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A Machine Learning Approach to Identify of Dyslipidemia based
on Body Composition Indices in Men

Mi Hong Yim*, Sanghun Lee**
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Abstract

Dyslipidemia raises the risk of developing obesity, metabolic syndrome, and cardiovascular disease. Therefore, in
order to prevent and detect dyslipidemia early, it is important to develop a model that can identify dyslipidemia. In
this study, we developed the models to identify dyslipidemia based on body composition indices in men, and
compared the performances of the models. Six models were developed using machine learning approach for 820 men,
and assessed using evaluation methods such as areas under the receiver operating characteristic curve(AUROC), F1
score. The model using extreme gradient boosting reported the highest AUROC value (AUROC = 0.825 [95% CI,
0.742-0.893]), and age, phase angle of trunk, percent of body fat, and ratio of skeletal muscle mass to weight were
selected as relatively important variables. Thees results demonstrated the potential of body composition indices to
identify dyslipidemia noninvasively. Moreover, identifing dyslipidemia based on body composition indices could
provide clinicians with valuable insights and help them make well-informed decisions.
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Table 1. Description of selected body composition indices

Variables Descrition

AGE Age

PBF Percentage of body fat mass to weight
BFMp_RA  Body fat mass percentage of right arm
BFMp_LA  Body fat mass percentage of left arm
BFMp_TR  Body fat mass percentage of trunk
BFMp_RL  Body fat mass percentage of right leg
BFMp_LL  Body fat mass percentage of left leg
BFMp_WB  Body fat mass percentage of whole body

VFL Visceral fat level

FMI Fat mass index

PAngleS0_TR 50kHz-TR phase angle(P/A)

Percentage of skeletal muscle mass to
weight

Percentage of total body water to weight

SMM_WT
TBW_WT

33 Ol¢X|HE ST F2

T 09 AEQ “AIZEE o dAAES At
& WETIet AA ol dAEEFe] A&LHE
Zfrdl & o “oretal et RS ol dAE
ST o2 ER/SIGT 1 9 Ass AdTL
2 R8I
34 SHENM

o FAALFTTH BTN ARE AE A
£ 938 o]EE t HA(Two-sample t test)S ARE-5
Ack. ARE AR 7|9 o) dAEEF A RdS
TZ317] dek~E Yl(E-net, Elastic Net), ¢J2~EH
JYPYAE  F2E(XGBoost, EBxtreme  Gradient
Boosting), 274NN, Neural Network), ?E X~
E(RF, Random Forest), k-FHTH  O](KNN,
k-Nearest Neighbor) % AXE HE mAI(SVM,
Support Vector Machine) ®*Hol AMEE AT A&
AZe ZFee & 2l Ao AREFH AT
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Table 2. Comparison of body composition indices between

