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[ ABSTRACT] Aim To develop and validate a lightweight machine learning model based on readily available
clinical indicators to achieve accurate coronary heart disease (CHD) risk prediction. Methods A total of 1 376 pa-
tients who underwent coronary angiography were retrospectively enrolled.  Thirteen core predictive variables were identified
through univariate Logistic regression, Boruta algorithm, and LASSO regression.  Using the training set (n=963) , seven
machine-learning models, including Logistic regression, support vector machine (SVM) , and random forest (RF), were
constructed.  Their performance was evaluated on the test set (n=413) using metrics such as the area under the curve
(AUC), recall, precision, Fl-score, and Brier score. ~The SHAP method was employed to analyze the interpretability of

the optimal model. Results Univariate Logistic regression analysis identified male sex (OR=2.445, 95%CI . 1. 870 ~
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3.202), hypertension (OR=1.697, 95% CI. 1.305 ~2.210), and diabetes mellitus (OR=1.932, 95% CI; 1.413 ~
2.665) as significant correlates of elevated CHD risk, whereas high density lipoprotein ( HDL) was associated with a re-
duced likelihood of CHD (OR=0.351, 95% CI. 0.221 ~0.551; all P<0.001).
SVM model achieved an AUC of 0. 775 (95% CI; 0.730 ~0. 821) , with a recall of 0. 790, an Fl-score of 0. 784, and a
Brier score of 0. 183 7 (95% CI. 0.168 3 ~0.202 0).
AUC between the SVM model and the comparative models, including Logistic regression, RF, extreme gradient boosting

(XGBoost) , and light gradient boosting machine (LGBM) (all P>0.05).

In the independent test cohort, the

DeLong’s test revealed no statistically significant differences in

Decision curve analysis (DCA) further dem-
onstrated that across the predefined threshold probability range of 10% to 80% , the decision strategy of guiding further di-
agnostic workup or referral based on SVM-derived predictions yielded superior net clinical benefit compared with the two de-
fault reference strategies: “performing universal further examinations or referrals for all participants” and “withholding fur-
ther examinations or referrals from all participants”.  Shapley additive explanations (SHAP) analysis revealed that male
sex, hypertension, diabetes mellitus, and elevated inflammatory biomarkers exerted positive contributions to the model’s
CHD risk prediction, while higher levels of HDL, left ventricular ejection fraction (LVEF) , and albumin were associated
with negative predictive effects. Conclusion Based on routine indicators accessible at primary medical institutions,
this study preliminarily constructed a lightweight SVM risk prediction model suitable for primary care settings to conduct risk
stratification in the secondary prevention of CHD.  The model exhibited acceptable discrimination performance and inter-

pretability within this single-center cohort, which can provide a reference framework for early identification and risk stratifi-

cation of CHD in primary care.
application.
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Figure 1. Flowchart of the overall research framework

Variable OR(95%Cl) P
DBP 0.984(0.973~0.995) 0.004
HR 0.985(0.974~0.996)  0.01
LVEF  m 0.011(0.001~0.114)  <0.001
Age 1.022(1.009~1.035) 0.001
Sex _ 2.445(1.870~3.202) <0.001
HBP — 1.697(1.305~2.210) <0.001
DM R E— 1.932(1.413~2.665) <0.001
SMK —— 1.959(1.497~2.572) <0.001
DRK —E— 1.858(1.415~2.449) <0.001
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NC = 1.425(1.302~1.569)  <0.001
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RBC —— 1.562(1.203~2.038) 0.001
Hb 1.017(1.008~1.026) <0.001
Na 0.912(0.864~0.960)  0.001
BUN = 1.142(1.042~1.254)  0.05
ALB 1.062(1.019~1.108)  0.005
HDL - 0.351(0.221~0.551)  <0.001
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Figure 2. Screening of variables associated with outcome

events based on univariate Logistic regression
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Figure 3. Screening of variables associated with outcome

events using the Boruta algorithm
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Table 1. Overall status of the study population and comparison of baseline characteristics comparison
between the training set and the test set

A Bk (n=1376) MRS (n=413) Y5 (n=963) P
WY/ [ B(%) ] 824(59.9) 244(59.1) 580(60.2) 0.735
s B 59.24+10.76 59.11+10.56 59.29+10. 85 0.777
IR/ [ B (% ) ] 614(44.6) 191(46.2) 423(43.9) 0.462
PRI/ [ B (%) ] 568(41.3) 179(43.3) 389(40.4) 0.338
/[ 1% ) ] 759(55.2) 232(56.2) 527(54.7) 0. 663
BERRIE/ [ B1(% ) ] 357(25.9) 106(25.7) 251(26.1) 0.93
L3R/ (Y min) 74(68,80) 73(68,80) 74(68,81) 0.224
LVEF/% 0.64(0.61,0.67) 0.65(0.61,0.67) 0.64(0.61,0.67) 0.052
FA 8 (x10° L7 6.39(5.35,7.84) 6.37(5.29,7.70) 6.39(5.36,7.87) 0.408
ek A 8 (x10° L7 3.64(2.84.,4.79) 3.54(2.81,4.59) 3.69(2.86,4.84) 0.104
BB (x10° L) 0.49(0.40,0.61) 0.49(0.39,0.60) 0.49(0.40,0.62) 0.219
MM/ (g/L) 41.25(39.20,43.40) 41.4(39.20,43.80) 41.20(39.20,43.25) 0.272
HDL/ ( mmol/L) 1.24(1.06,1.44) 1.26(1.04,1.46) 1.23(1.07,1.42) 0.427
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Table 2. Evaluation of machine learning prediction

