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[Abstract] Objective To investigate the risk factors and causal relationships of coronary heart

disease (CHD) by utilizing clinical data and genetic variation data, and construct an interpretable risk
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prediction model for the disease. Methods A retrospective cohort analysis was conducted on the clinical

data and genetic variation data collected from the Kaggle platform and the IEU OpenGWAS Project database,

respectively. SMOTEENN mixed sampling was used to balance the data. Logistic regression models and two-

sample Mendelian randomization (MR) were combined to screen risk factors and analyze their causal effects.

Then risk prediction models were further constructed using random forest (RF), eXtreme gradient boosting

(XGBoost), and artificial neural networks (ANN), and feature importance was assessed with the SHAP

algorithm. Results Logistic regression analysis showed that gender, age, education level, smoking,

hypertension, total cholesterol (TC), systolic blood pressure (SBP), and blood glucose were significantly
associated with CHD (P<0. 05), while body mass index (BMI), diastolic blood pressure (DBP), history of stroke,
and diabetes had no such association. Two-sample MR analysis indicated that BMI (OR=1. 014, 95%CI:
1.011 to 1.017, P=1.720x107), age (OR=1.015, 95%CI: 1.012 to 1.019, P=3.455x10™"), number of
cigarettes smoked per smoker per day (OR=1. 007, 95%CI: 1. 002 to 1. 011, P=0. 005), hypertension (OR=
1. 057, 95%CI: 1. 046 to 1. 067, P=5. 870x10™*) were positively associated with CHD; Education level (OR=
0. 970, 95%CI: 0. 960 to 0.979, P=1.231x10") and high-density lipoprotein (OR=0. 990, 95%CI: 0. 986 to
0. 993, P=0. 002) were negatively associated with CHD. In the machine learning models, the SMOTEENN-RF
performed best, with an accuracy rate of 0. 887 and an AUC value of 0. 962. SHAP analysis indicated that

age, gender, hypertension, SBP, and cigarettes smoked per day contributed most to the model.

Conclusion Key risk factors such as age, hypertension, and blood lipid levels are significantly correlated

with CHD. A high-performing SMOTEENN-RF prediction model is successfully constructed, providing

reliable methodological support and practical tool for CHD risk early warning and precision prevention and

treatment.
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Table 1 Overview of basic GWAS information

Variable Source Population  Sample size 1D
BMI/(kg/m”) UK Biobank European 461460  ukb-b-19953
Sex UK Biobank European 462 725 ukb-b-8446
Agelyears UK Biobank European 361 194 ukb-d-age
Education EBI GWAS Catalog European 470941 ebi-a-GCST90029012
Smoke GWAS and Sequencing Consortium of Alcohol and Nicotine use European 41969 ieu-a-963
cigsPerDay UK Biobank European 337334 ieu-b-25
BPMeds EBI GWAS Catalog European 152380  ebi-a-GCST90018984
Stroke UK Biobank European 361194 ukb-d-C_STROKE
Hypertension UK Biobank European 361 194 ukb-d-I9_HYPERTENSION
Diabetes UK Biobank European 337159  ukb-a-74
Diabetes2 EBI GWAS Catalog European 655 666  ebi-a-GCST006867
Diabetes1 EBI GWAS Catalog European 520 580 ebi-a-GCST90014023
totChol EBI GWAS Catalog European 437 878 ebi-a-GCST90025953
LDL-C UK Biobank European 440 546 ieu-b-110
HDL-C UK Biobank European 403 943 ieu-b-109
SBP EBI GWAS Catalog European 810 865 ebi-a-GCST90000062
DBP EBI GWAS Catalog European 810 865 ebi-a-GCST90000059
Pulse pressure EBI GWAS Catalog European 810 865 ebi-a-GCST90000061
Heart rate UK Biobank European 463010  ukb-b-9270
Glucose EBI GWAS Catalog European 400 458 ebi-a-GCST90025986
Coronary heart disease Finngen European 412 181 finn-b-19_CHD

GWAS: Genome-wide association study; BMI: Body mass index; BPMeds: Taking antihypertensive drugs; LDL-C: Low-density

lipoprotein-cholesterol; HDL-C: High-density lipoprotein-cholesterol; SBP: Systolic blood pressure; DBP: Diastolic blood pressure
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Table 2 Baseline features after SMOTE-ENN processing [n(%),(x+s)]
Variable (123 86) (n=1 242) P Variable (23 06) (n=1242) P

