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Background: Non-ST-segment elevation acute coronary syndrome
(NSTE-ACS) is a leading cause of acute chest pain in clinical practice.
Magnetocardiography (MCG) is a non-invasive and rapid functional
imagingtechnique with high sensitivity to early, subtle electrophysiological
changes associated with myocardial ischemia.

Aims: To develop and validate a machine learning (ML)-based diagnostic
model for NSTE-ACS using MCG-derived features.

Study Design: Retrospective cohort study.

Methods: Patients presenting with acute chest pain and admitted
between September 2023 and May 2024 were consecutively enrolled.
Pretreatment cardiac magnetic signals were collected using a 36-channel
optically pumped magnetometer-based MCG system. A total of 13
feature categories (188 parameters) were extracted from the ST segment
and T wave. Three feature selection methods [Boruta, least absolute
shrinkage and selection operator (LASSO), and maximum relevance
minimum redundancy], along with hyperparameter tuning and unbiased
performance estimation for five ML algorithms, were implemented
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within a nested cross-validation (CV) framework. Model performance
was assessed using the area under the curve (AUC). The optimal model
was further validated in an independent test set. SHapley Additive
exPlanations (SHAP) were used to interpret the final model.

Results: A total of 578 patients were included (366 with NSTE-ACS and
212 without NSTE-ACS). The support vector machine (SYM) model, based
on nine LASSO-selected features, demonstrated the best performance,
achieving an AUC of 0.91 £ 0.01 in nested CV. In the independent
test set, the model achieved an AUC of 0.89 (95% confidence interval:
0.81-0.95), with an accuracy of 0.84, sensitivity of 0.89, and specificity
of 0.77. Exploratory subgroup analyses showed consistent performance
across age, sex, body mass index, and comorbidity groups. SHAP analysis
identified the minimum magnetic field strength at the T-peak time (T_
min_mag) as the most influential predictor.

Conclusion: The SVM—based MCG model showed strong potential as an
auxiliary tool for identifying NSTE-ACS. Its application may improve chest
pain management and reduce misdiagnoses.
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INTRODUCTION

As a leading cause of cardiovascular mortality, acute coronary
syndrome (ACS) remains a major global public health challenge.’
Characterized by sudden onset and rapid progression, it often
initially presents as acute chest pain." Non-ST-segment elevation
ACS (NSTE-ACS), which includes unstable angina (UA) and non-ST-
segment elevation myocardial infarction (NSTEMI), accounts for
approximately 70% of ACS cases.? Currently, initial screening for NSTE-
ACS relies on clinical presentation, dynamic electrocardiographic
(ECG) changes, and high-sensitivity cardiac troponin (hs-cTn)
testing.2 However, more than 30% of patients with NSTE-ACS do not
exhibit typical ST-T changes on ECG, and approximately 15-20%
show no significant elevation in hs-cTn levels. These limitations
make it difficult to distinguish NSTE-ACS from chest pain caused
by other cardiac or non-cardiac conditions, leading to missed or
misdiagnoses.> These diagnostic challenges increase the risk of
adverse outcomes, including recurrent ischemia, heart failure,
and long-term cardiovascular events.*> Therefore, there is a need
for a sensitive auxiliary tool capable of detecting early myocardial
electrophysiological abnormalities.

Magnetocardiography (MCG) is a non-invasive, radiation-free
technique that detects weak magnetic fields generated by cardiac
electrical activity.® Compared with ECG, MCG provides higher spatial
resolution and deeper tissue penetration, demonstrates greater
sensitivity to tangential currents and subepicardial electrical
activity, and is not affected by variations in tissue conductivity.”"°
These technical advantages make MCG particularly suitable for
detecting subtle electrophysiological alterations associated with
myocardial ischemia. MCG systems acquire both temporal and
spatial information on cardiac magnetic fields and generate
multidimensional images with quantitative biomarkers, enabling
comprehensive cardiac assessment.”®" Previous studies have
demonstrated the potential of MCG in diagnosing coronary artery
disease, arrhythmias, and other cardiac conditions, offering a
novel diagnostic approach.”> MCG devices primarily employ four
types of magnetic sensors, among which the optically pumped
magnetometer (OPM) is distinguished by its high sensitivity,
compact size, lack of cryogenic cooling requirements, and lower
maintenance costs."® These features enhance its suitability for
clinical application. In three studies, a 36-channel OPM-MCG
system demonstrated a sensitivity of 67-91% and an area under the
curve (AUC) of 0.78-0.86 for detecting myocardial ischemia.''® By
extracting early, cardiac-specific MCG biomarkers and developing
diagnostic models, MCG has the potential to facilitate earlier
detection of cardiovascular diseases.

