Advances in Applied Mathematics N353 &, 2025, 14(4), 881-891 Hans X
Published Online April 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.144213

ETH2F IMA FEHHRELIEIIAMI-MC
RLES P

Fx 87, NHHT, TR

URRHE TR B, iy KJR
21l P ML B e o I 2 #8, 1liPE RJR

Woks H . 20254F3 4280 FHEM: 20254F4H23H; & T HM: 20254F4H29H

HE

H#: A8 5 B 12 FRAEEAMI-MCIX K5 B PSR 17712 DL PUE s TR R i g . 15 5
SO ENBE RER R B EEMRER, BiRA. RAERNERETEKE. HERFET
X FiZR B E R ARG, FEPETNE G N BAHERAIGR B, ik EF
PG4 O R B B i 5098 S O UIAESE B E3E, B2 MHSB%EI KRR, B TSR, 3
AT T RGBT GNP . A6, SPEERE PN A PERE, RAITKRA T St APE LR
SFEHE, DIMRALBRL TR AL . 55 S09HAMI-MCEEZHIE D, NE4HMCETE, 24 PELE)E,
SHERHRE UK E E RSN ERESIEE T HERFA . BREHERZE(0.987) &= EURME(0.999).
B3 (0.982). BEF10%5(0.991). HEHEURM(0.967). H H &R 5 $E EKAUROC
BB ERIET S5 U E38F+(0.69521—>0.96495) . LVEFR R MNR IR IERIHME, 486 Hhet
EEFEMEED, AARFEEEEA.0)MFER, #HFRHIERT0.941. Bk R0.935. F14ECH
0.966. Z5it: AHFFARETNN S ONUESERPUBIE K IERAE T H AL, KI T LVEFER
Wi, U RAPEEART SRR EEER.

K
BHELUUEESE, MUBSERE, PGS, Y%

A New Method for AMI-MC Prediction Based
on Machine Learning and Unbalanced Data
Processing

Liugqi Li?%, Jingyi Liuz*, Xiaoyun Wang#

1School of Mathematics, Taiyuan University of Technology, Taiyuan Shanxi
I EE.

HEHAEH

CEFIH: XL, XS, Bz, FET AL AT K A LK) AMI-MC BEIHT i), R #er it g, 2025,
14(4): 881-891. DOI: 10.12677/aam.2025.144213


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.144213
https://doi.org/10.12677/aam.2025.144213
https://www.hanspub.org/

#

B, XL S

’Department of Cardiology, Shanxi Cardiovascular Hospital, Taiyuan Shanxi

Received: Mar. 28", 2025; accepted: Apr. 23", 2025; published: Apr. 29, 2025

Abstract

Objective: The purpose of this study was to seek methods for handling highly unbalanced data such
as AMI-MC and the construction of a fast and accurate prediction model. Background: Mechanical
complications after acute cardiac infarction are serious life-threatening diseases, and early recog-
nition and management are the key to improving patients’ prognosis. However, in practice, there is
often a lag in the identification of such patients, so rapid prediction of high-risk groups is a clinical
problem that needs to be solved urgently. Methods: Based on the data of 509 patients with acute
myocardial infarction in Shanxi Provincial Cardiovascular Disease Hospital, a prediction model was
established by using various machine learning classifiers and systematic model training and evalu-
ation was performed. In addition, for the imbalance problem existing in the dataset, we adopted an
advanced imbalance processing strategy to optimize the prediction performance of the model. Results:
In the data of 509 AMI-MC patients, there are only 45 cases of MC data. After imbalance processing, the
accuracy, recall rate, and other evaluation metrics of each algorithm were significantly improved. The
highest accuracy (0.987), the highest sensitivity (0.999), the highest precision (0.982), the highest
F1 score (0.991), and the highest sensitivity (0.967). Moreover, the AUROC scores of various models
on the processed data have significantly improved compared to the original data (0.69521-0.96495).
LVEF is the feature that most affects mechanical complications, and the model was constructed by
combining the other six important features, which achieved an accuracy of 0.941, a sensitivity of
0.935, and an F1 score of 0.966, while maintaining a high recall (1.0). Conclusion: This study pro-
vides new perspectives and methods for early prediction of mechanical complications in acute my-
ocardial infarction, identifies the key influence of LVEF in this, and the significant role of imbalance
treatment in enhancing model performance.
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1. 518