models for coronary heart disease
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b EIE|
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VIS
Pt 0.565 0.626 0.630 0.560 0.584 0.487 0.643
mamE : ’ : : : ’
FRSEE 0.722 0.609 0.530 0.748 0.596 0.483 0.490
B osr
0.6
Soafk
<
0.2
0_
1 1 1 1 1 1 1
DT KNN LGBM LR RF SVM XGBoost

B 5. AREMFZLEIERTNEERNZIXE TIESTER &L TER L
AR 7 FEERLEY ROC 12k ; B o 7 BRI AUC (HADIRE

Figure 5. Comparison of areas under the curve for predictive performance of different machine-learning models
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Figure 7. Analysis of predictors in the SVM model
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Figure 10. Schematic diagram of the web-based risk assessment tool

[SE k]

[1] Heusch G. Coronary blood flow in heart failure; cause, consequence
and bystander[ J]. Basic Res Cardiol, 2022, 117(1); 1.

[2] 3k B8, Eohg, T3k, % PRI FRImAE A ' OIR 12T

MR [T, P E SRR AR AR, 2026, 34(1) ¢ 1-7.

Zhang Y, Tan C Y, Wang Y G, et al. Typical application of ma-

chine learning in the diagnosis and treatment of coronary heart

disease in cancer patients[ J]. Chin J Arterioscler, 2026, 34 (1) :

1-7.

XUWIE, g, e, S i Bl o 0 e g B e

2024) BRI T]. REARIES:, 2025, 28(32) ; 3989-4008.

Liu M B, He X Y, Yang X H, et al. Interpretation of report on car-

diovascular health and diseases in China 2024[J]. Chin Gen Pract,

2025, 28(32) : 3989-4008.

[4] MASE, F2585, BohR, %, fReT RS RIGEL. S%isyT
il B A 5 (B 3 i —— L T A L AN (E UL AR 1 L AR B e it 5T
[J]. AFAEBAE, 2024, 21(3) ; 111-123, 173-174.

—
W
—

Fu L P, Wang Y H, Xu X F, et al. Health demand and collabora-
tive governance:; the practical logic of hierarchical diagnosis and
treatment system construction-the grounded theoretical analysis from
the perspective of public value[ J]. J Public Management, 2024,
21(3): 111-123, 173-174.

—
W
[

Trayanova N A, Popescu D M, Shade J K. Machine learning in ar-
thythmia and electrophysiology [ J]. Circ Res, 2021, 128 (4):
544-566.

[6] Cai Y Q, Gong D X, Tang L Y, et al. Pitfalls in developing ma-
chine learning models for predicting cardiovascular diseases: chal-

lenge and solutions[ J]. J Med Internet Res, 2024, 26. e47645.

—
~
[

Barrios J P, Tison G H. Advancing cardiovascular medicine with
machine learning: progress, potential, and perspective [ J]. Cell
Rep Med, 2022, 3(12) : 100869.

So S, Khalaf A, Yi X R, et al. Induced bioresistance via BNP de-

—
oo
[l

tection for machine learning-based risk assessment[ J]. Biosens Bio-

electron, 2021, 175 112903.



CN

43-1262/R " E S kAR AL 4%k 2026 4E55 34 4555 8 1)

751

(9]

[10]

[11]

[12

[

[13]

(14

[l

[15]

[16]

[17]