Machine learning (ML) algorithms can automatically identify
patterns in complex datasets and have been widely applied to
integrate medical imaging and clinical data for disease prediction."”
The combination of MCG-derived features with ML approaches may
provide reliable clinical decision support. Therefore, this study
aimed to develop an intelligent diagnostic model based on MCG
features for the rapid and accurate identification of patients with
NSTE-ACS.

MATERIALS AND METHODS

This study was a single-center, retrospective observational cohort
study. The protocol was approved by the Qilu Hospital of Shandong
University Ethics Committee (approval number: KYLL-202204 (XZ)-
017-1; date: 01.09.2023). The study was registered at ClinicalTrials.
gov (NCT05392712). Written informed consent was obtained from
all participants.

Study population

This study consecutively enrolled patients with suspected NSTE-ACS
between September 2023 and May 2024 from the departments of
cardiology and emergency medicine. All clinical data were extracted
from the electronic medical record system. A total of 933 patients
were screened, of whom 355 were excluded based on the predefined
inclusion and exclusion criteria.

To ensure the robustness of subsequent analyses, the adequacy of
the sample size was evaluated. The study included a consecutive
cohort of all eligible patients during a fixed recruitment period,
resulting in a final sample of 578 patients. This enrollment strategy
minimized selection bias and enhanced the representativeness
of the study population. To further assess the adequacy of the
sample size for predictive modeling, a post-hoc analysis based on
the events-per-variable (EPV) criterion was performed. With 366
NSTE-ACS cases and a final model including nine predictors, the EPV
was 40.7 (366/9), which substantially exceeds the recommended
minimum threshold of 10-15.

The inclusion criteria were as follows: (1) age > 18 years with a
definitive clinical diagnosis; UA was defined as clinical symptoms
consistent with accelerating, new-onset, or rest angina in
the absence of myocardial necrosis [hs-cTn below the 99t
percentile upper reference limit (URL) without dynamic changes],
accompanied by transient or dynamic ischemic ECG changes (ST-
segment depression > 0.05 mV or T-wave inversion). Confirmation
of obstructive coronary artery disease (> 50% stenosis) by coronary
angiography (CAG) or coronary computed tomography angiography
(CCTA) served as supportive evidence of an ischemic origin.” NSTEMI
was defined as the presence of symptoms of acute myocardial
ischemia with a dynamic rise and/or fall in hs-cTn above the
99" percentile URL, without persistent ST-segment elevation on
ECG.™ All CCTA images were independently reanalyzed by two senior
cardiovascular radiologists blinded to the final clinical diagnosis. In
cases where CCTA suggested significant stenosis (> 50%) but CAG was
not performed, the images were further reviewed by a third expert to
reach a consensus, thereby minimizing the risk of misclassification;
(2) patients with chest pain initially suspected of NSTE-ACS; and (3)
availability of MCG data acquired before treatment. The exclusion
criteria were as follows: (1) prior myocardial infarction; (2) complex
arrhythmias, congenital heart disease, severe valvular heart disease,
hypertrophic or dilated cardiomyopathy; (3) claustrophobia; (4)
presence of non-removable metallic implants that could interfere
with MCG signals (e.g., cardiac pacemakers, defibrillators, orthopedic
implants, or metal dentures); and (5) poor-quality MCG images.
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MCG acquisition and signal preprocessing

MCG data were acquired using a 36-channel OPM-based MCG
system with a sampling rate of 1 kHz. The system operates at room
temperature without requiring cryogenic cooling, making it suitable
for routine clinical use. The sensor array was uniformly arranged
ina 6 X 6 grid covering an area of 275 mm x 275 mm and was
positioned at a fixed distance of 20 mm from the chest wall to record
cardiac electrical activity. For each participant, continuous MCG
signals were recorded for 3 minutes. The equipment configuration
and sensor placement are illustrated in Figure 1, and the operating
procedure was consistent with previously published methods.