S0 LAESE (acute myocardial infarction, AMI) & U MBS O (1 2UG BIE, BEE HETIRIT AL Z
BRIT ORAE )R &, AMI IR R 22 AR A0 1 IR R %, H WL & 4E (mechanical complications after acute
myocardial infarction, AMI-MC){/3%A & AMI ZE T E B K 2 —[1]-[3]. BN, BEIR AMI-MC B4k
RAEZRAL, 294 1%0~3%o [4], (HEN R Z 20 BE TG, 05 B8 BIRIEIEE L) 40% [5]. AMI-MC B Ak
JEIGE . JRITROR KA, BSERR TAE ATz 28 B fR B A A e i fa s Bhah, ISR AK
IR L XF 25 e % 5 R A A7 A K XUR A D [6] 0 DR b ey sk R 3 v i R o i b 2 A v 238 2 T I PR 25 908
BT Ay AR AR A PR T RS ] 2

ITAER, MILER5 TR A R B 2672, FEAE A B 2 Hai AU AR 2 A =Xy T ) A Re A
A HL RO TN 1 FR AN IR RRE A /1 T H T AMI-MC BARI R R, A5G RFEA & %

DOI: 10.12677/aam.2025.144213 882 N B it e


https://doi.org/10.12677/aam.2025.144213
http://creativecommons.org/licenses/by/4.0/

BRI, X 5

i TR EOR . TAENLES 2 SRS, 8 T4 A Bl B X TR A Al AP RE VT Al R 2L, 4
SR AN T e 5 O AT 22 MR T A A P v, T X SR IR T e 0 A AL o XA R 22
P MRBUOSRm N RANIERE N, X SBEG IR R — 82 MT7E T2 T A BT Hi 4k
B, XEETE A K EZSIAAGE N TP, I8 B LB T Rk SR SRR (0 B e A R
[711[8]. 1E H HiiX L8 AbBE 75 AR AR A Z B0 v (o B s FE AN P 8 SR PR P A . AP S %K
A 2 A AR I 5 I A fi ZEAR (1 R 5 [9]-[10] o AT BT FCIE WA Ao SR R AR KD o A P Rl L R
SmoteENN 5i%[12] [13]AbER%HE, P& 2 MLEs 7 SISk g n I H S 4P i 2K RE[14] . (HAE AMI-
MC %45 kb Frh, SmoteENN Sk WA AR AL #, ABFFRIRALREE + Hlds 21977 kAT
Ha g, X AR B AT i s S 4 2K

T b, B BB AL & SRR IS R U S O URE BT S AU AAE (AMI-MC) L
s[RI 2 T O SRANRE AT 1) R FEAS T i 8 58, SR Smote 5350 AMI-MC dfi BEAT AT i AL 2,
DA S mpLas 2 SIRE L o FRATIAY Bl I A [FL R SRS S LA 22 ST Sk AL &, REIR BRI R TT %6,
NI AR A 4R At B ity o LI P B2 T - B

2. B
2.1. BB HFLE

AT FE A FH PRS0 o L 7 A 0o U R eSO REE B JBUIR PR SRR R PR AL SE FE A 56 T, 4
A 509 il AMI &, I 45 B R AERUMOF AOE (bRl A IEREAS . BHYE): 454 1] 35 AR AN UOF AOAE (b
WHNTEEA. FATE). WS h ARG E. TR ERanE 1.
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Figure 1. Box plot of ALT, CK, CKMB. The blue box represents the majority distribution interval of the data, and the black
dots represent outliers

B 1. ALT. CK., CKMB #ZE. BEBEEARKENSHIHXE, BEaRKREHA

1R, ALT. CK. CKMB #AF1E —WIEUE I & s, e sds 250, RAMEHIIEER.
S BE AT ERRILERMEEE RS > 0.75 KN EWRIE B A £ EILLM). 1H—1LabBE,
BRAFIREMTE 509 MEEA(45:454), FFUEEUE /DA 50 A4, HAES R 35 AN, BIEFEAR 15 1.

