into a random number reduces the accuracy of the random 
forest prediction where a larger value indicates greater importance of the variable, and the importance of the variable can be sorted 
accordingly. Therefore, the variables can be ranked according to the calculated importance (MeanDecreaseGini) which is a more 
nuanced measure of importance. 

2.7. Evaluation criteria 

Sensitivity, specificity, and accuracy were used to validate the performance of the prediction models. Four parameters were 
considered: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). A TP parameter denotes the number of 
people who have complications and where the prediction is correct. A TN signifies the number of people who are correctly predicted to 
be without complications. An FP is the number of people wrongly classified as having complications. An FN is the number of people 
misclassified as having no complications. 

Sensitivity, also known as True Positive Rate (TPR) was calculated as the percentage of TP examples that were predicted correctly: 
TP/(TP + FN); 

Specificity, also known as False Positive Rate (TNR) was calculated as the percentage of TN samples that were correctly predicted: 
TN/(TN + FP); 
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Table 1 
Characteristics of the paticipants (N = 476).  

Variables Without cardiovascular complications (n = 208) With Cardiovascular complications (n = 268) 

Age (SD) 65.85 ± 7.68 69.91 ± 11.66 
Sex (n, %) 

Male 105(50.48) 149(55.60) 
Female 103(49.52) 119(44.40) 

Residence (n, %) 
Urban areas 184(88.46) 203(75.75) 
Rural areas 24(11.54) 65(24.25) 

Occupation (n, %) 
Retirement 117(56.25) 168(62.69) 
Employed 41(19.71) 16(5.97) 
Farmer 18(8.65) 57(21.27) 
Unemployed or Others 32(15.38) 75(10.07) 

Health insurance (n, %) 
Employee basic medical insurance 158(75.96) 184(68.66) 
New rural cooperative medical insurance 28(13.46) 60(22.39) 
Basic medical insurance system for urban residents 15(7.21) 15(5.60) 
Self-paying or other 7(3.37) 9(3.36) 

Marital status (n, %) 
Married 156(75.00) 209(77.99) 
Divorced 35(16.83) 38(14.18) 
Widowed or unmarried 17(8.17) 21(7.83) 

Family history (n, %) 71(34.13) 105(39.18) 
Diabetes (n, %) 52(25.00) 108(40.30) 
Cerebrovascular disease (n, %) 63(30.29) 91(33.96) 
Course of hypertension (SD) 9.48 ± 8.95 16.07 ± 11.66 
Body Mass Index, kg/m2 (SD) 24.45 ± 3.06 24.63 ± 3.02 
Heart Rate (SD) 78.39 ± 12.11 75.46 ± 12.88 
Systolic Blood Pressure, mmHg (SD) 139.95 ± 17.68 135.22 ± 20.54 
Diastolic Blood Pressure, mmHg (SD) 84.20 ± 12.55 77.92 ± 10.90 
Pulse pressure, mmHg (SD) 55.76 ± 15.48 57.30 ± 17.00 
Fasting blood glucose, mmol/L (SD) 6.29 ± 2.52 7.88 ± 3.65 
Red blood cell, × 1012/L (SD) 4.49 ± 0.49 4.30 ± 0.57 
Hemoglobin, g/L (SD) 139.14 ± 16.16 133.21 ± 18.11 
Serum uric acid, umol/L (SD) 332.86 ± 101.92 335.85 ± 92.03 
Serum creatinine, mg/dl (SD) 62.32 ± 31.35 69.56 ± 33.92 
Pro-brain (B-type) natriuretic peptide, pg/ml (SD) 186.26 ± 584.90 757.24 ± 3144.88 
Creatinekinase, U/L (SD) 97.49 ± 57.64 142.62 ± 360.55 
Creatine kinase-MB, U/L (SD) 13.78 ± 5.36 20.28 ± 41.51 
Total cholesterol, mmol/L (SD) 4.18 ± 0.97 3.70 ± 1.03 
Triglyceride, mmol/L (SD) 1.53 ± 1.16 1.35 ± 0.73 
High-density lipoprotein, mmol/L (SD) 1.07 ± 0.31 1.03 ± 0.26 
Low-density lipoprotein, mmol/L (SD) 2.54 ± 0.90 2.14 ± 0.88 
Fibrinogen, g/L (SD) 3.30 ± 3.06 3.42 ± 3.42 
Active Partial Thromboplastin time, s (SD) 28.16 ± 6.43 29.72 ± 7.96 
Left ventricular ejection fraction, % (SD) 67.78 ± 6.36 64.81 ± 9.21 
Left ventricular end-diastolic dimension, mm (SD) 44.92 ± 4.07 46.47 ± 5.37 
Carotid atherosclerotic plaque (n, %) 90(43.27) 210(78.36) 
Regulatory emotional self-efficacy(SD) 41.03 ± 5.48 37.23 ± 6.22 
Medication adherence (SD) 6.08 ± 1.56 5.31 ± 1.66 
Smoking (n, %) 44(21.15) 102(38.06) 
Drinking (n, %) 23(11.06) 31(11.57) 
Exercising (n, %) 