Each examination, including patient preparation and signal
acquisition, required approximately 5-10 minutes. Real-time
waveform visualization was available during recording to ensure
data quality. Although sensor positioning relative to cardiac
anatomical landmarks is operator-dependent, all recordings were
performed by blinded physicians following a standardized protocol.
Subsequent signal preprocessing and feature extraction were fully
automated using analysis software integrated into the MCG system.
This automation minimizes manual intervention and reduces
potential operator-related variability.

As shown in Figure 1, the raw MCG signals were evaluated and
preprocessed, and subsequently reconstructed into three types of
representations: (1) a one-dimensional butterfly map generated
by superimposing time-domain waveforms from all 36 channels;
(2) a two-dimensional magnetic field map illustrating the spatial
distribution of magnetic field intensity at a given time point; and (3)
a current density map derived from the magnetic field distribution,
representing the spatial distribution of cardiac current density.

MCG parameters extraction

Based on established clinical knowledge that NSTE-ACS often
presents with ST-segment or T-wave abnormalities on ECG, and
with reference to previously published studies, we systematically
extracted 13 categories of features from the ST segment and T wave,
comprising a total of 188 parameters, as candidate predictors. The
extracted features included one-dimensional parameters derived
from 36 channels (ST_PM, T_amp, ST_level, ST_amp, ST_score, and
T_inv); MFM features at the T-peak time (T_max_mag, T_min_mag,
T_posi_circ, and T_negi_circ); and CDM features at the T-peak time
(T_MCV_pos_x, T_MCV_pos_y, and TT_CMD). The definitions and
interpretations of all parameters are summarized in Figure 1.

These MCG parameters are conceptually aligned with conventional
ECG findings. Specifically, ST-segment—related parameters (ST_PM,
ST_level, ST_amp, and ST_score) reflect ventricular repolarization
abnormalities analogous to ST-segment changes on ECG, whereas
T-wave—related parameters (T_amp, T_min_mag, T_max_mag,
T_posi_circ, and T_negi_circ) correspond to T-wave morphology
and repolarization dispersion. This correspondence may facilitate
clinical interpretation by cardiologists familiar with standard
electrocardiography.
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Model development
Data splitting

The dataset was stratified by disease status and randomly divided
into a training cohort (80%) and an independent test cohort (20%).
The test cohort was reserved exclusively for final model evaluation
and was not involved in feature selection, hyperparameter
optimization, or model development.

Five MLalgorithmswere developed and internally validated: random
forest (RF), logistic regression (LR), support vector machine (SVM),
decision tree (DT), and Naive Bayes (NB). To obtain an unbiased
estimate of model generalizability, a nested cross-validation (CV)
framework was implemented within the training cohort. The outer
loop employed a 5-fold stratified CV, generating five training—
validation splits. Within each outer fold, an inner 5-fold stratified
CV was conducted on the corresponding training subset for feature
selection and hyperparameter tuning.

No missing data were identified. Before model development,
Z-score normalization was applied to the 188 MCG features
to account for differences in scale and measurement units.
Standardization parameters [mean and standard deviation (SD) for
each feature] were derived exclusively from the training cohort and
subsequently applied to the validation folds (within nested CV) and
the independent test set to prevent data leakage.

Feature selection

Within each inner CV fold, three feature selection methods—Ileast
absolute shrinkage and selection operator (LASSO), maximum
relevance  minimum redundancy (mRMR), and the Boruta
algorithm—uwere applied to identify predictive features. To control
dimensionality and prioritize informative predictors, features
selected in at least 60% of the inner folds were defined as stable, with
a maximum of 20 retained. These stable features were subsequently
used for model training and evaluated in the corresponding outer
validation fold to ensure consistent performance across data subsets.

Hyperparameter tuning

Grid search was performed within the inner validation folds to
identify the optimal hyperparameter combinations for each
algorithm, using the AUC as the selection criterion. The following
hyperparameters were optimized: max_depth, min_samples_split,
n_estimators, and min_samples_leaf for RF; C, penalty, and solver
for LR (with max_iter fixed at 2000); C, gamma, and kernel for SVM;
and max_depth, min_samples_split, and min_samples_leaf for DT.
No hyperparameter tuning was required for the NB algorithm.