2.2. NEEIE

BRI BE LD AT, BATE LI 45 B T 7 Ea 8L H T A, JFRE AR AR R AL B . X T
WIgRgE, B L 2l AP i Al A B 5 AT AN P A 2R

2.3. {EBHYE

MM Z ALY 20 648%, BIREEEA. AR VUMt SCREAENL. BRI KIEAR, BEAT
BRI SR PREALELHE B IS RLEE T 5% (Adaboost) [15], Bl ATLAR AR (RF)FIAR s b 2 4 3 (xgboost) [16].
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S e A FH B0 A 2325 8 2415k B Python [ sklearn T AR, AR 1 S26 0 — EobEAnm] S 2 1 .

N T B AL T e, FRATRA 7 A8 XEAE ik . A 7 S AT M VA R R s B, R
s TR 2. HEZE(TPR). BURME(TNR). 2 (PPV), F14r%. ROC HiZk T A (AUROC)IX
SESCREAR bR, AT S Y A b P O A [ SR SRR E AN [ 43 28 38 T MR RE R I

3. R
3.1. FEELBLER

FRAT VB 4728 G IE SR A 30 AN A0 b R 5 B 7R SR E R MERE, VR AR 1 R
2 FiRe

P LRI, JRAAEE VI SR IR L TE T I P 2 A Ll R AN 167 (40:41.8) 1) ) B, 37k Jo 3O HH AN
MrERe. BARREE, SAMBRALHER R i m 4 1A %] T 0.917, AUC IR &N 0.76315, HIk[EI, IXHf
B A R R, H2kF T 0, MBURMEAI R &, AN BGEEAT] 1. KNN 7888 PR T H
B2 0, BURME N 1, SEOHERH 2007 B4 0 AT JEETHE (NAN) o X PR IR AAA T & SEBR 7 3K
DRI, T BERA T — 2D A R AS P i 540 1 A 34 )

Table 1. Cross-validation results of different processing methods in different models
# 1. TEIIBSEENERE PR LI IESS

RS A ACC TPR TNR PPV F1 AUC
adaboost 0.891 0.225 0.954 0.258 0.239 0.67999
randomtree 0.917 0.050 1.000 0.200 0.080 0.67911
xgboost 0.915 0.150 0.988 0.350 0.207 0.70968
None SVM 0.900 0.100 0.976 0.150 0.119 0.68600
gaussianNB 0.798 0.475 0.829 0.242 0.313 0.76315
KNN 0.913 0.000 1.000 NAN 0.000 0.66641
Logistic 0.897 0.125 0.971 0.233 0.154 0.68213
adaboost 0.946 0.966 0.926 0.930 0.947 0.98433
randomtree 0.977 0.988 0.967 0.967 0.978 0.99869
xgboost 0.970 0.983 0.957 0.959 0.971 0.99486
SMOTE SVM 0.839 0.928 0.749 0.790 0.852 0.87604
gaussianNB 0.810 0.926 0.693 0.757 0.831 0.91994
KNN 0.709 0.993 0.426 0.635 0.774 0.94479
Logistic 0.833 0.876 0.790 0.810 0.840 0.88412
adaboost 0.932  0.9670.937  0.855 0.938 0.952 0.95128
randomtree 0.987 0.999 0.957 0.982 0.991 0.99961
xgboost 0.969 0.993 0.914 0.963 0.978 0.99388
SMOTEENN SVM 0.944 0.983 0.856 0.939 0.960 0.94031
gaussianNB 0.913 0.974 0.777 0.908 0.939 0.93416
KNN 0.813 0.998 0.401 0.789 0.881 0.99002
Logistic 0.937 0.986 0.829 0.928 0.956 0.94540

