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Development of a risk assessment model for kidney damage

in community—dwelling patients with essential hypertension
QIU Si-yue', GUO Hai-sheng, ZHENG Yi-peng, TANG Ping—sheng, WANG Lei
“Shenzhen Hospital of Beijing University of Chinese Medicine (Longgang), Shenzhen, Guangdong 518000, China
Abstract: Objective To develop and validate a risk assessment model for kidney damage in community —dwelling patients
with essential hypertension. Methods A total of 2 338 patients with essential hypertension from four community health
service centers affiliated with Beijing University of Chinese Medicine Shenzhen Hospital (Longgang) were retrospectively
enrolled between January and December 2025. They were randomly divided into a training set (n=1 637) and a validation set
(n=701) in a 7:3 ratio. Relevant clinical data were collected. After variable screening using univariate analysis, LASSO
regression, and multivariable regression analysis, risk assessment models were constructed using seven machine learning
algorithms. Model performance was evaluated on the validation set using metrics including accuracy and the area under the
receiver operating characteristic curve (AUC). The importance of individual variables was assessed using SHapley additive
exPlanations (SHAP) values. Results Univariate analysis revealed that 28 variables, including age and sex, were associated
with kidney damage (P<0.05). Lasso regression screened and retained seven feature variables. Multivariable logistic regression
confirmed that male sex (OR=0.168, 95% CI: 0.113-0.250), age (OR=1.155, 95% CI: 1.133-1.178), history of alcohol
consumption (OR=1.604, 95% CI: 1.415-2.879), urine occult blood (OR=1.923, 95% CI: 1.230-3.010), red blood cell count
(OR=0.702, 95% CI: 0.508-0.968), and uric acid (OR=1.01, 95% CI: 1.008-1.012) were independent risk factors for kidney
damage (P<0.05). The AUC values for all models exceeded 0.80. The support vector machine (SVM) demonstrated relatively
better performance (AUC=0.85), with balanced performance across various metrics. SHAP value analysis indicated that age,
sex, and uric acid level were key features influencing model predictions, and nonlinear interaction effects were observed
among the variables. Conclusion Male sex, age, history of alcohol consumption, urine occult blood, red blood cell count, and

uric acid are independent risk factors for kidney damage in community —dwelling patients with essential hypertension. The
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SVM model constructed using these variables exhibits good predictive performance and holds potential clinical application

value.
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Table 1 Basic characteristics of study participants [ M (Pss, Pys), n(%) ]
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FHZG I
ACEI/ARB 112(22.40) 341(18.55) 3.724 0.054
ADD 81(16.20) 219(11.92) 6.452 0.011
ADPs 31(6.20) 132(7.18) 0.584 0.445
Statins 45(9.00) 195(10.61) 1.105 0.293
CCB 128(25.60) 468(25.46) 0.004 0.950
B —blockers 43(8.60) 125(6.80) 1.908 0.167
R 349(71.81) 1416(78.84) 10.791 0.001
W2 AR 152(31.28) 319(17.77) 42.566 <0.001
RIG 113(23.25) 260(14.48) 21.487 <0.001
HELRAKR 43 70.00(64.00,76.00) 69.00(63.00,77.00) 0.799 0.424
Wi (mm Hg) 132.00(122.00,143.00) 139.50(128.00,152.00) 7.864 <0.001
#F 7k E (mm He) 87.00(80.00,92.00) 86.00(78.00,92.00) 1.702 0.089
G (em) 166.50(161.50,171.00) 160.00(154.00,167.00) 13.006 <0.001
1A (kg) 70.00(62.50,77.25) 63.90(57.00,71.70) 10.452 <0.001
JEE Rl (em) 90.00(84.00,96.00) 87.50(82.00,93.00) 5.834 <0.001
BMI(kg/m?) 25.30(23.32,27.68) 24.90(22.92,26.77) 3.360 <0.001
HB(g/L) 151.00(141.00,159.00) 141.00(132.00,151.00) 11.968 <0.001
WBC( x 10%L) 6.36(5.30,7.44) 6.33(5.44,7.52) 0.426 0.670
PLT( x 10%L) 235.00(201.00,279.00) 231.00(196.00,272.25) 1.616 0.106
RBC( x 10%/L) 5.04(4.75,5.33) 4.77(4.47,5.08) 10.422 <0.001
NEUT% 3.68(2.93.4.60) 3.67(2.96.4.45) 0.271 0.787
LYMPH% 1.98(1.65,2.34) 2.06(1.67,2.50) 2.192 0.028
MONO% 0.38(0.30,0.47) 0.38(0.30,0.46) 0.704 0.482
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TG (mmol/L) 1.33(0.95,2.08) 1.42(1.02,1.95) 0.776 0.438
LDL~C(mmol/L) 3.17(2.48.3.71) 3.24(2.52,3.89) 2563 0.010
HDL-C(mmol/L) 1.18(1.01,1.38) 1.26(1.08,1.48) 5.409 <0.001
UACR(mg/g) 10.45(5.81,21.83) 14.82(8.08,31.73) 5.492 <0.001
PRO 51(10.22) 235(12.82) 2.464 0.116
PR 104(20.84) 198(10.80) 35.070 <0.001
PRIR 23(4.61) 38(2.07) 9.903 0.002
PRI I 54(10.82) 447(24.39) 42784 <0.001
JRE A 59(11.82) 505(27.55) 52.907 <0.001
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regression analysis
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Table 2 Multivariable logistic regression analysis of renal insufficiency in community patients with PH

At B : Wald OR(95%CI) P8
Fk -1.784 0.202 -8.818 0.168(0.113 ~ 0.250) <0.001
AFIR 0.144 0.010 14.514 1.155(1.133 ~ 1.178) <0.001
R L 0.504 0.191 2.636 1.604(1.415,2.879) 0.008
v -0.224 0.206 -1.087 0.799(0.543,1.197) 0.277
PRI 0.654 0.228 2.868 1.923(1.230,3.010) 0.004
RBC -0.354 0.164 -2.155 0.702(0.508,0.968) 0.031
IMIRER 0.010 0.001 9.103 1.010(1.008,1.012) <0.001
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Table 3 Predictive performance of different machine learning models for renal insufficiency in community patients with PH
LAY AUC HiHTTES HiHhE RIGRE Fr e F1 {8
A 0.86 0.82 0.85 0.93 0.39 0.89
DR 0.81 0.72 0.93 0.70 0.80 0.80
BEALAR 0.82 0.78 0.89 0.82 0.63 0.86
XGBoost 0.82 0.78 0.89 0.83 0.62 0.86
LightGBM 0.81 0.76 0.87 0.82 0.57 0.85
SVM 0.85 0.79 0.90 0.82 0.67 0.86
ANN 0.84 0.80 0.88 0.87 0.57 0.87
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Figure 3 Evaluation curves of predictive performance of different machine learning models for renal insufficiency in community patients
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Figure 5 SHAP beeswarm plot and scatter plot of feature contribution
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