Model development and validation

Using the stable features and optimal hyperparameters identified
in each inner CV loop, all ML models were retrained on the
corresponding outer training subsets and evaluated on the matched
outer validation subsets.
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FIG. 1. Magnetocardiography (MCG) device, sensor arrangement, and definitions of all MCG parameters. (a) MCG equipment and arrangement of
sensors array, (b) relative position of the sensor to the chest, (c) 36-channel MCG waveform, (d) Butterfly diagram. ST_PM: the average magnetic field
intensity of the first 100 ms within the ST segment (pT/ms). T_amp: the magnetic field intensity at the T peak time (pT). ST_level: the amplitude of
ST segment magnetic field intensity variation (pT). ST_amp: the magnetic field intensity at the ST segment starting point (J point) (pT). ST_score: the
total magnetic field intensity changes between the extreme points of the ST segment (pT). T_inv: the consistency of polarity between T wave and
R wave. (e) Magnetic field map at the T peak time. The vertical bar on the right indicates magnetic field magnitude; red areas represent positive
values; blue areas represent negative values. T_max_mag: maximum magnetic induction intensity at the T peak time (pT). T_min_mag: minimum
magnetic induction intensity at the T peak time (pT). T_posi_circ: roundness of the positive area at the T peak time. T_negi_circ: roundness of the
negative area at the T peak time. (f) Current density map at the T peak time. T_MCV_pos_x: x-coordinate of the maximum current density at the T
peak time. T_MCV_pos_y: y-coordinate of the maximum current density at the T peak time. TT_CMD: maximum instantaneous rate of change of
current intensity during T wave period.

model, the most stable features and the hyperparameter
combinations most frequently identified in the inner CV loops were
selected. This model was then retrained on the entire training set
and evaluated on the independent test set.

This nested CV procedure produced five independent performance
estimates per algorithm. Model discrimination was assessed using
the AUC, sensitivity, specificity, positive predictive value, negative
predictive value, accuracy, and F1 score. These metrics were
aggregated as mean = SD to provide an unbiased estimate of model

generalizability. The 95% confidence intervals (Cls) for all performance metrics

were calculated using 1,000 bootstrap samples to assess result

Optimal algorithm and final model evaluation

The algorithm with the highest mean AUC and the smallest SD was
designated as the optimal model. To develop the final deployable

stability. The optimal discrimination threshold was determined
by maximizing the Youden index (sensitivity + specificity — 1) in
the training set. The performance of the final model was further
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compared with the thrombolysis in myocardial infarction (TIMI)
score, a clinically established risk stratification tool.

Decision curve analysis (DCA) was conducted to evaluate clinical
utility, and calibration curves were used to assess agreement
between predicted probabilities and observed outcomes. The
SHapley Additive exPlanations (SHAP) method quantified and
ranked the contribution of each predictor variable to the model’s
output. A web-based calculator for NSTE-ACS based on the final
model was developed and is publicly accessible at https://svm-
clinical-calculator-p97ioydfedimtbpfsjdqfp.streamlit.app/.

Subgroup analysis

Without refitting, exploratory subgroup analyses were performed
by applying the final SYM model to predefined subgroups stratified
by age (< 57 and > 57 years), sex, body mass index [(BMI); < 25
and > 25 kg/m?], and comorbidities (hypertension, diabetes, and
hyperlipidemia). These analyses were descriptive; no statistical
comparisons across subgroups or adjustments for multiple testing
were performed.

Statistical analysis

Patient data were summarized as continuous or categorical variables.
Continuous variables with a normal distribution were presented
as mean + SD and compared using a t-test, while non-normally
distributed variables were reported as median (interquartile range)
and analyzed using the Mann—-Whitney U test. Categorical variables
were expressed as counts and percentages and compared using the
chi-square or Fisher’s exact test. All statistical analyses and model
development were performed using R (version 4.4.3; R Foundation

Patients with suspected NSTE-ACS A Study Population

B Model training and Validation of five ML algorithms

for Statistical Computing, Vienna, Austria) and Python (version
3.13.3). Descriptive analyses were conducted using the R package
gtsummary (version 2.2.0). Feature selection was performed using
Boruta (Boruta 8.0.0 and randomForest 4.7.1.2), LASSO regression
(glmnet 4.1.8), and mRMR (mRMRe 2.1.2.2) in R. The ML pipeline
was implemented using Python’s scikit-learn library (version 1.8.0),
and SHAP analysis was conducted using the shap library (version
0.47.2).

RESULTS

Patient characteristics

A total of 578 patients were enrolled, including 366 with NSTE-ACS
(286 with UA and 80 with NSTEMI) and 212 non-NSTE-ACS patients.
Detailed diagnoses of the non-NSTE-ACS group are presented in
Supplementary Table 1. The screening flowchart and study workflow
are depicted in Figure 2.