Never or occasionally 41(19.71) 94(35.07) 
Generally 32(15.38) 38(14.18) 
Often or always 135(64.90) 136(50.75) 

Sufficient sleeping (n, %) 
Never or occasionally 50(24.04) 74(27.61) 
Generally 39(18.75) 65(24.25) 
Often or always 119(57.21) 129(48.13) 

Less salty food(n, %) 
Never or occasionally 90(43.27) 92(34.33) 
Generally 60(28.85) 79(29.48) 
Often or always 58(27.88) 97(36.19) 

Less greasy food(n, %) 
Never or occasionally 76(36.54) 62 (23.13) 
Generally 55(26.44) 68 (25.37) 
Often or always 77(37.02) 138 (51.50) 

Defecation smoothly (n, %) 

(continued on next page) 
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Accuracy was calculated as the percentage of correct number of samples. 
TP + TN/(TP + FP + TN + FN); 
We calculated the 1-specificity and sensitivity and plotted these as horizontal and vertical coordinates to obtain the receiver 

operating characteristic (ROC) curve. To evaluate discriminative ability, we use Swets’s criteria, where the values range from 0.5 to 
1.0, and 0.5–0.6 indicates bad, 0.6–0.7 indicates poor, 0.7–0.8 indicates satisfactory, 0.8–0.9 indicates good, and 0.9–1.0 indicates 
excellent [34]. 

Table 1 (continued ) 

Variables Without cardiovascular complications (n = 208) With Cardiovascular complications (n = 268) 

Never or occasionally 18(8.65) 34(12.69) 
Generally 15(7.21) 31(11.57) 
Often or always 175(84.13) 203(75.75)  

Table 2 
Univariate analysis and multivariate analysis of risk factors of elderly patients with hypertension (N = 476).   

Univariate analysis Multivariate analysis  

OR 95%CI P-value OR 95%CI P-value 
Age 1.082 1.053–1.112 ＜0.001 0.832 0.510–1.358 0.462 
Sex 0.814 0.566–1.171 0.267 – – – 
Residence 2.455 1.476–4.083 0.001 2.354 0.843–6.576 0.102 
Occupation 

Employed vs. Retirement 1.702 0.968–2.991 0.065 2.262 0.996–5.140 0.051 
Farmer vs. Retirement 0.463 0.214–1.001 0.050 1.095 0.376–3.195 0.867 
Unemployed or Others vs. Retirement 3.753 1.796–7.842 ＜0.001 2.622 0.762–9.028 0.126 

Types of health insurance 
NRCMI vs. EBMI 0.906 0.330–2.488 0.848 – – – 
BMIFUR vs. EBMI 1.667 0.563–4.931 0.356 – – – 
Self-paying or other vs. EBMI 0.778 0.230–0.634 0.686 – – – 

Marital status 
Divorced vs. Married 1.085 0.554–2.124 0.813 – – – 
Widowed or unmarried vs. Married 0.879 0.400–1.931 0.748 – – – 