Sex 0.085 | Hypertension 0.213

Female 1285 (44) 582 (47) No 1707 (59) 758 (61)

Male 1611 (56) 660 (53) Yes 1189 (41) 484 (39)

Agelyears 50. 570+8. 400 50. 260+8. 444 0.303 Diabetes 0.453
Education 0. 963 No 2748 (95) 1197 (96)

Below high school 999 (34) 414 (33) Yes 148 (5) 45 (4)

High school 964 (33) 441 (36) TC 239.090+45. 651  237.270+44. 648  0.276

Vocational School 569 (20) 237 (19) SBP 134.710+23. 560  133.510+22. 107 0. 206

University 364 (13) 150 (12) DBP 83.960+12. 499 83.340+12. 017 0. 160
Smoker 0. 662 BMI/(kg/mz) 25.960+3. 802 25.890+3. 752 0.717

No 1324 (46) 578 (47) Heart rate 75.990+11. 506 75.280+11. 336 0.073

Yes 1572 (54) 664 (53) Blood glucose level 84.730+31. 684 84. 030+29. 155 0. 681

cigsPerDay 9.450+11. 987 9. 150+11. 582 0.770 Coronary heart disease 0.318
BPMeds 0. 746 No 1417 (49) 632 (51)

No 2688 (93) 1161 (93) Yes 1479 (51) 610 (49)

Yes 208 (7) 81(7)
Stroke 0. 874

No 2849 (98) 1218 (98)

Yes 47 (2) 24 (2)

cigsPerDay: Number of cigarettes smoked per smoker per day; BPMeds: Taking antihypertensive drugs; TC: Total cholesterol; SBP:

Systolic blood pressure; DBP: Diastolic blood pressure; BMI: Body mass index

R3 BERE T E Logistic @ TR
Table3 Results of logistic regression analysis of potential risk variables
Variable B SE P OR(95%CI ) VIF
Sex 1. 174 0. 105 <0.010 3.236(2. 636~3.972) 1.207
Agelyears 0.122 0. 007 <0.010 1. 130(1. 114~1. 146) 1.374
Education 0.237 0. 048 <0.010 1.267(1. 153~1.393) 1. 077
Smoker 0.964 0. 149 <0.010 2.622(1.960~3.508) 2.479
cigsPerDay -0.001 0. 006 0.877 0.999(0.987~1.011) 2.522
BPMeds 0.910 0.249 <0.010 2.485(1.524~4.052) 1. 084
Stroke 0. 885 0.532 0. 096 2. 423(0. 854~6. 872) 1.013
Hypertension 0.613 0.135 <0.010 1. 846(1.418~2.404) 1.918
Diabetes 0.209 0.351 0.552 1.233(0. 619~2. 455) 1.536
TC 0. 004 0.001 <0.010 1. 004(1.002~1.007) 1.078
SBP 0.012 0. 004 0. 004 1.013(1. 004~1.021) 3.488
DBP 0. 004 0. 007 0.538 1.004(0. 990~1.019) 2.947
BMI -0. 004 0.014 0.770 0.996(0. 969~1. 023) 1.234
Heart rate 0. 003 0. 004 0.501 1.003(0. 994~1.012) 1. 100
Blood glucose 0. 008 0. 003 0. 005 1.008(1.002~1.014) 1.561

cigsPerDay: Number of cigarettes smoked per smoker per day; BPMeds: Taking antihypertensive drugs; TC: Total cholesterol;