Baseline characteristics and comparisons between groups are
summarized in Table 1. The overall mean age was 57.94 +11.28
years, 52.9% were male, 46.3% were overweight, and 5.4% were
obese. Comorbidities included hypertension (52.6%), type Il diabetes
(20.1%), and hyperlipidemia (76.0%). Ischemic ECG changes were
observed in 54.2% of patients. Compared with the non-NSTE-ACS
group, NSTE-ACS patients had a higher proportion of overweight
individuals (51.4% vs. 37.7%, p=0.002) and more frequent ischemic
ECG changes (62.8% vs. 39.2%, p<0.001). No significant differences
were observed in age (p=0.194), sex (p=0.153), or type Il diabetes
prevalence (p =0.659).

n =933
Data splitting Inner loop: 5-Fold CV/ Outer loop: 5-Fold nest CVfor model evaluation

318 excluded: Nested CV score:

 Uncear dingoosis (0=6) K_\ TRAIN+VAL  TEST| Nesteacy a1

+ History of old myocardial infarction (n.=117) Training set (80%) —_—  —

+ Complicated with complex arrhythmia, TEST Nested CV Fold 2 ) AUC_ ..
congenital heart disease, severe valvular heart TRAIN VAL | ovFod1 | + Sensitivity
disease, hypertrophic or dilated * Specificity

i VAL
cardiomyopathy (n=141) & ‘ i + Feature selection by ‘ TEST Nestod OV Fald 3 - + PPV

*+  Previous CAG or PCI with coronary artery VAL CVFod3 ] « NPV
stenosis >50% (n = 37) LASSO, Boruta, nRMR TEST Nested CV Fold 4 .

+ With claustiophobia (n = 4) Test set (20%) E ovra . e e ?;curacy

+ Presence of non-removable metal lic implants * Hyperparameter tuning | * ¥lscore
inthe body (= 13) Vrods \TEST Nested CV Fold 5

MCG detection
=615 C Optimal Algorithm and Final Model Evaluation
37 excluded: Data splitting Optimal performance in nested CV SVM model final performance Automated output tool
—» . ifgrﬁ MCG _il_l:_ﬂllf (lﬁ“ﬂli:y (: = 312 9 A Coe R B e Tl SVM Clnical Predictive Calculatorfor NSTE-ACS
. acquisifion after treatment (n =
Training set (30%) /r ) A
578 patients Nine optimal MCG features / . /rr -
*» NSTE-ACS (n=366) & | J .
e ) ‘ Optimal hyperparmeter tuning ‘ H i -
Test set (20%) SVM model
Training set Test set o P

(80%) (20%) htps: linical-calculator-po7i qfp.streamlit app/

FIG. 2. Flowchart of the study. NSTE-ACS, non-ST-segment elevation acute coronary syndrome; CAG, coronary angiography; PCl, percutaneous coronary
intervention; MCG, magnetocardiography; CV, cross-validation; LASSO, least absolute shrinkage and selection operator; mRMR, minimum redundancy
maximum relevance; AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; SVM, support vector machine.

Balkan Med J,


https://svm-clinical-calculator-p97ioydfedimtbpfsjdqfp.streamlit.app/
https://svm-clinical-calculator-p97ioydfedimtbpfsjdqfp.streamlit.app/

Li et al. A Machine Learning Model for Diagnosing Non-ST-Segment Elevation Acute Coronary Syndrome

Differences in MCG features between groups are detailed in
Supplementary Table 2. During nested CV, LASSO and mRMR each
selected 9 predictors, while Boruta retained 16 (Supplementary

Table 3).

TABLE 1. Patient Characteristics of the Cohort.

