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Prediction of Metabolic Syndrome Using The Catboost Model
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2 o E A7 miley F syl AR AE(catboost) NHEE Bl HIAGH WHOE ASFT TS S5k
A AZE At SR g5 f3t ARE FUATIERAL A 871(2019-2021) AR F HAREERo] gl 1§
11.542%, qARS®o] U&= 4.008H 2R F 11,5450, EYHsE HHE5E QRS20 449 14749 &
Aol ndtE 9 J5H7HE 9% BE I =& Python 3.9.72 ZAENoH, B4 9 2d 15 oA SciPy
1.614, SHAP(Shapley Additive exPlanations), Scikit-learn 1.2.2 ${7|RX|7} AFEEH ATt ATLA T PARSST o=
o 714 F23F 9912 £HAI7H1.354), A A$BMI: body mass index, ©]5F BMI)(1.153), AE(1.118)% &<l
oAt} T3 A%(0.658), EA F9(0.229), 147 AFHI} (0.199), AT 7158(0.176), W& 284 A7<AA
(0.158), 178l 17t o]4d9] &5(0.132), T8 EH0.092), =2 2EH A Q1%|(0.073), F4tdh AAEE A4 g
(0.063), E&AIZH0.060), (0.016) «o= uyEHTh JEZHe AR AJS5AUCS 0.874 (95% CI,
0.874-0.874) A=At} & AFolA 53 BES g&oto] 7He AES 59l dASTEs HEL ZgsHA
A5 o= glo, o] Rl W Hok oA 2 IS Aol b 83 7|2ARE E8E £ S o=

Mlsiises

Ir

Abstract This study attempted to predict the metabolic syndrome in a non-invasive manner using the
CatBoost algorithm, a type of machine learning. The dataset for training the prediction model comprised
11,545 individuals, including 11,542 without metabolic syndrome and 4,008 with metabolic syndrome,
sourced from the 8th Korea National Health and Nutrition Examination Survey (KNHANES, 2019-2021).
The fourteen input variables consisted solely of non-invasive factors. All the code for the model
construction and performance evaluation was written in Python 3.9.7, utilizing SciPy 1.614, SHAP
(Shapley Additive exPlanations), and Scikit-learn 1.2.2 packages for statistics and model building. The
study found that the most important factors in predicting metabolic syndrome were sleep duration
(1.354), body mass index (BMI, 1.153), and gender (1.118). Additionally, age, smoking, weight change
over the past year, family history of chronic disease, poor perceived health status, alcohol consumption
of more than one drink per month, and chronic diseases followed in order of importance. The overall
performance of the prediction model (area under the curve [AUC]) was confirmed to be 0.874 (95% CI,
0.874-0.874). The model constructed in this study could provide foundational data for the early
identification of metabolic syndrome in individuals and populations through simple questions, as well as
assist in the development of prevention programs for diseases related to the metabolic syndrome.
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1. M

AR T (metabolic National
Cholesterol Education Program's Adult Treatment
Panel III (NCEP ATP 1ID9] Awt7|&o] ulef Z& A]
g, 8, AN, 1Ek A SYAHE, 5
EdE =) F 370 oldolA v AFE 7=
A% dASSHo R Aot [11.

| A8} g A7EE oA = At
FTETY AHES AEH 0 F7cl= FAlolth A%
JARS T3] (KSCMS: Society  of
CardioMetabolic Syndrome)ol|4] £43F Metabolic
syndrome Fact sheet in Korea 2021 A=of w=H,

syndrome)2

Korean

el 4ol dAEFRY AEES 200798
20189, 1297 AEFRY B 21.6%IA

24.6%9] 5 oo 0] F7lekal Qirk g A
o] S7Hztol wiet fEo] k==, 60Al°1A 69
Al Bkl 41.0%, 704 o304 47.4%% w2 =X
£ HArh oA &2 FHES Hole AT A2
AT Iy AP S 2WR F7HAIZI L HA AFTE
T 1.54] o= AR Yt 2] AT 4
HEyEsle] 9 93 29107 U #HAS Hol
o2 fASEFe 27|dd A3 JAHoR uf¢-
8351t} [3,4].