SBP: Systolic blood pressure; DBP: Diastolic blood pressure; BMI: Body mass index
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Table 4 Estimated causal effects of 11 exposure factors
Exposure Method B SE OR(95%CI ) P
MR-Egger 0.014 0. 004 1.014(1. 005~1. 022) 1. 605%10™
BMI/(kg/m®) WME 0.013 0. 002 1.013(1.009~1. 018) 6.500x10™"
VW 0.014 0. 001 1.014(1.011~1.017) 1. 7201072
MR-Egger 0.019 0.010 1.019(0. 100~1. 039) 6.015x107
Agelyears WME 0.013 0. 002 1.013(1.009~1. 018) 2.259x10°°
VW 0.015 0. 002 1.015(1.012~1. 019) 3.455x107"
MR-Egger -0.038 0.021 0.963(0. 924~1. 005) 8.203x107
Education WME -0. 032 0. 007 0.968(0. 955~0. 982) 3.614x10°
VW -0. 031 0. 005 0. 970(0. 960~0. 979) 1.231x107°
MR-Egger -0.016 0. 045 0. 984(0. 900~1. 075) 0.724
Smoker WME 0.018 0.011 1.018(0. 996~1. 041) 0.117
VW 0.027 0.010 1. 027(1. 008~1. 046) 0. 005
MR-Egger 0.013 0. 007 1.013(0. 998~1. 027) 0.099
cigsPerDay WME 0. 007 0. 003 1.007(1.001~1.014) 0. 030
VW 0. 007 0. 002 1.007(1. 002~1.011) 0. 005
MR-Egger 0. 056 0.013 1.058(1.031~1.085) 2.249x107
Hypertension WME 0.053 0. 006 1.054(1.041~1. 068) 1.101x107"°
VW 0. 055 0. 005 1.057(1.046~1.067) 5.870x107%
MR-Egger -0. 006 0. 053 0.994(0. 896~1. 102) 0.911
Diabetes WME 0. 069 0.021 1.071(1. 029~1. 116) 0. 001
VW 0.077 0.026 1.080(1. 027~1.136) 0. 003
MR-Egger 0.013 0. 005 1.013(1. 003~1. 024) 9.725x10™
TC WME 0.010 0. 002 1.010(1. 005~1. 015) 4.000%107°
VW 0. 007 0. 003 1.007(1. 002~1. 013) 6. 461107
MR-Egger 0.018 0. 007 1. 018(1. 004~1. 033) 1.203x107°
SBP WME 0.018 0. 003 1.018(1.011~1.025) 1.575x107
VW 0.016 0. 003 1.017(1.011~1. 023) 5.323x10°°
MR-Egger 0.018 0. 007 1.017(1. 005~1. 031) 7.246x107
DBP WME 0.019 0. 003 1.019(1. 013~1. 026) 7.198x10™°
IVW 0.018 0. 003 1.018(1.013~1. 024) 9.769x10™"
MR-Egger 0. 002 0. 007 1.002(0. 988~1.015) 0. 827
Blood glucose WME 0. 007 0. 003 1.007(1. 001~1. 013) 0.032
VW 0. 009 0. 003 1.009(1. 002~1. 015) 0. 006

cigsPerDay : Number of cigarettes smoked per smoker per day; TC: Total cholesterol; SBP: Systolic blood pressure ;

DBP: Diastolic blood pressure
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Figure 2 Scatter plot and forest plot of BMI and education level
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Table 5 Sensitivity analysis for 11 exposure factors

Exposure Q-test. P MR-Egger intercept intercept P
BMI/(kg/m®) 1.997 x 107 1.175 x 107 0. 879
Agelyears 0.110 -1.204 x 107 0.709
Education 0.012 4.640 x 107 0.757
Smoker 1.782 x 107* 3.032x 107 0.339
cigsPerDay 0.536 -2.748 x 10 0. 399
Hypertension 4.318 x 107" -1.036 x 10 0.920
Diabetes 1.157 x 107 4.347 x 107 0. 080
TC 2.555 x 10°°° -1.919x 107" 0.167
SBP 7.232 x 107 -3.292 x 107 0. 784
DBP 7.012 x 10°'° 7.005 x 10°° 0. 950
Blood glucose ~ 1.091 x 107" 2.021 x 107" 0.248

BMI: Body mass index; cigsPerDay: Number of cigarettes smoked
per smoker per day; TC: Total cholesterol; SBP: Systolic blood

pressure; DBP: Diastolic blood pressure

2.4 BRI MR

8 R, I ZRAE SR AL 1) R I = 8 — 3K, $2m
BRI BT LG o MR b, R AR 1) RF
XGBoost £5 1 (1% 4% 701 45 b5 451 B 2 AIK T 28 SMOTEENN
A FE H X AR ST 3 RAIL AR A 2] S Y T
MR 2 T4 T, Horh RF R AL, MER0 R KSR
5 AUCE 73 51134 51 0. 887.0. 885 F10. 962, ¥ 5 ROC
MLk 21, 3 PR XF CHD IE S REAR A HY @AY X 2
AEJT, RF BEALEE A VERE e
2.5 BTN

6 s, 3 R AL —BOA AR IS 2 CHD 1 4
RS R 7 T B PR L H XU BMIL () 5 ik A A B o
7% LAV RE e A9 R AR R A S 004 145 AiF J 22 Pk mT
AL, SHAP(EHEF 8 5 07 A FE RS R B AU < A 1
BRI MR L H WO, BRECE R ) G
AN, AV 1 5 CHD 52 1F 7] 565k

NN =]

HBHL



236

Bl 2242 R K22 41, 2026, 48 (2)

http ://aammt. tmmu. edu.