Model performance

Feature subsets from the three selection methods were separately
integrated into five ML algorithms, and model performance was
assessed in an unbiased manner. The performance metrics are
presented in Table 2. Using the Boruta feature set, SVM achieved an
AUC of 0.88£0.01, accuracy of 0.81+0.02, sensitivity of 0.89 £0.04,

Total NSTE-ACS Non-NSTE-ACS
Characteristics (n =578) (n =366) (n=212) p value
Age, years 57.94 £11.28 57.48 £10.02 58.75 £ 13.15 0.194
Sex (male) 306 (52.9) 185 (50.5) 121 (57.1) 0.153
BMI (kg/m?) 0.002
<185 9(1.6) 2(0.5) 7(3.3)
18.5 < BMI < 25 270 (46.7) 158 (43.2) 112 (52.8)
25 < BMI < 30 268 (46.3) 188 (51.4) 80 (37.7)
BMI > 30 31(5.4) 18 (4.9) 13 (6.1)
Smoke 0.561
No 366 (63.3) 235 (64.2) 131 (61.9)
Yes 212(36.7) 131 (35.8) 81(38.2)
Drink 0.545
No 521 (90.1) 332(90.7) 189 (89.2)
Yes 57 (9.9) 34(9.3) 23(10.8)
Hypertension 0.003
No 274 (47.4) 191 (52.2) 83 (39.2)
Yes 304 (52.6) 175 (47.8) 129 (60.8)
Type 1l diabetes 0.659
No 462 (79.9) 290 (79.2) 172 (81.1)
Yes 116 (20.1) 76 (20.8) 40 (18.9)
Hyperlipidaemia 0.012
No 139 (24.0) 101 (27.6) 38(17.9)
Yes 439 (76.0) 265 (72.4) 174 (82.1)
Ischemic ECG changes < 0.001
No 265 (45.8) 136 (37.2) 129 (60.8)
Yes 313 (54.2) 230 (62.9) 83 (39.2)
TIMI score < 0.001
0 114 (19.7) 37 (10.1) 77 (36.3)
1 98 (17.0) 33(9.0) 65 (30.7)
2 103 (17.8) 56 (15.3) 47 (22.2)
3 127 (22.0) 108 (29.5) 19 (9.0)
4 63 (10.9) 62 (16.9) 1(0.5)
5 45(7.8) 43(11.7) 2(0.9)
6 17 (2.9) 16 (4.4) 1(0.5)
7 11(1.9) 11 (3.0) 0(0.0)

Values are presented as n (%) or mean + SD.

BMI, body mass index; ECG, electrocardiographic; NSTE-ACS, non-ST-segment elevation acute coronary syndrome; TIMI, thrombolysis in myocardial infarction; SD,

standard deviation.
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and specificity of 0.66%0.05, outperforming the other algorithms
(AUC range: 0.79-0.87). With the LASSO-selected nine features, SVM
and LR achieved the highest AUCs (0.9140.01 and 0.91+0.03,
respectively). Using the mRMR-selected nine features, RF achieved
the best performance (AUC: 0.87£0.03; accuracy: 0.83+0.02; F1
score: 0.86+0.02).

To assess generalizability, these three models were retrained on the
full training dataset and validated on the independent test set. The
SVM model with LASSO-selected features demonstrated superior
performance, achieving an AUC of 0.89 (95% Cl, 0.81-0.95), accuracy
of 0.84 (95% Cl, 0.78-0.91), sensitivity of 0.89 (95% Cl, 0.81-0.95),
specificity of 0.77 (95% Cl, 0.63-0.89), and F1 score of 0.88 (95% Cl,
0.81-0.93). In comparison, the TIMI score achieved an AUC of 0.82
(95% Cl, 0.78-0.85), accuracy of 0.74 (95% (I, 0.71-0.78), sensitivity
of 0.66 (95% Cl, 0.61-0.71), and specificity of 0.89 (95% Cl, 0.85-0.93)
(Supplementary Figure 1).

Based on its stability and discriminative ability, the LASSO-based
SVM model was selected as the final deployable model. Its receiver
operating characteristic (ROC) curves are shown in Figure 3, while

publicly accessible as an online calculator at https://svm-clinical-
calculator-p97ioydfedimtbpfsjdqfp.streamlit.app/, with source code
available at https://github.com/ljting658/svm-clinical-calculator.

SVM model explanation

SHAP analysis quantified the contribution of the nine MCG features
to the SYM model’s predictions (Figure 4a). T_min_mag (minimum
magnetic intensity at the T-wave peak) was the most influential
predictor, with a mean SHAP value of 0.12, substantially exceeding
all other features and highlighting its discriminative value for NSTE-
ACS. The remaining features were ranked in descending order of
importance as follows: cha_31_T_amp, cha_12_T_amp, cha_25_T_
amp, cha_6_T_amp, cha_14_T_amp, cha_31_ST_score, T_posi_

circ, and T_negi_circ.