Family history 1.243 0.852–1.813 0.258 – – – 
Diabetes 2.025 1.361–3.014 0.001 1.359 0.755–2.445 0.307 
Cerebrovascular disease 1.183 0.802–1.746 0.397 – – – 
course of hypertension 1.068 1.046–1.090 ＜0.001 1.647 1.276–2.126 <0.001 
Body Mass Index 1.020 0.961–1.083 0.517 – – – 
Heart rate 0.982 0.967–0.996 0.012 0.469 0.207–1.064 0.070 
Systolic Blood Pressure 0.987 0.978–0.997 0.009 0.600 0.341–1.053 0.075 
Diastolic Blood Pressure 0.955 0.939–0.971 <0.001 0.408 0.204–0.816 0.011 
Pulse pressure 1.006 0.995–1.017 0.308 – – – 
Fasting blood glucose 1.224 1.128–1.328 <0.001 2.263 1.320–3.880 0.003 
Red blood cell 0.518 0.363–0.738 <0.001 0.920 0.406–2.082 0.841 
Hemoglobin 0.979 0.968–0.991 <0.001 1.645 0.573–4.719 0.355 
Uric Acid 1.000 0.998–1.002 0.736 – – – 
Serum creatinine 1.008 1.001–1.015 0.023 1.043 0.365–2.980 0.937 
pro-brain (B-type) natriuretic peptide 1.001 1.000–1.001 <0.001 2.632 1.495–4.635 0.001 
Creatinekinase 1.003 1.000–1.006 0.029 1.311 0.308–5.575 0.714 
Creatine kinase-MB 1.023 1.003–1.045 0.026 2.649 0.836–8.388 0.098 
Total cholesterol 0.627 0.520–0.757 <0.001 2.077 0.627–6.886 0.232 
Triglyceride 0.810 0.665–0.986 0.036 1.453 0.802–2.634 0.218 
High-density lipoprotein 0.638 0.334–1.219 0.174 – – – 
Low-density lipoprotein 0.605 0.489–0.749 <0.001 0.982 0.455–2.118 0.963 
Fibrinogen 1.011 0.955–1.072 0.699 – – – 
Active Partial Thromboplastin time 1.031 1.004–1.058 0.024 1.785 1.024–3.112 0.041 
Left ventricular ejection fraction 0.950 0.925–0.976 <0.001 1.233 0.297–5.123 0.774 
Left ventricular end-diastolic dimension 1.073 1.030–1.117 0.001 1.703 0.476–6.096 0.413 
Carotid atherosclerotic plaque 4.747 3.183–7.080 <0.001 3.957 2.326–6.734 <0.001 
Regulatory emotional self-efficacy 0.897 0.868–0.927 <0.001 0.497 0.292–0.845 0.010 
Medication adherence 0.742 0.658–0.836 ＜0.001 0.504 0.351–0.723 <0.001 
Smoking 2.290 1.514–3.465 ＜0.001 2.013 1.145–3.538 0.015 
Drinking 1.052 0.593–1.865 0.862 – – – 
Exercising 0.674 0.545–0.835 ＜0.001 1.193 0.848–1.678 0.312 
Sleep 0.836 0.674–1.038 0.106 – – – 
Salty 1.279 1.029–1.591 0.027 1.091 0.733–1.626 0.668 
Greasy 1.481 1.192–1.840 ＜0.001 1.249 0.805–1.936 0.321 
Defecation 0.743 0.557–0.991 0.043 0.944 0.644–1.385 0.769 

Abbreviation: EBMI: Employee basic medical insurance; NRCMI: New rural cooperative medical insurance; BMIFUR: Basic medical insurance for 
urban residents. 
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3. Results 

3.1. Characteristics of participants 

A total of 476 older patients with hypertension were finally included in the study. Their general condition, physiological indicators, 
psychological condition, behavior, and lifestyle are presented in Table 1. The average age of the patients was 68.12 ± 7.58 years, 
including 253 men (53.4%) and 223 women (46.6%). Among these 208 patients (43.7%) had essential hypertension (the group 
without cardiovascular complications) and 268 patients (56.3%) had cardiovascular complications (the group with cardiovascular 
complications). Among the complications group, 257 patients (95.90%) were diagnosed with coronary heart disease and 11 patients 
(4.1%) with heart failure. 

