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Research on risk prediction model of coronary heart disease
based on ensemble learning
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[ Abstract] In recent years, the number of people suffering from coronary heart disease is increasing. Ensemble learning has
excellent prediction ability for coronary heart disease, which can reduce the cost of patient care and improve the efficiency of
coronary heart disease screening. The datasets for this study have been published by Kaggle. Firstly, the data is preprocessed and
screened with characteristic indexes, and the SMOTE algorithm is used to balance the data categories after which eventually 7010
pieces of data are obtained. Secondly, three ensemble learning algorithms, Random Forest, XGBoost, and LightGBM are selected to
construct the corresponding coronary heart disease risk prediction model, and the Bayesian optimization algorithm is used to optimize
the hyperparameters of the model. At the same time, the data is divided into training set and test set in a ratio of 7/3 for model
training and prediction. Finally, the performance of the three models is compared by accuracy, recall, AUC and other metrics. The
results show that the prediction models of the three ensemble learning algorithms all have good performance, among which the
LightGBM algorithm has the most prominent performance, which verifies the feasibility of the ensemble learning algorithm in the
risk prediction of coronary heart disease.
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x1 REHFEEREEFESHRRE
Tab. 1 Detail and explanation for risk characteristic index variables
i FHIESR b4 B 1 R R 1 A o
UNIEE = 53 Male 0 =Zctk; 1 =5
ARy Age SEBRAFS (B0
(AP LS B Education L =@ 2 =5y 3 =10R; 4 =K%
P\ i currentSmoker 0 =Z:u})7(ﬂ£]%f, 1 =W
S5 H AR cigsPerDay SERRAF- Y H MR (B )
BEE AR (Wi ) AT IEZ BPMeds 0 =RIRMIMEEZ; 1| = IRHIEEZ
H X prevalentStroke 0=A;1=5%
1o L B prevalentHyp 0="%;1=0=
B PRI S Diabetes 0=%; 1=k
P2 RS (24T SR [ @K O totChol S BRI E
s e sysBP SRR EEEUE
EF KT diaBP SR R
B A 4R A BMI S BRI R
DR heartRate SE I
1K 7K Glucose SEFR R AUE
1.2 HiESHEREELE H W H & ( cigsPerDay ). & & Ik H K% /& 24

K Pandas X 548 U5 B0 % 48 br A2 5 (4 (B 2
RY 53 A DA SR RAG LA T A At O AN 2 1
A3 (p < 0.05) , H#E H#2JE (education) | F-14F

(BPMeds) & IH [E B2 7K - (totChol ) | B 4 5 it #5450
( BMI) | MLBE 7K F- (glucose ) ARG A B G . BLAA
PR A BRI DL LR 2,

2 BHEERTEHEER
Tab. 2 Data of characteristic index variables

AR AR R EIEEL(ER e 23 {EAL 235 Lt/ % 257
male 51 4238 0 0.00 int64

Age AE I 4238 0 0.00 int64
education HERE 4133 105 2.48 float64
currentSmoker 27 W A 4238 0 0.00 int64
cigsPerDay SEH A H WA 4209 29 0.68 float64
BPMeds S R R 24 4185 53 1.25 float64
prevalentStroke R 4238 0 0.00 int64
prevalentHyp e L B 4238 0 0.00 int64
diabetes A DRI s 4 238 0 0.00 int64
totChol S JH [ K S 4188 50 1.18 float64
sysBP W4 Fe 4238 0 0.00 float64
diaBP ik E 4238 0 0.00 float64
BMI BT EAR AL 4219 19 0.45 float64
heartRate iRE: 4237 1 0.02 float64
glucose I 4K S 3 850 388 9.16 float64
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S BRAF L B AN T A5 HL SRR B 1Y L iR
5% VAT, T LI FH A 3% 12 o Bk 2 (3R A 7 b B 5 57
Py Y W A R 2R AL, 53 i B 7 s 240 R Wi
S, DRI A R A L A A s R Y
FEH(18.0) XF BRI (ELUEAT A7 (5 X8 T2 45 i FH
Fe 24 46 br A2 1 G R H, 2 % 56 1.0 IR B &
( American Heart Association, AHA ) /& Ifil JE 45 B fe 8T
bR E, 7E R T BE R 259 09 16 00 T, Wi
(systolic blood pressure, SBP) =130 mmHg F1 ( %)