ESH ARSETE ool gt #ilo] ool wlet,
A S5 o] #ASt AFE FHIFHow ARHT
om, A= QlE, A%, 4E ol =t ofsitt
(5. 18u thFRo] A4 dae S 4 AEQl
Aokl Ao Bet AF6-919oH, AEa1e B
Aof] 74 AT [5,10-12)7F Bk, 57 Axle} vjy
53 XS B9 gIE 5 e
11 Qlek. o]= H|-go] Wol =
om [13], ME3H HAAE 1BAHY BHg dxd
AUt webs A ETS Adst] 4
gk v|AGA o Hl8 584
o] ¥gs}rt.

T B9 Ao ot 9UES
153 4 ol milEd WS A8RE A7t
AP or [14-16), AE 2 Adkahy

27o|3 Zgaloln] AT 4 YA WE 5 Y BT

TEA

e

£ /Esr] 8l ikt 714 sk 19
t} [15,17,18.
A& IARFL gRlo] W W IR A
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u A-EA] = [19] w2o] g2 FoA
Ao A3 FAE A 4 At 191, sHAIRE, HAl
'd 7R A2 olRt HEA Rl SAINE A HAEF ] A
ofe S5 4 Aot [20]. HEof HARE2 o A
Aol A9l 7S wolFal, B4 @400 S Hlo|

E3H
< 0O

Al

L
L_

Ely
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Zolct. oo E Aol A
A 871(2019~2021)2] HoEE 7]
sto] ST HHSHOE dSois BES
gitt. ol B3 tAeET AXE 27|

A4 A U2 R 3D 4 9k

2.1 A7 44

2 AE INARIYRAL A 871(2019~20219)
HoElE 7|t R o], ARAE(catboost) YILEEH
S Agste] gAEEES Adshy] gt At
(cross-sectional study)o|tt. & oA ARAE

=2

(catboost) &S &89

CatBoost ¥E2 WFY WS Wes Ao}
A g1 mdo] gos A ARSE 4 glo] MRY |
Z=0] AA e} 2 overfitting) FAIE HEAL 5
ths Aol lof (22,23] B3 At e £ o

ol Agstchn Beste] Aesie,

2.2 Xi=g 3 ALY

B Ao ARgE e FUALYLRA A 871
(2019~20214) dolelE &9ttt YAAEE T
22,559701%13, 194 ulgt diazte} TR A=7t
o gARE AT & 11,5459 oz B
St Table 1).
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Table 1. Variables excluded because did not quality

for the study

Variables process| count n(%)
Under age 19 Drop | 3,868
Height Drop | 1,020
Weight Drop 865
Smoking status Drop | 1,013
Drinking status Drop 999
Sleeping time Drop 803
Perceived health status Drop 792
Perceived stress Drop | 1,019
Weight change over 1 year Drop 800
Aerobic physical activity Drop | 2,059
Physical activity restrictions Drop 792
Family history of chronic disease | Drop | 1,251
Stroke Drop 792
Coronary disease Drop | 1,986
Osteoarthritis Drop 792

Rheumatoid arthritis Drop 792 | 3,146(13.9)

Osteoporosis Drop 792
Gout Drop 792
Thyroid disease Drop 792
Kidney disease Drop 792
Liver Cirrhosis Drop 792
Hepatitis B Drop 792
Hepatitis C Drop 792
Stomach cancer Drop 792
Liver cancer Drop 792
Colon cancer Drop 792
Breast cancer Drop 792
Cervical cancer Drop 792
Lung cancer Drop 792
Thyroid cancer Drop 792
Extra cancer Drop 792