3.2. Risk factors selection 

All indicators were analyzed using univariate logistic regression and multifactor logistic analyses, as shown in Table 2. Binary 
logistic analysis extracted the following nine variables: long course of hypertension (Odds Ratio [OR]: 1.647, 95% CI: 1.276–2.126), 
high diastolic blood pressure (OR: 0.408, 95% CI: 0.204–0.816), high fasting blood glucose (OR: 2.263, 95% CI: 1.320–3.880), high 
urinary pro-brain (B-type) natriuretic peptide (OR: 2.632, 95% CI: 1.495–4.635), high activated partial thromboplastin time (OR: 
1.785, 95% CI: 1.024–3.112), carotid atherosclerotic plaque (OR: 3.957, 95% CI: 2.326–6.734), high RESE score (OR: 0.497, 95% CI: 
0.292–0.845), high medication adherence (OR: 0.504, 95% CI: 0.351–0.723), and smoking (OR: 2.013, 95% CI: 1.145–3.538). These 
risk factors were used as input variables for the machine learning models. 

3.3. Evaluation and performance of prediction models 

3.3.1. Back-Propagation neural network model 
A total of 476 samples were randomly assigned to a training set involving 60% of all samples (286) and a test set comprising 40% of 

the samples (190). The input layer was nine layers, the hidden layer was ten layers and the output layer was two layers. The area under 
the curve (AUC) of ROC in the Back-Propagation neural network model was 0.811 (Fig. 2(a)), the predictive ability was satisfactory, 
the sensitivity was 74.2%, the specificity was 75.2%, and the accuracy was 74.7%. 

3.3.2. Random forest model 
A total of 476 samples were randomly assigned to a training set involving 60% of the samples (286) and a test set involving 40% of 

the samples (190) in the random forest model. The AUC value of the ROC curve in the random forest model was 0.954 (Fig. 2(b)), and 
this is considered excellent according to Swets’s criteria. The sensitivity, specificity and accuracy were 86.5%, 94.3% and 90.4%, 
respectively. Table 3 summarizes the comparison of the evaluation of the two models. 

One of the advantages that the random forest model offers is that it can rank the variables using their importance according to 
MeanDecreaseGini. The importance of each feature to the results was ranked (see Fig. 3) as follows: course of hypertension (29.40), 
carotid atherosclerotic plaque (24.80), medication adherence (20.26), urinary pro-brain (B-type) natriuretic peptide (19.05), fasting 
blood glucose (15.82), smoking (13.56), diastolic blood pressure (12.97), RESE score (12.65), and activated partial thromboplastin 
time (10.30). 

Fig. 2. Comparison of ROC curves between Back-Propagation neural network model and random forest model. (a)Back-Propagation neural network 
model. (b)Random forest model. 
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4. Discussion 

This study has developed and compared two novel machine learning predictive models to identify multiple risk factors for car-
diovascular complications in patients with hypertension by applying the ecological model of health. The random forest model (AUC 
0.954) has a better predictive performance than the Back-Propagation neural network model (AUC 0.811). It is known that the 
occurrence of cardiovascular complications is related to individual traits, psychological conditions, behavior and lifestyle, and the 
living environment. Therefore, using machine learning models to predict cardiovascular complications in older patients with hy-
pertension is feasible, and can help to identify high-risk populations and reduce the occurrence of cardiovascular complications. 

Cardiovascular complications are caused by multiple factors. It is reasonable and necessary to select risk factors based on the five 
levels of the ecological model of health. At the level of individual traits, increased levels of several physiological indicators in older 
patients with hypertension should be considered. High urinary pro-brain (B type) natriuretic peptide is a standard marker of heart 
failure and cardiac insufficiency (>125 pg/mL) [35,36]. High fasting blood glucose (>6.1 mmol/L) suggests that nurses should pay 
attention to patients with impaired fasting glucose. Carotid atherosclerotic plaque with the same mechanism as coronary heart disease 
should be considered for early intervention [37]. Interestingly, our current data show that low diastolic blood pressure (<90 mmHg) 
and high activated thromboplastin time (>31.30 s) are risk factors, and this finding differs from previous relevant studies in this field 
[10,38]. We speculate that this result may be due to the use of medications for blood pressure and anticoagulants. Thus, we reasoned 
that it was not suitable to evaluate their effects as potential risk factors. On the psychological, behavioral and lifestyle levels, patients 
with hypertension have a greater response to emotional pressure, negative emotions may also lead to low medication adherence and a 
poor prognosis for this patient cohort [39,40]. It is known that smoking and poor medication adherence are the major causes of the 
poor prognosis of hypertension [41,42]. 

