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Prediction model of hypercholesterolemia using body fat mass based
on machine learning
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Abstract The purpose of the present study is to develop a model for predicting hypercholesterolemia using an
integrated set of body fat mass variables based on machine learning techniques, beyond the study of the
association between body fat mass and hypercholesterolemia. For this study, a total of six models were created
using two variable subset selection methods and machine learning algorithms based on the Korea National
Health and Nutrition Examination Survey (KNHANES) data. Among the various body fat mass variables, we
found that trunk fat mass was the best variable for predicting hypercholesterolemia. Furthermore, we obtained
the area under the receiver operating characteristic curve value of 0.739 and the Matthews correlation coefficient
value of 0.36 in the model using the correlation-based feature subset selection and naive Bayes algorithm. Our
findings are expected to be used as important information in the field of disease prediction in large-scale
screening and public health research.
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Prediction model of hypercholesterolemia using body fat mass based on machine learning
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Table 1. Demographic characteristics and variables of subjects in this study

Variable Normal (mean, SD) Patient (mean, SD) Description

Gender w2k 409, o1&k 591 2k 364, o2}k 636 Gender

Age (year) 4801 (16.39) 56.66 (12.81) Age

Height (cm) 162.2 (9.177) 159.3 (9.127) Height

Weight (kg) 61 66 (11.49) 63.64 (11.35) Weight

BMI (kg/m?) 33 (3.295) 24.97 (3.237) Body mass index

SBP (mmHg) 1179 (175) 127 (17.34) Systolic blood pressure

DBP (mmHg) 75.82 (10.79) 80.49 (10.81) Diastolic blood pressure
Cholesterol (mg/dL) 1804 (285) 231.8 (47.47) Total Cholesterol

HDL (mg/dL) 24 (11.29) 4971 (12.37) High-density lipoprotein

TG (mg/dL) 120.7 (92.4) 193 (187.2) Triglyceride

Glucose (mg/dL) 96.11 (18.06) 106.2 (29.88) Glucose

AST (IU/L) 22.06 (11.55) 244 (11.72) Aspartate transaminase

ALT (IU/L) 20.37 (14.64) 26.14 (20.9) Alanine transaminase

HCT (%) 4098 (4.261) 41,73 (3.626) Hematocrit

Creatinine (mg/dL) 0.805 (0.185) 0.827 (0.232) Creatine

DW_HD_FT (g) 9183 (134.1) 922.6 (141) 2] (head) A%

DW_HD_LN (g) 4014 (519) 3958 (524.4) w2 (head) AAY=HEFxE)
DW_Lm_FT (g) 976.5 (374.9) 1122 (390.5) A2 (left arm) A=
DW_Lrm_LN (g) 2234 (733.4) 2163 (680.7) A2H(left arm) AAEHFFEE)
DW_Rrm_FT (g) 982.6 (396.2) 1137 (394.1) 2 EZ(right arm) AW
DW_Rrm_LN (g) 2358 (752.9) 2290 (699.8) Q2 EZ(right arm) AA (xS
DW_Trk_FT (g) 8731 (3476) 10932 (3303) B35 (trunk) A4k

DW_Trk_LN (g) 21379 (4389) 21329 (4355) B (trunk) AR FEEH
DW_LIg_FT (g) 2672 (928.7) 2728 (910.2) At (eft leg) A1
DW_LIg_LN (g) 7011 (1794) 6782 (1741) Aot (left leg) AAY=HEFH>EE)
DW_RIg_FT (g) 2732 (955.8) 2801 (935.7) 220 (right leg) AW
DW_RIg_LN (g) 7146 (1821) 6903 (1772) 2209 (right leg) AAY=HEFHF>E)
DW_SBT_FT (g) 16094 (5584) 18720 (5402) AL (A 9])

DW_SBT_LN (g) 40128 (9211) 39468 (8987) SAAEE (A, =FET)
DW_WBT _FT (g) 17012 (5621) 19643 (5430) % (whole body total) ==
DW_WBT_LN (g) 44142 (9612) 43425 (9384) Z(whole body total) AWk (FHEgh
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Table 2. Predictive power by each variable

Variable AUC
Age 0.659
DW_HD_FT 0.487
DW_HD_LN 0.533
DW_Lrm_FT 0.606
DW_Lrm_LN 0516
DW_Rrm_FT 0.614
DW_Rrm_LN 0.516
DW_Trk_FT 0.687
DW_Trk_LN 0475
DW_Llg FT 0512
DW_Llg LN 0.535
DW_RIg_FT 0515
DW_RIg_LN 0.539
DW_SBT_FT 0.639
DW_SBT_LN 0516
DW_WBT_FT 0.639
DW_WBT_LN 0517

ol&e], B A& f8iA SPSS 23 WF (SPSS,
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Figure 1. Predictive power of six models
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Table 1. Specific performance by each model

Prediction model Class Sensitivity 1-specificity F-Measure MCC
naive Bayes_full Eiijl; 8227 8223 8222 0267
Logistic regression_full ;iﬁjl gggé 82% 82% 034
naive Bayes_CFS ;it:;r; 8;?8 83;2 822;1 036

Logistic regression_CFS ;Zi::l 82;9 8%1 8222 0329
naive Bayes_Wrapper ;iii:l 82;3 821 82; 0359
Logistic regression_Wrapper i]itli:latl 82;; 83;3 ggg 0359
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Table 4. Selected variables by each variable subset
selection method

Variable subset method
CFS_BestFirst

selected variables

age, DW_Trk_FT

DW_Trk_FT, DW_LIg_FT,
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T 2 HEFTHE Aol ke AE etk
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