Final raw datas

15,545(68.9)

*Combine duplicates for each variable
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A Sl AgE Holgale] Mes E, ol

AZRIA &
AAZE 0, BEA ol WYAR oz 2
AT B FuEso] JaRE WAEA] 3l 9
o WS (5%, TYFULY, EEY, o
3

2.3.2 jAEESE R RIE H

AREZE S NCEP-ATP III A<t 2417} thgh]
Tretglof A AAIRE B B[gke] 71 [25]00 EAste] 4
ofsioict. xotEE= 71eS ot Zh

D slgEd: @A = 90cm, 14 = 80cm, 2) 34
A% = 150mg/dL, 3) TLEXHeEZAEHE (HDL-C:
high density lipoprotein-Choesterol) : @A <
40mg/dL, &} < 50mg/dL, 4) ¥ = 130/85 mmHg
EE BRHAIE 585, 5) 35EY = 100mg/dL
Ee PHHI(EE AEWE AME FRA A= o] 5
7] & 371 ol 7ML Sl AS A ST o R
BRsar

2.4 DY S5E 93 HI0|E HMX2|

£ AFoA HEE Hes ARAE(catboost) €Al
&S AFgoteZ Y-8t Q17 Y (one-hot encoding)S
o]-&3t HHgo] = oA, A& 7|5l <l

= off A3 Aokt [26]. 121 T3
Agh R 9 WSS SHHE Bt JdRFE
71208 AEL ¥ sl it of #ig

stk £3 2 AARolA 252} oiF %i%oﬂ s
AL SEHE AR EF9 9 NaN(not a
number) 22 BFsto], oj4ly WEES HWIFL Y v
AT Y AE(missforest) F1EES 53 RSO,




ARAE BES 0|83 IAZFZ oI5

A3 A4 EAVE e AR ddEo] FTHoR
A LlstATHTable 1).

2 A7 AFEE tiARESTo] gl tiAAet e
AR v &2 2.9:1 HE=E sttt o|2A B
FE HolHE shgd w4AlEd a2 g flolEd
gk & overfitting) 22 QI8 &% Hlojg 5 4l
S Al Aeo] B4 g2 AFE EY & Stk o] ZAIE
siastz] sl dole7t 7Hx 22 429 Ed4FS iE
s7] gk Rl AE 71 271 ARgSkgith £ 4
TollA AHEE AES 7S 22 H]e]l Ho[HE k-
ZZH o](k-nearest neighbor, k-NN) €1g&52
g8sto] A= ABgots Wl &5 A o AE
(Synthetic Minority Over-sampling Technique,
SMOTE) 71'#<& &3l tAksEo] gl <3 e +
o] #ES7F Ao E A sigict [28].

i

2.5 A2 AE(catboost) 2

AEAE(catboost)+= Category Boosting?] FAZE
QI AAPL et QXA Ed] go|EeRE slst
JHYAE HAE(gradient boosting) HHolTH29].
AEAE(catboost) B2 gradient boosting machine
(GBM)Z 7I5to = 3t wAleld d1e]E o= ordered
boostingS AM&3tY] 7|1 GBM La|Zol|A] Z+ oA
H BY9| 75 A] o Al dlF o] =& target
HAS-E Zoole] BY9] HA I overfitting) 7FsA0]
EoAE BAE idstlon, |sd weA g 583t
nygo|t}22]. & AFollA HAAYH ARAE(catboost)
9] &9} ujFAs= theat AtHTable 2).