In this study, the predictive accuracy of the random forest model was 90.4%, and this is better than that of the Back-Propagation 
neural network model. The random forest model is good at dealing with nonlinear problems and can deal with multiple variables. It 
can not only detect the influence of variables but also rank their importance (degree of influence). The random forest model has low 
sample requirements, and can still maintain a high prediction accuracy and strong anti-fitting and generalization ability for data with 
many missing values. By contrast, Back-Propagation neural network is a multi-layer network structure. From a mathematical 
perspective, a three-layer structure can approximate, in principle, any nonlinear continuous function to arbitrary accuracy, and it is 
therefore good at solving complex problems [43]. The Back-Propagation neural network and random forest predictive models have 
been constructed based on a sample dataset, and they are more suitable for high-precision prediction and classification of individual 
patient prognoses. Our study also demonstrated that the prediction models can show high accuracy even with a small sample size, and 
this suggests that it is crucial to select the appropriate characteristic variables (risk factors) for subsequent studies. 

In comparison with past reports, our study focused on the prediction of coronary heart disease and heart failure as cardiovascular 
complications of hypertension. Du et al. [20] used random forest, K-nearest neighbor classifier, decision tree, and SVM methods to 
predict coronary heart disease in patients with hypertension and obtained the same risk factors as our study, namely course of hy-
pertension and blood glucose. Their results showed that the XgBoost algorithm was the best while random forest had a high 
comprehensive performance. Gong et al. [44] predicted coronary heart disease in patients with hypertension based on random forest 
and Back-Propagation neural network models and obtained results that were similar to those of Due et al., namely the identification of 
the same risk factors that have been highlighted in our study: course of hypertension, activated partial thromboplastin time, blood 

Table 3 
Comparison of the evaluation of the two models (N = 476).  

Types of models AUC Sensitivity/% Specificity/% Accuracy/% 

Back-Propagation neural network 0.811 74.2 75.2 74.7 
Random forest 0.954 86.5 94.3 90.4  

Fig. 3. Rank the importance of variables based on random forest model 
Note: x1: Course; x2: Diastolic blood pressure; x3: Fasting blood glucose; x4: pro-brain (B-type) natriuretic peptide; x5: Active Partial Thrombo-
plastin time; x6: Carotid atherosclerotic plaque; x7: Regulatory emotional self-efficacy; x8: Medication adherence; x9: Smoking. 
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glucose and smoking. Our research highlighted the risk factors that are important for preventing cardiovascular complications that not 
only reduce the disease burden on patients but also provide an important reference for predicting cardiovascular complications and 
identifying high-risk populations. 

We acknowledge that there were several limitations to our study. The convenience sampling method may have contributed to some 
selection bias and limited the generalization of our results. Self-reporting measures employed in the current study may have limited the 
accuracy of the patient responses. It is necessary to validate these prediction models in a large sample set derived from different 
geographical regions of the world. In addition, future research should include geographical regions, medication levels, lifestyle habits 
and more risk factors during the design of larger cohort studies. 

5. Conclusions 

In conclusion, this study developed and validated nine risk factors and two machine learning models for predicting cardiovascular 
complications in older patients with hypertension. The random forest model displayed a better predictive performance with higher 
sensitivity and specificity compared to the Back-Propagation neural network model. The prediction models obtained in this study can 
be used to predict cardiovascular complications in older patients with hypertension in the future. These findings demonstrate that 
using machine learning methods to predict cardiovascular complications is a feasible approach that can assist health professionals in 
identifying high-risk groups and the early prevention of cardiovascular complications. 
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