ANFIALBETTIEANAS RS R 2 5 3 3 ) B Rk RE IR &R

DOI: 10.12677/aam.2025.144213 834 I3RS


https://doi.org/10.12677/aam.2025.144213

BRI, X 5

—e—Before
1.00 —e-Smote
—e-Smote_ENN

0.95
0.90
|®)
© 0.85
~
=)
< 0.80
0.75

0.70

0.65

X () X EX9)
.0063 ° % (‘_‘,4@ Q’éb %99 q§°’°
\)o

O
x° .
# & % &
* &

Figure 2. AUROC scores of different processing methods on different models. The blue line rep-
resents the raw unprocessed data across model scores; the orange line represents Smote-processed;
the green line represents SmoteENN-processed

E 2. TEIAEARERERE E AUROCC 1557. HEEARKRLERGEHIEESMRES
7 WEBLKARE Smote LIE; LZFELZIKFRKE SmoteENN ALIE

AN, WL 1 e BLEH, ESAPELEE, &R DL RSN TR 7 153 1
WA T Horh SmoteENN H1 RF X418 H R vHEAfl 22 £ 51 (0.987) o [R] I B A d3 e (1 BEURS1:(0.999) « K1
(0.982) L) Jef =1 F1 43451(0.991). 4 Smote AbFRJ5HHE/E RF 432838 FHUR T fm I BUENE(0.967) . MR
1 W LAEH, SMOTE + RF i1 SmoteENN + RF [ 20 & & il A A6 7 e & 2 1k B A 2 1Y)

Kl 2 45t T AUC 1955 LA, & MBRLZE AL 3 S $E H 1) AUROC 1373 B0 B 1 & 390 W 24871,
Hrb SmoteENN Fll RF SE 4148 3 1 5 19 AUC 11(0.99961) 3% 2 B 48 AN - 447 b T i (1) 509 76 2N A
B R REERAR ) T HETE, EB TR P AR R R, N2 SR ML A o) A T A B

3.2. HBEELER
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Figure 3. Top twenty highest features of SHAP algorithm. The plot (a) and plot (c) represent density scatter plots of all samples.
The vertical view displays the feature importance in order of decreasing value, from top to bottom. The horizontal view presents
the color bar, with the color indicating the magnitude of the value of the feature. Red indicates a high value of the feature,
while blue indicates a low value of the feature. Wide areas indicate a large number of samples clustered in that region. The
LVEF samples exhibit a pronounced concentration in the region exhibiting a positive shape value. As illustrated in plot (b)
and plot (d), according to the importance of features, it decreases from top to bottom, and the more important features belong
to the longer color bar

[E 3. SHAP BA &\ S BT —MHE. @MC)ABEMRE, RERTHEER. AEXE, RBEFEEEHN EETK
RRES. HERE, BTEAEET, BeRTFENENK), deRAHEES, EERNHEER. TatsE
THEAEMHARE. EF LVEF B AR KETE shap value HIEMXIBRE. (b). ()EFRFZBIHEEEMM LT
THRRRSS, BEERNFEMBEHGZEK
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Figure 4. Top twenty features with the highest correlation coefficients. The presence of a feature is indicated

by ared dot if it is negatively correlated with the endpoint event, and by a blue dot if it is positively correlated
E 4. HXRABESHZMHE. SASEHAEXINEHERICALS,. EBEXAES

SURARY, LVEF fE PR HE R 7 2P A A S 9 B EEE, IXEWRAE B SR AL AAE A AFAIE
BEAh, PIASEERE) SHAP HEF S5 3R HT 10 MRAEH A 7 SR AR, SIS HA BT 10 MRHIEF
5 o IXRRWIRHEHF I3 AL A — Bl 5 LAURAL 2810, SHAP HER BRT 20 ML LA B i
RHIE, X 5E T SHAP S5 AT RE 200 S BUBOR URHIE (W& SRR R I I i o DRIE, B AN T4 5
RAIEML N BB AE . XTI SC R EGHET, AT LR ZL O AR Killip 73 272 5 HUMOF AORE Skl <
A B HURFALE -