&5k & ( Diastolic Blood Pressure, DBP) =80 mmHg
M NTE 12 Wy il e B8 3, 4 R T 130
mmHg 5 &F 5K & KT 80 mmHg A% DL 1 547
AFBAEL, 7500 A O HEATAR R 5 Xof T E [ s K | B
PR HEHE AL O M 7K ST b 22 19 Tl 2 53
OB LB o5 BB 10% LR, 435005k 4% $E 4R 22
B T 2 (B X s BB R AT RN T AR Sk
T Python 1Y pandas T HFEXT R E G A TA03E | 5
LAFFN4 133 5 FEA ] TR ARG 2, Horh B 1k i
3 505151 (84.8%) , FHME 34 628 1911 (15.2%) , #B4y
FEA K W3R 3,

x3 BOEREE
Tab. 3 Part of sample data

75
Eiza Eig ANt
01 02 58 59 99
Male PES 1 0 0 1 0
Age RS 39 46 55 48 39
education HBERE 4 2 1 1 2
currentSmoker AR 0 0 0 1 1
cigsPerDay XA H WA 0 0 0 15 20
BPMeds S5 AR B 2 0 0 0 0 0
prevalentStroke XL s 0 0 0 0 0
prevalentHyp 1R I B 0 0 0 0 0
diabetes bR 0 0 0 0 0
totChol S JJEL T K S 195 250 330 170 190
sysBP Wi e 106 121 103 132 137
diaBP SFIKIE 70 81 73 91 81
BMI B IR BT AL 2697 2873 245  27.61  19.57
heartRate IS 80 95 85 78 80
glucose 1M A 7K 7 77 76 67 57 85
TenYearCHD A RO 0 0 0 0 1 1

1.3 $HHESHEIEREF

FEOE e 5 A 18 i o T RR A 8] 4 5 28 07 126 1 %
RRAD TR R v A R AR AR e, DA R AL A M B
ST RAEANG R IEZS A, AR SCH 553 T Spearman
PRAH O R BON R HE 6 b5 A8 AR OGP EAT 20 A, B
RGO A& 1 s, P A (age) AR TR
(sysBP) & A (& ML ( prevalentHyp ) | #F 7 &
(diaBP) | M4 7K - ( glucose ) Ay B BLRRAE , 275 W AR
— - 444 H W AH ( currentsmoker — cigsperday ) FJ #H
ZH0CN 0.93, &7 3K - U4 HE ( diaBP —sysBP ) f4H ¢
AR 0.78, il & 5 - WL 46 H ( prevalentHyp —
sysbp) M AH ¢ R R 0.70, & I 52 - &F 9k R

( prevalentHyp—diaBP ) fJAHC R ECH 0.62, P
/NT0.05, FEAEFE bR AL B (AR B R A OCE o0 i
AR bR AR i S AR EAR S PES /N T 0.6 B
EFE bR R B R B I AT R (I 38 1 28 i R AT A
RITH

— BRI, AN R Bl B 2 1 58 2~ S T
TR, AR SO H B 5680 3 800 46 v BH P 5 B 1R 4
EILIEA N 1 6 BRI R, N T %
23 R FE 5 ( Synthetic Minority Over — Sampling
Technique , SMOTE ) 7 fiff e B4 258 9 A - £ ] 2 H
HA RIFRROR™ A SCRER FIZ 5 1 BEALAE W
B S A AP S
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B A E i M IR A G 2 ] AR e L
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iz AR 7 R AR ML A SRR BB AL AR AR
XGBoost , LightGBM 3 F#5 Ay Jli 2 1) 5 B 2% > B33k
S JEE U IR T AR A

(1) BEVLARAR . BEMLARAR A 2 T 5280 Pl 5 e
Tt B 4R 35 Ry BE 18 FAR 5 B AT 6 SRR AN
Rt HLAR AR ( Random Forest, RF) Fi| F £ 1l 2% > 1) S
AL 2R 288 X T — DA
AR R 2 AN ] 1 43 2 45 2R, B AL AR MG 5 B AL 1Y
T N, Z BROCSR R IF B LT BT A 1Y 3 S B S A
R BB Z W RIE R e A n i i