Table 2. Variables excluded because did not quality
for the study

Best parameters Value
learning rate 0.2
12_leaf _reg 3
iterations 300
depth 3

N

6 HEAE(catboost) ZE 1=
AEAE(catboost) RETES Y5 dlojgAlS S
g3} HIAER 02 Bkt HolE Q] BES {4,
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2.7 84 &4
£ 79 A4 24 4 2d9] 53 ¢ Python
3.9.7(Python software foundation, Wilmington,
DE, USA)?1oe} SciPy 1.614, SHAP(Shapley Additive
exPlanations), Scikit-learn 1.2.2 H{7]X]& ©]-&3sI3
ou, TAH FA WH thedt 2ok
1) FYHS B0 gt B, BEHAL, 3RS
SciPy=i7] A& o]&sto] EAI513]Tt.
2) SHAP(SHapley Additive exPlanations) Z7|A]
£ ARESto] Bl F50] 7]ofsts HeET AT
ARl F8EE Ittt SHAPE= AlYUol&9
Shapley valueg ©|-83%t ¢ag|Eo 2, Ailgho
et Z+ feature®] 7|9E=E Qu[sith [30].
SHAPE AMESHH Hdo] of|&gho] thigh W49
L dYRigo] WE dSHe M EE
& 4= A 311
3) 1549 B9 452 scikit-learn 714 E o]-&
sto] ERIstgitt. HIAESR dlojgAloA &5H
ndo]l Avkd /45?0 AUC(area under the
receiver operating characteristics curve), g
B (accuracy), FUE(precision)2} A& LE(recall)
9] %3l #9l F1 score, E°]%(specificity), ¥l
A (sensitivity) 18] 173 EQ} Eo|x9] 7|5}
H#?% G-mean(Geometric mean)S ARE-510]
T3AR] F5Z Wk [32]. e A5 A=
bootstrapping ARt 95% A=K confidence
interval, CD¥ BH 22 YelTt [33].

3.1 HASSZ OISR EYssel 54

AT o] ASTR dJERd] RYH Haro 5
4 lel] o) SRR TEYT LARAS A4

sheit.
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Table 3. Input data Characteristics of metabolic

syndrome prediction model

Metabolic syndrome
Variables Categories Absent(n=11,542) Present(4,003) p value
n(%) Mean+SD n(%) Mean+SD
Age 49.8+17.1 55.35+15.0 <.0.001
Sex Male 3.819(33.1) 3,131(78.2) .0.001
Female 7.723(66.9) 872(21.8)
(25kg/m’ 8,479(73.5) 1,433(35.8)

Bod ind .0.001
ocy mass index >25kg/m> 3,063(26.5) 2,570(64.2) ¢
Smoking status Non-smoker 10,035(86.9) 2,915(72.8) 0.001

Current smoker 1,507(13.1) 1,089(27.2)
No drinking 5,831(50.5) 1,529(38.2)

Drinki .0.001
rining staus >1 cup/month 5,711(49.5) 2,47461.8) ¢
sleeping time 6.8+1.4 6.7+1.4 <.0.001

P ,750(67.1 2,8 2.4
Perceived health status oo 7.75067.1) S7G29) <.0.001
Good 3,792(32.9) 1,106(27.6)
L 8,436(73.1 2.987(74.6,
Perceives stress el 360731 587(74.6) 0.059
High 3,106(26.9) 1,016(25.4)
N ,105(61.6 2,381(59.
Weight change over 1 year ° 7.10561.6) 381G9.5) 0.020
Yes 4,437(38.4) 1,622(40.5)
No 5,067(43.9) 1.622(40.5)
Aerobic physical ivi .0.001
erobic physical activity Yos 6.47566.1) 2.38169.5) <
N 10,791(93. ,667(91.6,
Physical activity restrictions ° 79165.5) 3.66761.6) <.0.001
Yes 751(6.5) 336(8.4)
Family history of chronic No 4,296(37.2) 1,415(35.3) 0.034
disease Yes 7.246(62.8) 2,588(64.7) ’
No 8,562(74.2) 2,969(74.2)
Chronic disease 0.988
Yes 2,980(25.8) 1,034(25.8)
c No 10,920(94.6) 3,796(94.8) 0.597
aneer Yes 622(5.4) 207(5.2) '
oA &5 AR F 155452,  Ho] Lrle= HlERET © w2 Zog FRIFUY
HARSFo] Qs IE2 11,5421, A= 152 4.003  (p=0.020). FAtA 52 St HIES tAEEwo] ¢l