MR Method

Inverse variance weighted

MR Method

Inverse variance weighted

MR Egger MR Egger
. .
2.0 - 0.45 - .
0.40 - O
15 - .o * .
> E .
w
@ Q . .
- - .
.
0.35 -
1.0 -
LR
* o e ® ‘o= o 083 ° Je L
2 e e o1 3 .
o . ee o
0 . 0.30 -
. .
05 - ¢ !
-2 0 -3 0 3 6
BIv A BIv
152183749 -
1598133507 154760188 -
2718 -
b L e
rST17118517 152167
s23e3r7
54880668 1534190234 -
1574750283 -
sy 7
1115056380 - 157526730~
93860474
151865759 - 154353993 -
15213518 -
113991725~
(3309056 - 1510045552 -
1511642090
i 10484022
rsoR3ar1s s
137306631 -
356838089 - 154491284 -
Ta5a0]
15852047 -
"543e8192 - 159891803 -
i
e 1511249939 -
157802342 -
1413841488
111115160 157966054 -
933
e .
1580135574 - 5
156710001 -
rsiageai10d - 1510200608~
1359088084 -
15253761 -
. 156779035 -
157771
1511638847 -
15150037 -
13248551 -
1562190049 -
157761673 - ] H
3 Al _—
A - - - } ) ) H ;
0.0 0.2 0.4 0.6 0.8 -2 -1 0 1
MR leave-one-out sensit lysis for MR leave-one-out sensitivity analysis for
Body mass index (BMI) [ id:ukbo~10353 on Mjor coronary heart disease event | id:finn-b-19_CHD" B *Educational attainment (college completion) | id:ebi-a-GCST90029012' on 'Major coronary heart disease event || id:finn-b-19_CHD'

D
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Figure 3 Funnel plot and LOOA plot of MBI and education level
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Table 6 Estimated causal effects of 4 expansion factors

ﬁ se

OR(95%CI ) P

Exposure Method
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Table 7 Sensitivity analysis for 4 expansion factors
Exposure Q-test. P MR-Egger intercept Intercept P
Diabetes ( II) 0. 549 -2.490 x 107" 0.502
LDL 0.219 -6.813 x 107" 0.228
HDL 1.259x107** ~7.808 x 107 0.265
Pulse pressure 4.140x107% 1.138 x 107 0. 380
LDL: Low-density lipoprotein; HDL: High-density lipoprotein
*8 EEFMERITMN
Table 8 Evaluation of model prediction
Data Balance technology Model Accuracy Precision Recall F1 AUC
RF 0.952 0.956 0. 949 0.953 0. 994
SMOTEENN XGBoost 0. 864 0.876 0.853 0. 865 0.944
ANN 0.818 0. 828 0.812 0. 820 0. 896
RF 0.934 0.967 0. 899 0.932 0.985
Train SMOTE XGBoost 0. 865 0.919 0. 800 0. 855 0.932
ANN 0.782 0. 808 0.738 0.772 0. 866
RF 0. 880 1.000 0.204 0.338 0.963
Null XGBoost 0. 862 0.975 0.087 0. 160 0. 796
ANN 0. 860 0.750 0.107 0. 188 0.757
RF 0. 887 0. 885 0. 885 0. 885 0.962
SMOTEENN XGBoost 0. 866 0. 866 0. 859 0. 863 0. 946
ANN 0.791 0.797 0.770 0.783 0.871
RF 0.873 0.904 0. 835 0. 868 0.941
Test SMOTE XGBoost 0. 851 0.902 0.790 0. 842 0.923
ANN 0.772 0. 800 0.733 0. 764 0.853
RF 0. 849 0. 647 0. 056 0.103 0.739
Null XGBoost 0. 849 0.632 0. 060 0.110 0.734
ANN 0. 849 0.580 0. 100 0.170 0.731

RF: Random forest; XGBoost: eXtreme gradient boosting; ANN: Artificial neural network

Model Performance Comparison Across Methods

Method
== accuracy
== precision
== recall
_—=F1
== AUC

Score

O x O
N & > K
& © s

4 BREFEMNRXEH TR

Figure 4 Prediction performance of the models on the testing set
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Figure 6 Model SHAP explanation summary plot and bar chart
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