N T RIERER, JATAEHE A 45 RIER b, SR FAE DA DR AT K MR ZRAR R . 25k 2,

Table 2. Cross-validation results of Top k feature training model
= 2. Top k FHENIZIER 32 NHIELER

o ¥it Hik K ACC TPR TNR F1 AUC

5 0.909 0.933 0.885 0.911 0.97005

SHAP 10 0.938 0.955 0.921 0.939 0.98564

20 0.964 0.974 0.955 0.964 0.99577

SMOTE + RF

5 0.853 0.900 0.806 0.859 0.93758

Correlation 10 0.908 0.938 0.878 0.911 0.97092

20 0.959 0.976 0.943 0.960 0.99304

5 0.949 0.981 0.877 0.964 0.98185

SHAP 10 0.962 0.990 0.898 0.973 0.99223

20 0.982 0.998 0.946 0.987 0.99843

SMOTEENN + RF

5 0.924 0.979 0.801 0.947 0.96099

Correlation 10 0.940 0.979 0.855 0.958 0.98394

20 0.967 0.993 0.908 0.977 0.99548

HEA T 5 RHIEAERER E Ik B e L M RE IR
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P 2 JER T AE FH AR HE T 75 3 DA R P A B AT N G R A 1 45 R o AHECTAH R R EL, SHAP &
EEFFIRT 5 MEFEAE SHAP 5092 Nk 3 17 B I i E(ACC: 0.949, TPR: 0.981, TNR: 0.885, F1: 0.964,
AUC: 0.98185).

¥ SHAP BEAIAH G REAE Al K, EHEM MR R SHAP HEf7 & HEAA AT 10 RFIE: 5 173 %k
(LVEF). ABGLZE, £, & ALT. SFAZAM;  DLAER D¢ R8T o i R A B BURRE, RO
AAEAT Killip 73 FAE N FERHE, R FRRAESNE + PLESFIHELE, DUEIUR 7 ANMRRIEA @AY,
TR PR 25 W 3E 3 iz o R 2R 350 2 L LR 5 A0 P A P AR e

Table 3. Evaluation results of seven feature construction models

= 3.7 MFHIEEREITNER

e it ACC TPR TNR PPV F1 AUC
Smote_RF 0.927 0.952 0.902 0.908 0.929 0.98163
SmoteENN_RF 0.955 0.988 0.882 0.947 0.968 0.99071

3.3. ECi-F4ER

FLSE R O BR A ARG JE A BRI 0 A, R 5.24%. S2BR T AT 7 AE 0 B 42 (1
B, T e R EE , FRATE FH A 2 2 hRE 7 vt B R 4 (B AMREAS, 5 il ), o ELszith Ak
ATHERL . BT EE BN 4 B,

Table 4. Evaluation results of the model on simulated data sets

4. REERUBIES LAITFNER

T ACC TPR TNR PPV F1
Smote + RF 0.941 1.0 0.935 0.625 0.966
SmoteENN + RF 0.686 1.0 0.652 0.263 0.789
AR B IR

M 4 AT LLEH, WAMERSEAR T 1.0 AR, B0 PAME R ER ] DU IEREA 34T IR A
[FITII, #R17 SmoteENN + RF [F#ERGZR LA 0.686. MUBMEM A 0.652. F1 7344 0.789; 5t Iz A7
TERAUA 8, ZAREIAS 2. MR, Smote + RF 7ECRHEm A B2 [T, WA HIA S T 0.941. UK
P£40.935. FL 2%0CH 0.966; 74k, SRR EMK(0.625), IX & RAMROK = A 8BEAR T A 1 1F
2%, IERAIRIESTM, # PPV =5/8=0.625. i B iZ AR 7E f 0% 1A T EAE AR (X R BATT 3 75 ZE R0 I
[FS, CRIUE T IERA TN SR FEAR B T, 2 A PERE R AT .