ey PR bR, R S AR R 2y
8. R SRS TR (2020 4F) [J]. AR BB
Zeiki, 2021, 20(3) ; 265-273.
Chinese Medical Association, Chinese Medical Journal Publishing
House, Chinese Society of General Practice, et al. Guideline for
primary care of stable coronary artery disease (2020) [J]. Chin J
Gen Pract, 2021, 20(3) : 265-273.
Yang X J, Meng P C, Jiang Z X, et al. Deep siamese residual
support vector machine with applications to disease prediction[ ] ].
Comput Biol Med, 2025, 196(Part A) . 110693.
Redshaw J, Ting D S J, Brown A, et al. Krein support vector ma-
chine classification of antimicrobial peptides [ J]. Digit Discov,
2023, 2(2) . 502-511.
Mortensen M B, Dzaye O, Bgtker H E, et al. Low-density lipopro-
tein cholesterol is predominantly associated with atherosclerotic car-
diovascular disease events in patients with evidence of coronary ath-
erosclerosis: the western Denmark heart registry[ J]. Circulation,
2023, 147(14) : 1053-1063.
Allison M A, Powell J T, Golledge J. Nontraditional risk factors for
peripheral artery disease: setting the scene [ J]. Arterioscler
Thromb Vasc Biol, 2025, 45(9) . 1488-1492.
Channon K M, Newby D E, Nicol E D, et al. Cardiovascular com-
puted tomography imaging for coronary artery disease risk : plaque,
flow and fat[ J]. Heart, 2022, 108(19) . 1510-1515.
XIZAE, 5K B, ik Hi, . CHEBESGE B RN A SR A
A IAT A RAESE BRI W O I R (L[ D] i PR 75 B2
i, 2023, 25(4) ; 271-276.
Liu J J, Zhang L, Zhang Y, et al. Clinical value of two-dimen-
sional speckle tracking layer-specific strain parameters combined
with leukocyte-derived inflammation indicators in the diagnosis of
coronary artery disease [ J]. J Clin Ultrasound Med, 2023, 25
(4):271-276.
EIkF, A, R, L BRI RAE NIRRT
3 S0 R AR I RO A R R G 3 T2 S RO I R R R A
KM [J]. B AEFEIEE, 2024, 45(4) « 477-486.
Wang Z Y, Cao S Q, Li C S, et al. Correlations between systemic
immune-inflammation response index and severity of coronary artery
stenosis and long-term major adverse cardiovascular events in pa-
tients with coronary heart disease[ J]. Acad J Naval Med Univ,
2024, 45(4) : 477-486.
O, VRIS, SRIEMG, S AR RO R AR S kR
SRR S [ 1], E B ER 2 A, 2020, 35(6):
538-545.
Wang J, Xu H B, Zhang H P, et al. Impact of age on the rapid

progression of coronary non-target lesions in patients with coronary

[18

[

[19]

[20]

[21

[

[22

[

[23]

[24

[l

[25]

[26

[

[27]

(IS o

heart disease[ J]. Chin Circ J, 2020, 35(6) ; 538-545.

PR/NER, WROCRT, 3, 45, O3 SR AR E M O
BF Y TS A LT]. A AR O i L AR
2024, 26(6) : 614-618.

Xue X Q, Chen W X, Lan C Z, et al. Predictive value of heart
rate variability for long-term prognosis of patients with stable coro-
nary heart disease [ J]. Chin J Geriatr Heart Brain Vessel Dis,
2024, 26(6) : 614-618.

Schuitema P C E, Visseren F L J, Nordestgaard B G, et al. Ele-
vated triglycerides are related to higher residual cardiovascular dis-
ease and mortality risk independent of lipid targets and intensity of
lipid-lowering therapy in patients with established cardiovascular
disease[ J]. Atherosclerosis, 2025, 408 . 120411.

Zhao Y M, Zhuang Z H, Li Y Y, et al. Elevated blood remnant
cholesterol and triglycerides are causally related to the risks of cardi-
ometabolic multimorbidity[J]. Nat Commun, 2024, 15(1) . 2451.
Bjornson E, Adiels M, Taskinen M R, et al. Triglyceride-rich lip-
oprotein remnants, low-density lipoproteins, and risk of coronary
heart disease: a UK Biobank study[J]. Eur Heart J, 2023, 44
(39) : 4186-4195.

Vaura F, Kim H, Udler M, et al. Multi-trait genetic analysis re-
veals clinically interpretable hypertension subtypes [ J ]. Circ
Genom Precis Med, 2022, 15(4) : e003583.

Gu D X, Wang D D, Zhu Q Z, et al. Prevalence of dyslipidemia
and associated factors in sedentary occupational population from
Shanghai: a cross-sectional study[ J]. Arch Public Health, 2024,
82(1). 21.

Balling M, Afzal S, Davey Smith G, et al. Elevated LDL triglycer-
ides and atherosclerotic risk [ J]. J Am Coll Cardiol, 2023, 81
(2): 136-152.

Coleman R L, Adler A I, Clarke P M, et al. Estimating the risk of
cardiovascular outcomes and all-cause mortality in individuals with
type 2 diabetes; validation of the UKPDS outcomes model using
TECOS and EXSCEL data[ J]. Diabetes Obes Metab, 2026, 28
(2): 1068-1075.

Chen J Q, Wu K X, Lin Y Y, et al. Association of triglyceride
glucose index with all-cause and cardiovascular mortality in the
general population[ J]. Cardiovasc Diabetol, 2023, 22(1) : 320.
XUk, GREE | A DX At 25 AR SR st sz 15 g B v
R E G EBRLT]. #HbESRE, 2022(5) ¢ 45-56.

Liu J T. The strategic position of Chinese family-community health
social work and the goals of healthy China and welfare China
system[ J]. Hubei Soc Sci, 2022(5) ; 45-36.

VI )