golltt. WA ARG 15(55.35¢ 15.0)°]
HAEE o] gl 18(49.8+17.1) s o &}
(7€0.001), AE2 thASFo] Sl 52 94(78.2%)
9] vlgo] © WUTtH(p<0.001). BMI= AR S 15
oA 25kg/m’olAdoll GE= vlgo] 64.2%E H &%
3(p{0.001), 187+ AZ- ¥3K38.4% vs. 40.5%, p=0.020)
ESH AT IgolA B B2 Zos FRIESI
EA(13.1% vs. 27.2%, p<0.001)¥} 171l 17 o}4}
9] 85+49.5% vs. 61.8%, p<0.001)= HF ASTF-
JFOIA o wotrh

FHEAZE gASTFo] Qi TF0] 6.8+1.4417,
fARESFo] e IE0] 6.7+ 1.4A17t02 YERth
(p€0.001). 4 AAAE F & B5F Yy of 3
FHe Hl8o] 67.1%2t 72.4%E ‘Et} o Sgst= H]
EETH o Wok(p(0.001), 2EHAIRA] Hxe F
o5 AEYAE HA L7l= vlEo] 73.1%%} 74.6%=
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L

= 1852 560.1%, ARSFT0] Sl 1852 59.5%R2
H(p<0.001), EFAT o= F & BF gl HE0
94.6%9} 94.8%3ITHp(0.001). BHHITHS BHelsty] 9]
g T As} 42 T o 5 TS| §la(74.2%
vs. 74.2%, p=0.988)' 3} ‘A Zt 312(95.6% vs. 94.8%,

p=0.597)°] tARE, = 22 Aole {IAH. SHAIRE
AR 7MY oRe £ 2 BT ATH62.8% vs.

=

64.7%, p=0.034)1L §H3t H]&o] T =UrHTable 3).

3.2 ABER S22 +8 7| 58k
(PFI: permutation feature Importance,
0|5t PFI)

PFI= 755 244 #8459 A
Hjete A0R, ASTEE A5 F83%t ¥
3} ZHTable 4). 29 75 A3 AR Ad] 7F
A 8% Al 714 WigE $EAZH1.354), 25kg/m’



ol BMI(1.153), AE(1.118)F U=t}

E3 A(0.658), A &<1(0.229), 1A%k AFHSH
(0.199), ¥H3&% 7158(0.176), Ur—“i A A7RAA
(0.158), 17H¥oll 1= ol 350.132), A%
(0.092), &2 AEFHA Q1A(0.073), 4t AALE
AR §12(0.063), &5AFH0.060), 20.016) <=2 &
LFEbstTt.

Table 4. Permutation feature Importance of the
metabolic syndrome prediction model

Variable importance

feature
score
Sleeping time 1.354
Body mass index>25kg/m’ 1.153
Male 1.118
Age 0.658
Current smoker 0.229
Weight change over 1 year 0.199
Family history of chronic disease 0.176
Poor perceived health status 0.158
Drinking>1 cup/month 0.132
Chronic disease 0.092
High perceived stress 0.073
No aerobic physical activity 0.063
Physical activity restrictions 0.060
Cancer 0.016

3.3 HAE2E OIS Ee 5%t

2 AFoA FE5E AT E dSEEl 46
7} A= o2y} Zti(Table 5). 222 AUCE 0.874
(95% CI, 0.874-0.874)% RI=|Ur, AA o=t
A& dlolgl7t duhy A=A UEde A8
(accuracy)= 0.875(95% CI, 0.874-0.876)%th. F1
Score2 0.881(95% CI, 0.880-0.882)°]%.0.H,
Z(specificity)x 0.829(95% CI, 0.827-0.830), ¥#
(sensitivity)= 0.921(95% CI, 0.920-0.922)Z &9l
Aot 43832 A AEJ G-mean< 0.873(95%
CI, 0.873-0.874)2 Yelystct.