S TIPS, FATYE R A Smote + RF B AR A TR LR H: A RE 1 1B AR o 2R 7E AL B AMI-
MC HiHs 4 ] A BRSP4 (7] R 2 I ek, G o A [ 6 L A ff 3 L BBURR A DA B FL A BOSE B T 30 3k
BAVRGE, FATHER AMI-MC AP A BB AR R & S IR KN, FEREVE N AMI-MC I AT SE T T
H

4. ¥+1ig
R MR 92k B4 BB RAR T A OV SEHUMGE RAEM R A2, KR IT R4 B 50 A0,

STEMI Ji5, £ 0.27%~0.91%[1 38 tH L 7 AUAR IR AR, HA FLSL LT ZE(PMRY) . o0 205 25 BER 24 (FWR)
A1 18] 1 2 FLOVSR) B & A 245 314 0.059%~0.26% . 0.01%~0.52%7F1 0.17%~0.21%. 3T K 20 4E B, HLIK
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HRAE B H BT EA R R, R R A MU RIE R B 4 5 0L (18], FrARE
HUBR I RORE R A2 2 ARG, (HRIE S st T3, SR RV e DTG R B R R . xR, R
FE SO IV ZE R TT Sns B T B0, ARLE SRR 3O 5 MURR I A RE 77 T AT T I Bk ARG T
AMI-MC FHFIF TR D, FES7 AMI S SE AERf . PUId 0 XS T AR L X il AMI-MC ZE 56 2,

GRACE 1 TIMI AU VF 7 55 i PR A 284 S 13 S T O USRI R SE e, FEEH T HA R $
PR R AE[19] [20]0 HIX LRGPP/ BT TR AMI-MC,  #0HR 280 1 TN 1 B A7 vk A8 It o). A
Bt 5 dE I 0] LU P 48 O U R B B 509 491 vk o U AE £8 25 (R B0 AT ER N0 T, I LVEF (2 Z 34 114y
)52 AMI-MC Z[AAFA(E R IR OGHE . FRATTRRN SGTE: 1 H0Hs v FE AN P47 1) L, SR ERL 1 AH B 19 A R 4
Jitio LN L SR A R VEREFI R, BATRIRA T —BIE G A H IR EIR R T, TR —
JNiESE S SHAP Al yk, M T —AMud . #EFIR AMI-MC il A% % (Smote + RF MC Model,
SRMC). i xf 3 stk S B IGIE T B8 & PE(ACC: 0.941, TPR: 1.0). FIUMIBLR k4, AL EESH
BB AFEAT MC IRITI . AT 5 280R) A BR I R B2 08 s 3 A Ak AR B o B p Al 1 MR i

AR I, LVEF 2 Fll AMI-MC KA ) BB A B bR, HLEIGIR 9515, 5+ FK LVEF i &,
I 2T 2GR 5 0 13 2 (A DR &R [21] [22]« ABFFARIR, TE LVEF B/, 36 75 BRI SG7E Ol
JENUFEAE . (X LVEF TI RS B2 [0 . OGRS BRI TR HAH O o 71X L 4 3 @ WLk
RAEMIGR . o, AT R, X LVEF #E4TshZS WM, L RE TN T & & 4. R,
R RS, WS LVEF A0t Fps F1A 77 AMI-MC HAT B3 3.

TEBHEATA 1) R0 b, 3 25 A — S A7 B R AE B FH P 43 2R 48 S5 AN - i Ak B D7 20AE — MRS T A His
B ERIMBLF, HAEZELL AMI-MC X BRI 2 (14 5 BEAN P a4 b 2R XA TR RE il /L, B2
WZRBER A R 17 (ACC: 0.843, TPR: 0.700), #2432 4B JIA 2 (N ZRMAZE H - ACC: 0.999~0.922. TPR:
1.000~0.200) . ASHIFFEAE FH (1 5 Foh B4 Ab 38 77 VA0 AR FE T = s e VI GRIG RT3 580 7 120 (172 fh g

TEMBRG T T, TATRA T 2 RN 02688, HEE T TSR ABE 77, D miia )
TR ERE o S2UG 45 R B, AT AR RLLE T AMI-MC J5 T B A 558 i A HERF 7 (0.941) « R 8% (0.935)
FRE R 1(1.000) 0 X — 45 RAMIRUE T LVEF 1E R TIIAR bR A 2ctE, @R 7 SRMC BB TE AL 31 55 2%
=TT 504 7 Th R AR 35
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