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Abstract

The proposed model uses nearest neighbors edited by synthetic minority class oversampling
techniques to balance the training data distribution, and then predicts heart disease by ensemble
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learning algorithm XGBoost. To detect the prediction reliability, a real medical dataset of heart
disease patients are used, features are extracted using expert consultation method, and the model
is evaluated by confusion matrix. Compared with the four types of baseline algorithms, the pro-
posed model performs well in terms of AUC, Accuracy, Recall and F-Score metrics. The experi-
mental results show that the proposed model can provide a more accurate and intelligent aux-
iliary reference for heart disease prediction, and it can also improve the efficiency of diagnosis
and the accuracy of heart disease prediction to some extent.
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Figure 1. Flow chart of the proposed model implementation
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3.2. HETMALE

3.2.1. HAEREIOHIBRTIE S BIFERTY
© AN IR EZFFE(E T 38 4>, 41 1D &%)
@ BEAWAAHRIRAE, WRAEE R A 1 AL 8 1)

3.2.2. BT ERNFFHELTE

O STFRAABBPAIE, KEGHIN—FRERTME.

@ STFHEBEMAIE, L DMI FRE4EIEHE, ZAFME R AR E NN T B B4 IE T & S TR 2
PRIRFAE, JLERK 1082 Tle 0 T HARKHE, &S EEROCT 1082, W E LI FRZFHEGE 9 51)), &2 EEUN
F 1082, WILREEZFRAE, (XM 2SE 4T

Ht, mTPASREES 14 MFESIA 1 AR5 (MACCE)E P 1t 3528 2 REAKIHE . B 4R R
g 1R

Table 1. Characterization of the HDD dataset
%< 1. HDD #IEE4FEHIA

=] FHIE4 ik ESit] BT

1 Sex PE 5 By Bt 1= 5, 2= %

2 Age i K [20, 88]

3 DM A TCHE R B Eit 0= JoHERI, 1= AHERMR
4 HT e ML B2 EIES 0= MLk, 1= FmilHksL
5 CVD_history J10 LA o FA 0= SRR AT, 1= P I
6 Afl_af L E A 0= NEpEEh, 1= BREHH
7 LVEF RN e HE 7Y [18, 88]

8 WBC EE] a7 [2.5, 32.1]

9 NE Wk R [13.9, 95.8]

10 SCV_number TR CH R [0, 3]

11 REV_type KRR A 1= PCIHiR, 2=CABG A
12 LM_lesion A TR BBk A 3 A E7pit] 0=7% 1= %

13 ASA fERE 2R ASA ST 0= MMEH, 1= fH

14 ACEI R AL ACEI e 0= A, 1= ffH

15 MACCE RERKEFEAROWLERG FLE 0= FkHA, 1= KE
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Siginficant level: 0.05

Figure 2. Correlation matrix of HDD data set

[# 2. HDD iR X

DOI: 10.12677/hjdm.2022.123023

224


https://doi.org/10.12677/hjdm.2022.123023

™
=
%
&

3.5. &F Smote-Enn EZEM AL EHIELTE

AR AL fE HDD $dE 42 RSB 5 B AT I EEAT T Giit . B N3 2 I 50, ZEdR SRR &
AT, DRSS B EET T 1:8, Kb, FHFENEIRENATFEAIE, [FEaRNETEER
AR5,

Table 2. Predicted column distribution of HDD dataset
#z 2. HDD HIBREFNFI 5%

HDD %k 0 1 st
o 3133 395 3528
7 Bt (%) 88.80% 11.20% 100%

TR CRAE s S RAE AR G R = R T R A A LA 7 I AP 1. 1 3 A1 T IX =
TR~V T V2 R o SRR T3 V208 I B A o BN B — SRR R AR T I SR s ORI
ALV R o EE R — SRR AR ARSI H AR R S SRR A AR I SR A 2 R Al R AR T

2
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(ERRRL RIS

RINEBHER
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Figure 3. Three methods of balancing data

3. BN FEHIBH =TT %

KK SMOTE-ENN B &K FE 71 [15] 9% T4 HDD %4 . 1%, SMOTE s&XF 5 Eb N —283
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Table 3. Pseudocode for SMOTE-ENN
5% 3. SMOTE-ENN {4t