o]

Jlm

—
=~

Table 5. Performance of the metabolic syndrome
prediction model

Metrics Performance score 95% CI
AUC 0.874 0.874-0.874
Accuracy 0.875 0.874-0.876
F1 score 0.881 0.880-0.882
Specificity 0.829 0.827-0.830
Sensitivity 0.921 0.920-0.922
G-mean 0.873 0.873-0.874
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2 A7 FUNAGIFEAE 871 HlolEoA &3
AIX ]—4 HAEE 2052 &8st A2 A
F2AE(catboost) AEE 75 AES2ES
:lléfﬂ’ =, 754 299 452 Bkl diss
o JFE F+= F8 =0 sl SRkt

i1 :ﬂ.:
_o'lt,
rr
)'_-::s

% AoNA F=H ARLAE(catboost)ELES 7]
gl B2 w21 HA S8 5 Q= H|IGE HeE

ARSIl E 0.87 o149l AUC Aol ERI=I,
A& (accuracy)= 0.875, Z5PHHF1 score) 0.881,
Eo]X(specificity) 0.829, W =(sensitivity) 0.921,
G-mean 0.8739] %3t YA ®E HIt. ol 2
e 2 AFolA 53 Bdo] ARSTE 7H i
A 5 o= Ay s €89 5 e 7
< Yehdct

o] 7]ojgt M4 8% Ay $HAZE 25kg/m’
ool BMI, A9, A%, @4 &4, 197t AFHS}, w
AAg 7S, U 2 27 ]'O]Z] 17§ 1% o}

A A

o 8%, WAL, B AEUA QX Ak ANT
§ WA 98, BT o) HU, & ol

BAREE ThASTE
qaelow, elo] isTEst Aol Sitt
L ARATEY XSt [34-36]. E3E, we A
AE AEEE BMIE ST At|2o] 3t
sl sjesdel Aol Qs %o el &7
Uehgteh. ol Hjgto] tAks el BEA SHA%
o # ohfe, BMIZH ks TRl S8] 2 e &
% 9lee eItk Al Avtet Qxisiet (5], o
2o o] Fa% Ws B A9 S FlFr
ol Aol W2 kST FA B ATl
949 TSR §0] olirth Eod AYAT
Ase} YA [537). B AT FET mEe)
50l 29 7% F8E9 ZKTable HIH B4
9, 1z Al BAs 1Ee, U S A%
9IA), 1ol 13 o]0 8%, WU, Be AET
2 QA Ak AARE 04 918, BEA 99 7]
oIFR 0| THT ST, 25ke/mPola] BMI, 4
Mo] FRwst AjoR ¥ Ueite e g 4
QUk. ol T PAETE e g B m2
A A A A, Hee] mEOd 58
ZAZ Dost 9o AAt o] o] RAEE
nFSlel O 4L WA RE o & A% =R
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oqfq AT T REES F4H
11 9Jo] B]X&A QQlETto g7 L3t
Tol B F5A GAo] tia Raglo] At
Qlo] AR S 2710 AE ?-} - Zoltt.
£ A7 et 22 AFdol Uk A, 59 7

o &8t %‘{124_7&080*2*}% AL glo] dlolH
T B A2E k] LAY A7 A4S
%R @ ANBAL FFL WPk 6 T
A7t Ik B4, FUALYFRAE of2 B2 9
oy %@E@_ Aol g, £ AT 1 HSH Qo
: A0 ATl TS
= R0, B8k A
A7) W2l AR ST
A B8t 2k,

ojzfgt ARkl Etotal, -2
Bots e QRS tyos o
At s HlolElE B85t tARS Sl
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