(2) XGBoost : XGBoost ( eXireme Gradient Boosting )
S PP R RS B R TR R TR AR R
PSR B AT TR RTUHERE R A A BT IR
Dy I A 1R 25 R BGH AT Z I S R IT INACGE

g. 1 Correlation between characteristic index variables

AL AAR AL H br iR gL W 2 A~ 55 0 A b ran G,
I 15588 43 2 4, T[] B >R FUSC 46 ( Shinkage ) | 1)
FFIESMAFE ( Column Subsampling ) 45 77 4 2K By 1E 15 #U

AN
H o

(3) LightGBM ; Light GBM ( Light Gradient Boosting
Machine ) 2 3 T DR S 3505 19 o A1 086 2 48 THAE
20, R Histogram 53k | FH A A7 TR J3E R 1 A4 2 i
TLEK (leaf—wise) MG, SR ACRAIFATINGR, IF
HEA A YIRS AT FE | S A i
R SCRp AT AT DU 8 Ak BRI B0, DI FRak
RUF At Wa . 3 MR > FOE R R T
FAEVRER KR ORARSLE 4,

2.2 HESHIREF

N T WA AT B IRCR | 5 AR 2 |
TS+ FEm AT N2 56, A MG HL
WRINSTHLARK B TN E WStk B wr
T I T R AL 2 2T P B S R AR ) (]
BFIZO R REN LIS R B A i PR R
I, A SCHETF Python 15 5 i H BayesianOptimization J4
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HH n_estimator 13 27 T 19 K , — % A U A Y
FRE BE 5 B8 BB B IE FE , (ER RS KT RE S
SR AR PG, O B HL AR AR, XGboost |
LightGBM3 FE i 27 SIS 81 3 T U1 - 3415 AL i £ 1k
g L0 5 383/398/574 , HoAth 2 B PR AN % B 1
ML 5~ 7,

i AR AN S ES ,ZIKX%? Python A=)
4 sklearn EL%%%EEF,é%j%ﬁTE%&’,HQ 7:3H
Lo A5 53 BRI 50 4R Fn i i Rcas 4, 7E U1 2R 8t
B BSERL 3 ALY 2, I P 2R b AR AU 7
DS A B, A5 380 A0 I 0% 00 45 2R (TR VA R
M), L 8,

®4 ITMERFIEEI LR

Tab. 4 Comparison of three ensemble learning algorithms

ik A A PIAr sk PR A= K e AR
BEATL AR AR Bagging FEALYI 53 Gini 2% Gini %L
XGBoost Boosting pre—sorted level -wise RSN
LightGBM Boosting histogram leaf—wise R BN
®5 HEHAMERERSESERR

Tab. 5 Parameter settings of random forest model

SR n_estimators max_depth max_features min_samples_split min_samples_leaf
B ERULES 6 R e R BORFHER. DRI RR/MEARSC A S EMEAR KL
1l 383 20 4 2 1
% 6 XGboost BEERSHIZEER
Tab. 6 Parameter settings of XGboost model
28 booster Objective n_estimators max_depth learning_rate  colsample_bytree  subsample
B s EEINEE FRIECE W SRt FRERFELLH]  THEA L
fE bgtree binary : logistic 398 14 0.2 0.8 0.9

#7 LightGBM ExEASHIFEER
Tab. 7 Parameter settings of LightGBM model

ZH boosting_type  objective  n_estimators  max_depth  learning_rate colsample_bytree subsample  num_leaves
B IrRAnRAl BARKEL  TRREE RIECRIREE  FJR RHMERFEH FREANI M7 ms
18 ghdt binary 574 20 0.2 0.9 0.9 196
*8 3MBRMTMNER (BBER)
Tab. 8 Prediction results of three models ( confusion matrix)
" LightGBM XGhoost AL AR AR
FRYE T BATE (B FRAECT)  BAdE () FRAE (T AT
PR 945 123 932 136 951 117
BT 61 974 77 958 86 949

3 REMEREITFNSILE

3.1 REEREITMIEIR

ASCEELIWERE (Accuracy , ACC) | K5 1 %
( Precision ,PRE) . 13 [7]>% (Recall) .F, fEF1 AUC 1§
PEAG SR 03 P S8R, (R IHfEF 10 47 28 U3
UE (K10) #9757 B ub A AL 1 P fE . 76l B Bk P
Wrdisbn Z Tl 2R WG AR e AT R S, 1 S Tt
1B 5 5P IT L , SR J5 I 7 To0 245 58 4 A/ B