non—dyslipidemia and dyslipidemia groups

Variables Total Non-dyslipidemia Dyslipidemia P value
Number of subjects 820 746 74
AGE 4408 + 14.44 277 + 1414 573 + 10.08 <001
PBF 2349 + 587 2311 £ 577 27.36 + 543 <001
BFMp_RA 180.07 = 97.59 17424 + 94.46 23881 = 109.3 <001
BFMp_LA 184.85 + 97.8 17893 = 94.72 24456 + 10847 <001
BFMp_TR 22204 + 8359 21698 + 81.75 27299 + 854 <001
BFMp_RL 160.62 + 50.25 15746 + 4884 19246 + 53.38 <001
BFMp_LL 159.19 + 497 156.08 * 48.35 1906 + 5249 <001
BFMp_WB 182.35 + 64.49 17835 + 62.82 22262 + 67.65 <001
VFL 7.08 + 299 692 + 292 874 + 3.19 <001
FMI 6.02 £ 213 589 + 207 737 £ 22 <001
PAngle50_TR 737 £ 09 742 £ 088 6.81 £ 09 <001
SMM_WT 4284 + 351 4308 + 344 404 + 323 <001
TBW_WT 56.27 + 431 56.55 + 4.25 535 + 398 <001
e A4 dolee 70%2 EdTolH NEE o dAAEFTH AT APE AFE vl
ARgste]l AGHAT HA ol 30%2 E2E A7 F 20 AAEHAT. F 8208 EAH T 74
dole] MEE AREste AsS Bkttt 4 o] ol AAAEZT, 746H 0]l ATl TSN
ol MEdA HF B AEE Hstd 53 uA o} oA AEFTY HHAHE S 5734, BTY
ARE AHgst] 2o/l 4E 27 (Tuning)sHSA T HIAHE L NITAZ oG AAEZTo] FosH
[30][31]. =dollA Heid Ad AHE A7 7] HaAgo] HUTHp <0.001). AALE, AA = 7
S5 AAs] fal Al My 855 AL A A HMEGH(LLEE, 948, ¥5, 220
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ulaaly] S1ske] AUROC, FI %, Kappa, U7FE,  ddZFol AA7HT 4987 34 dehdthp
Sol% e AU 200098 FEAY BAE <000, SOHAEE 144, BADE, AFELS
5o 05% A1ZTE AL FI W5 Kappa, AT oFARIEE HO folA w4 Y
N, 9 Bk gt& AN A HA dA EFStTHp <0.001).
< Youden Aol o3 AMEHTE A2EF 1
TUE H28 mdo] AUROC #7 7zt B 42 2ol Jidh 3 Ms5HIt

AUROC #2 zA=dl sl fFogtE #he =23t
o Zo]E v WS TH32][33].

54 B4 R WA 421R Foundation for
Statistical Computing, Vienna, Austria)= A3 TH
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Fig. 1. Relative importance of selected variable
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3 72 2o Hs

Table 3. Performances of six models

AUC AUC F1 score Kappa Sensitivity Specificity
Model (95%C) st VA oge) (95%C)) (95%C1) (95%C))
 CBoot 0825 04 0307 0684 0825
(0.742-0.8%) (0243-0531)  (0.159-0452)  (0478-087)  (0.772-0876)
o 0818 XGS;’OSt 0508 0,360 0.260 078 0763
072089 ' (0287-05)  (0.143-0401)  (0583-0944)  (0.708-0.817)
o 0749 XGS;”St . 0329 0225 0643 078
06310848 ' (02-0457)  (0098-0357) (0429-08%)  (0.726-0.83))
- 0775 XGS;’OSt 0 0303 0.182 0917 0,601
(0.697-0.849) o ' (0199-0407)  (0.106-0272)  (0.773-1) (0.537-0.667)
Ui 072 XGS;’OSt 014 0439 0338 0.409 0955
050083 o ' (0240615  (0.18-0582)  (0211-0625  (0.925-0.982)
W 0794 XGS;’OSt 0583 0328 0213 09 0645
060879 ' 0218-0435  (0125-031)  (0773-1) (0.581-0.709)
V. 28 9 sz I 71 e & Ao AHgd RO T S8
St @ S dnh SA, B4 AeE ol
AP Ao A AAZFCR At F8 A He 5719 7134 349 tolHE FY3 1F
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A Aol Al ol dAAFEe g9 EVF FASNUT SikE AwE B Bias) A
A7 B BAsAE AT pe Azez T 4 Uk AL B AeE dols od 4
Aga) s A%H wHol ofd WAEH wge T HOER ANE AR odAFYS Ul
AgEte oA A Fo] A S &0l s = 3 AAE AAs7] oHT} W}EW olzigt A3h4
To] e dpta 27] HAS A3 Fa3sit H) S FEF] YeiAE o 2 FE 97|19 HEF
e oA AYZY YA ABAol Uty U4 °5- £ AAgte] e A5 %37} =3

A& &t o A+
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AddF 2 2o AR, TAZE, S0kHz-& = AHgete ASS Ak AF7E oA
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