Original
Article

Korean Journal of Family Practice

L)

Check for
updates

https://doi.org/10.21215/kjfp.2022.12.3.173
elSSN 2233-9116
Korean J Fam Pract. 2022;12(3):173-178

TRl gk 717 35 71 919 8l B FulAzggyRAl
2016-2019

1 2 Q9 Q1 1 O X|1 Al O SH 1,% R{2.%
QEY", A5, fEHE, dUG, H2T, LR, Ko, A4, O|FH
ZS|CBr R T1Eolst, SBIThEh AARZ S}
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Background: The purpose of this study was to use machine learning to identify risk factors (other than systolic and diastolic blood pressure) for
hypertension.

Methods: The study population comprised 23,170 adults (selected from the KNHANES 2016-2019), of whom 7,500 (32.4%) had hypertension. We
developed machine learning-based classification models for diagnosing hypertension using the computerized demographic and examination
survey database of subjects from the KNHANES study. Random forest (RF)- and gradient boosting machine (GBM)-based classification algorithms
were trained with 5-fold cross-validation, and factors related to hypertension were identified through post-hoc analysis using the permutation
feature importance (PFl) technique. The classifiers used 59 variables whose data could be easily extracted on medical examination, excluding
directly related variables like systolic and diastolic blood pressure.

Results: The classification performance of GBM (area under the curve [AUC], 0.852; 95% confidence interval [Cl], 0.842-0.862) was slightly higher than
that of RF (AUC, 0.847; 95% Cl, 0.837-0.857). Post-hoc analysis of model classification using the PFl technique revealed age, cholesterol level,
fraternal hypertension, education level, and height as risk factors for hypertension.

Conclusion: Although hypertension diagnosis is based on systolic and diastolic blood pressure measurements, hypertension could also be diagnosed
by analyzing easily extractable variables such as age, cholesterol level, and family history of hypertension using machine learning.
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Table 1. Characteristics of demographic information and blood exami-
nation variables

Normal Hypertension

Variable (n=15,670) (n=7,500) P-value®
Age (y) 45.92+15.44 62.53+13.23 <0.001
Female 9,068 (57.87) 3,869 (51.59) <0.001
Monthly Income <0.001
Low 3,742 (23.88) 1,932 (25.76)
Middle low 3,886 (24.80) 1,891 (25.21)
Middle high 3,977 (25.38) 1,849 (24.65)
High 4,018 (25.64) 1,793 (23.91)
Education level <0.001
<Elementary school 1,656 (10.57) 2,648 (35.31)
Middle school 1,177 (7.51) 1,015 (13.53)
High school 5,288 (33.75) 1,921 (25.61)
>College 6,897 (44.01) 1,537 (20.49)
Pulse frequency (min) 70.84+8.63 70.9449 .23 0.434
Irregular pulse 113(0.72) 158 (2.11) <0.001
Weight (kg) 63.33+12.21 65.69+12.90 <0.001
Height (cm) 164.32+8.98 161.08+9.72 <0.001
BMI (kg/m?) 23.35+3.37 25.20+3.57 <0.001
Waist circumference (cm) 80.53+9.86 87.43+9.54 <0.001
Fasting time (h) 13.22+2.17 13.34+2.01 0.180
Blood examination
Fasting glucose (mg/dL) 97.21£19.74  109.41+28.03 <0.001
HbA1c (%) 5.58+0.69 6.04+0.96 <0.001
Cholesterol (mg/dL) 194.58+36.24  187.87+40.25 <0.001
HDL (mg/dL) 52.77£12.71 4890+£12.23 <0.001
Triglyceride (mg/dL) 123.89196.20 155.08+122.24 <0.001
HBsAg (IU/mL) 94.78+64990  87.61+625.47 0.487
HBsAg positive 469 (2.99) 227 (3.03) 0.921
AST (U/L) 22.33+11.99 25.84+17.64 <0.001
ALT (U/L) 21.31+18.25 24.86+18.26 <0.001
Hepatitis C antibody (IU/mL) 0.12+0.73 0.15+0.90 0.002
Hemoglobin (g/dL) 14.03+1.61 14.07+1.59 0.150
Hematocrit (%) 42.77+4 .38 42.75+4 46 0.515
Blood urea nitrogen (mg/dL)  14.20%4.16 16.5245.59 <0.001
Creatinine (mg/dL) 0.80+0.20 0.86+0.34 <0.001
White blood cell (Thous/uL) 6.12£1.73 6.4311.83 <0.001
Red blood cell (Mil/uL) 4.62+0.49 4.57+0.52 <0.001
Platelet (Thous/uL) 261.50+62.61 255.09+68.21 <0.001
Uric acid (mg/dL) 5.01+£1.33 5.29+1.47 <0.001

Values are presented as meantstandard deviation or number (Proportion, %).
The dataset include missing values, however we did not consider them when
we calculate statistics.