% 1 SMOTE-ENN £ thY

Input  %dE4E D

Output Vi %4 BD

1: foreach FR1HH 4 D D42 mp HIEUEMA do
20 HHEDHEEBARREAR T K 1248 Kmp,

3 MG & AR A mp,,, = mp,+(mp, ~mp,)+ 6
4 KR mp,,, IIAEIE RS D K mp, b

5: end for

6: foreach $1E%HE4E D FIEEEREA p do

7. ifp <> KAREZH3E then

8: ¥ o WEHREE D RS RR

9: endif

10: end for

11: return “FHEEHESE BD

3.6. XGBoost &3k

R SR 2 AR AR RS M R AL ) S ST B . H AT, 1 Chen T %5 A [16]42 ) XGBoost
SRR A A EL B R R S B BRI AR Y 28 B R CART M, JFH 2Nk
LA g, b PSRRI IR TR0 25 TR 23 RO R — AN IR SR i N FEAS (R e R 2R . TR
XGBoost & —Fii B R & B A& 2 THE, v DUE R 2 B BRI 4 S L P AR H ARk $i. 3
MR R 4 Fos o

XGBoost i i $AT H A eR H 1) B e ) e O i v S BE AT UE R 14 . 3R R O

I(t) Zi”:lL(yi,)”/,"l+ ft(xi))+Q( f)+Cf eF 3)

obj
t=1,2, 3 TR RFRIOECR, BRAR, v 2 BFREEE, Jo AR R BIME, R
Getv, f (%) REHD USRS HIOF T80, Q1) SRR T MUV 40 52 2 0 TE A R, LA et
B, CRHEHUT.
Bk B I A BT A

f$=zﬂwwﬁ*wxm%§wuﬁﬁ+fUM+Mnﬂ (@)

Q1) =223 |, +77 (5)

Horb, w25 PR IO, A WS w_i BT REG Ty M R AT RS, R R A R
L
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Figure 4. Structure of XGBoost algorithm
[&] 4. XGBoost & EIZEH
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Table 4. Parameter setting of XGBoost
5% 4. XGBoost BHi% E

ZH KR T ERZES RGES ) ANy WA RUMCEE

LIz 2 0.15 0.12 0.16 300 0

ARG NP FpFE A 5 P Ik d AT X b, SRR A 6 3758 SCHHIE SR 3 ol PP % A58 BY AE AN [ 1T
AEAR IR I, BARSCHLAAE I T & 6 P,

IS
A | P
\\\ AUC
4| | | RN
Sy RIS
=4y | I Fomemm- SRAH T
=" y F2-score
PR | [ | ==
- AmE
e | m | o

Figure 5. Experimental evaluation process
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TRFR RN — PP A, RIS G KRB G IE M SEORIR 73 RI E L, RUESFI, 8] L
DA Btk 7 Rk ik -
f(X)=w'x+b (8)

Hrr, wRRELRZEE, b RINmFEE.
B P AE A 7] 8
Min,,, . %WZ +CY & (9)

st. yi(wai+b)21—§i, &20, vie{l,2,---,m} (10)

4.1.3. FpRDIHHER

Fh 3R DU B[ 1912 —Fh /e DU s BRI A 1 1) 93 BI04 a8 B A AR R (FRRFAE 1T LA 1 52 i f
KA AR, AR 5 LUAR IR . AN EE S D e B 5 SR i m 2R . AR A
IR AR, LRI RN

P(X )= priority «(0:1) (11)
P(X1 X0 Xy 1C) =TT, P(X, IC) (12)
P(x“,xfz,---,xm|c)=% (13)

e, MR SRR AR 20 I R AT 7 26
C,, =argmaxP(C, )]jp(x ilC, ), fork=1,2 (14)

4.1.4. BEET

TE AR 0] A [20] 2 — P T LR M B 1) o SR, AE A R N ARE V2 o 2B AR (A1) R S A A
fabn, TEULEEAE FAE— N REDARY =alX + B, Ff F P s B0k s IR i (B T B R 52 m, M
AR TN . WA RS sigmoid k%, HART:

. . 1
p—5|gm0|d(y)——1+e_y (15)
T AT S pR B
L= _Z[ytrue Iog( p) + (1_ ytrue ) Iog (1_ p)] (16)

VEEPAS B AR, AT 55 18 A 0] 0 o i 28, 4345 3 (0 20 A S8 AN AER
4.2. THEIEfR SRR E R
4.2.1. BiEYERE

TRIEFE R — P OAL T B, ISR M MR AN ) 2 2805 00 e DU 38 20 4L R, B ECPR I
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Figure 7. Evaluation results of each classification algorithm under different indicators
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