PE( Positive/Negative ) , TR i 52 b 5 100 0 &5 SR X
b, A5 H 0 KT 45 SR Sk TE /%8 0% ( True/False ) |, fic 2%
SHRNRBFEEE 9,

x99 RBEEE
Tab. 9 Confusion matrix
. T IE
SEPRAE
FH M Yikis
[ TP (True Positive) FN (False Negative)
BA FP (False Positive) TN (True Negative)
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YA 32 A8 TN AR R S I TE A 0 45 R o R
M b, AT
TP + TN

Accuracy = (1)
TP + TN + FP + FN

R HE AT AR T A B0 A BH 1 A AR AS v S B
{EAR D BHPERREAS B & 1 20 B TR A (2)
TP

Precision = ——— (2)

TP + FP
73 ] 3R AR TE A SEBRAE R BRAE B AR v g 13
DAy BAPE A Bl o B 43 L TR A(3)
Recall = e (3)
TP + FN
FAERRA T AT BAR D 7E Precision
F Recall WFERN L, o FH W9 5 04 IASCIR FF- 4 1 4 7
BRI PERERCR PPN THRE A (4)

_ 2 Precision * Recall
=

Precision + Recall 4)

FRibZ Ah , AR 3CGA 5| A ROC (Receiver Operating
Characteristic Curve ) i £ X} 81 JE 479748, ROC &
DU BH 4 % ( False Positive Rate ) . B BH %4 % (' True
Positive Rate) AL, ROC MZT TR ( Area
Under Curve, AUC) 1] LA BRI TEH 432548 B 473K,
JEFETE 0~ 1 Z[8], (EBOR A AR B RE A
3.2 HEILLRLER

FIH Python 1 5 metrics FEASHY 3 Tl F I A5 74
(P RE B 25 L, WL 10, nT LA Y . 3 FPARTL I i
R IGTE 90% A A7 A IE AR 258, T30 280 R 1%
O B AR T AR, LightGBM o0 i B 5 5
4 93.94% 5 {13 10 FIE 2 W[ LLE 3 A
AUCEITE 0.9 L E H. 3 FhEwE 10 9758 URAIE Y
HEB R IYLE 85% 2o, F W LA 1 BS 7 T 185
U, M F, {EFE AR ELER, LightGBM A58 76 T3 0 %4 S
WAL T HAM 2 AL 275 FIRAEARTT LA 78
AYGEIY 3 FEAY A RBCR B80T, LightGBM
PEREIRCN LTS o 7S ST i 5 40 T 58 R X L &
I AR 3 FBCRITEMERR R 5 AUC (A5 T
BHAW BT,

R10 3FRBEREEERIEX L

Tab. 10 Comparison of performance metrics of three models

Bk ACC/% PRE/% Recall/% F,{i  AUC K10/%

FEHLARAR  90.35  91.71  89.04  90.36  0.904  83.55
XGBoost  89.87 9237  87.27 8974  0.899  84.64

LightGBM  91.25 93.94 88.48 91.13 0.913 85.45

TR, A BT INEE 2 0 S KUK U AR B AIF 5 13
10 ROC Graph
R
08 f
2
=
< 0.6
% 0.4
= — Random Forest(area=0.90)
= XGhoost(area=0.
0.2 — gbm(area=0.91)
0 - - - -
0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

E2 3#EEE ROC HE
Fig. 2 ROC curves of three models
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JEHIH SMOTE 582325 %5 B i 47 - fi ik 21 5 >R HH Bl
HLEEAK XGboost . LightGBM 3 Ft £ il 27 > 2 vk A5 711
g 1 gt O ) XU RO ASE Y | I D1 B Ak
SR BRI AT TR B Jm , NHERR % [l |
AUC SEFahRxF 3 PRI iy MR R AT LU, R 3 b
BRI ELA R PERE , 50 0F 48 2% ) VA e 7O
3 DRSS T 7 T %) P A7 1 AT S5 300 56 0 9 1 XL
BTN, A, T HL 2% = T XU T A A
AT LIS 56U £ A7 XU T , 38 ] LA HL e
ST HAB I (R B9 , LA w2 5 110 55 30 i A

AR SCBAFAE—E W R B, B %, ASCRAE
Bl I8 T HCE & R g R DL GE
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B A TR ARG 5 PO 5 L AR SCft T Y S
RUPS A i > w6, LA 1T 25 5 BOA [R] 2 78 1
MLES 27 3 e AT SR X e, A4 8 W A48 55 16 XU
TR
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