BMI, body mass index; HbA1c¢, glycated hemoglobin; HDL, high density lipopro-
tein; HBsAg, hepatitis B surface antigen; AST, aspartate aminotransferase; ALT,
alanine aminotransferase.

2P-values were derived from y? test or Mann-Whitney U test.
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Table 2. Characteristics of urine examination and family history

) Normal Hypertension
Variable (n=15,670) }(/r?=7,500) P-value®
Urine test
Urine pH 5.81+0.78 5.88+0.84 <0.001
Urine nitrite 286 (1.83) 269 (3.59) <0.001
Urine specific gravity 1.020+0.007 1.018+0.006 <0.001
Urine creatinine (mg/dL) 158.89+86.66 129.87+73.44 <0.001
Urine natrium (mmol/L) 112.00+48.72 115.52+46.72 <0.001
Urine kalium (mmol/L) 50.64423.56 51.85+23.29 0.002
Dipstick test?
Urine protein 0.16£0.43 0.2610.64 <0.001
Urine glucose 0.08+0.53 0.23+£0.88 <0.001
Urine ketone 0.08+0.41 0.05+0.27 <0.001
Urine bilirubin 0.09+0.42 0.07+0.37 <0.001
Urine blood 0.42+0.95 0.42+0.86 <0.001
Urine urobilinogen 0.02£0.16 0.01£0.16 0.194
Respiratory symptom
Cough 232 (1.48) 230 (3.07) <0.001
Sputum 364 (2.32) 345 (4.60) <0.001
Family medical history
Chronic diseasec 9,269 (59.15) 4, 675 (62.33) <0.001
Paternal diabetes 1,676 (10.70) 449 (5.99) <0.001
Maternal diabetes 1,726 (11.01) 729 (9.72) 0.395
Fraternal diabetes 933 (5.95) 794 (10.59) <0.001
Paternal hyperlipidemia 412 (2.63) 94 (1.25) <0.001
Maternal hyperlipidemia 756 (4.82) 195 (2.60) <0.001
Fraternal hyperlipidemia 277 (1.77) 152 (2.03) 0.048
Paternal stroke 835 (5.33) 608 (8.11) <0.001
Maternal stroke 593 (3.78) 565 (7.53) <0.001
Fraternal stroke 176 (1.12) 241 (3.21) <0.001
Paternal hepatitis 134 (0.86) 2 (0.29) <0.001
Maternal hepatitis 149 (0.95) 34 (0.45) <0.001
Fraternal hepatitis 176 (1.12) 60 (0.8) 0.076
Paternal hypertension 2,927 (18.68) 1,351 (18.01) 0.014
Maternal hypertension 3,338 (21.30) 1,978 (26.37) <0.001
Fraternal hypertension 1,077 (6.87) 1,716 (22.88) <0.001

Values are represented as meanzstandard deviation or number (%).

*P-values were derived from y? test or Mann-Whitney U test. °0: -, 1: &, 2 +, 3t
++, 4: +++, 5. ++++ Chronic disease: Hypertension, Hyperlipidemia, Ischemic
heart disease, stroke, diabetes mellitus, thyroid disease, Hepatitis B.
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KNHANES 2016-20192 58] 231 97 BT 5 23,17070]
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(Table 1). Yol 18 TR (B 62.534))0] A BT 45.92
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Table 3. Classification performance of random forest and gradient
boosting machine

Metrics Random forest Gradient boosting machine
(95% Cl) (95% Cl)
Accuracy 0.761(0.750-0.771) 0.759 (0.749-0.769)
Specificity 0.740 (0.726-0.752) 0.732 (0.718-0.745)
Sensitivity 0.805 (0.786-0.822) 0.817 (0.799-0.834)
G-mean 0.771 (0.761-0.782) 0.773 (0.762-0.783)
AUC 0.847 (0.837-0.857) 0.852 (0.842-0.862)

G-mean, geometric mean; AUC, area under the receiver operating characteris-
tics curve.
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Table 4. Permutation feature importance of hypertension classification

Gradient boosting model

Age (0.085)

Cholesterol (0.011)

Education level (0.007)
Fraternal hypertension (0.006)
Urine protein (0.004)

Urine natrium (0.004)

Height (0.004)

Creatine (0.003)

Red blood cell count (0.003)
White blood cell count (0.003)

Random forest

Age (0.059)

Cholesterol (0.007)

Fraternal hypertension (0.006)
Education level (0.004)

Urine acid (0.003)

Height (0.003)

Creatinine (0.003)

Maternal hypertension (0.002)
Glucose (0.002)

Urine specific gravity (0.001)
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