The SHAP beeswarm plot (Figure 4b) illustrated the positive and
negative associations between each feature and NSTE-ACS risk.
Increases in T_min_mag, cha_25_T_amp, cha_6_T_amp, T_posi_
circ, and T_negi_circ positively influenced predictions, shifting
them toward NSTE-ACS. Conversely, increases in cha_31_T_amp,

the ROC curves for the Boruta-based SVM and mRMR-based RF cha_12_T_amp, and cha_14_T_amp negatively influenced
models are presented in Supplementary Figure 1. The model is predictions, shifting them toward non-NSTE-ACS.
TABLE 2. Diagnostic Performance of 5 ML Models and TIMI Score.
Optimal
Model Threshold AUC Sensitivity Specificity PPV NPV Accuracy F1 score
LASSO
SVM 0.69 0.89(0.81-0.95) 0.89(0.81-0.95) 0.77(0.63-0.89) 0.87(0.78-0.94)  0.81(0.68-0.91)  0.84 (0.78-0.91) 0.88 (0.81-0.93)
(final model)
SVM 0.56 + 0.12 0.91 £ 0.01 0.90 + 0.05 0.81+0.03 0.89 + 0.01 0.83 = 0.06 0.87 £ 0.02 0.90 +0.02
LR 0.48 £0.21 0.91 £0.03 0.88 £ 0.06 0.82 £ 0.04 0.90 £0.02 0.81 £0.07 0.86 £ 0.03 0.89 £0.03
RF 0.55%0.08 0.90 £ 0.05 0.89 £0.07 0.77 £ 0.06 0.87 £ 0.04 0.81£0.11 0.85%0.06 0.88 £ 0.05
NB 0.70 £ 0.35 0.83 £ 0.04 0.89 + 0.04 0.61 +0.09 0.80 £ 0.03 0.77 £ 0.06 0.79 £ 0.03 0.84 £ 0.02
DT 0.75%£0.10 0.82 £0.05 0.82£0.10 0.72 £ 0.06 0.83 £0.03 0.72£0.12 0.78 £ 0.06 0.82 £0.06
Boruta
SVM 0.46 0.85(0.77-0.92) 0.91(0.84-0.96) 0.70 (0.56-0.84)  0.84 (0.75-0.90)  0.82 (0.67-0.93)  0.83 (0.76-0.89) 0.87 (0.80-0.92)
(final model)
SVM 0.56 £0.16 0.88 £ 0.01 0.89 £ 0.04 0.66 £ 0.05 0.82 £0.02 0.79 £ 0.06 0.81£0.02 0.86 £0.02
RF 0.58 + 0.09 0.87 £ 0.02 0.87 £ 0.03 0.72 £ 0.04 0.84 +0.02 0.76 = 0.04 0.81 £ 0.03 0.85 +0.02
NB 0.80 = 0.40 0.86 £ 0.01 0.89 £ 0.05 0.67 £ 0.06 0.83 £0.03 0.78 £0.07 0.81£0.03 0.85+0.02
LR 0.55 + 0.06 0.86 + 0.03 0.87 + 0.04 0.73 £ 0.04 0.85 + 0.01 0.77 £ 0.05 0.82 £ 0.01 0.86 £ 0.01
DT 0.56 £0.23 0.79 £0.02 0.79 £0.08 0.69 £ 0.05 0.82 £0.02 0.66 £ 0.07 0.75 % 0.04 0.80 = 0.04
mRMR
RF 0.61 0.86(0.78-0.92)  0.81(0.71-0.9)  0.72(0.59-0.86)  0.83 (0.74-0.91)  0.69 (0.55-0.81)  0.78 (0.7-0.85)  0.82 (0.75-0.88)
(final model)
RF 0.54 £0.12 0.87 £ 0.03 0.86 + 0.07 0.76 £ 0.1 0.87 £ 0.04 0.78 £ 0.08 0.83 £0.02 0.86 + 0.02
SVM 0.56 £0.18 0.85 £ 0.04 0.86 £0.07 0.76 £0.09 0.86 £ 0.04 0.78 £0.08 0.82£0.03 0.86 £ 0.03
NB 0.91 £ 0.07 0.85+0.03 0.84 +0.02 0.74 + 0.05 0.85+0.02 0.72 +0.03 0.8+ 0.02 0.84 £ 0.02
LR 0.48 £0.12 0.84 £0.04 0.85 £ 0.06 0.76 £ 0.05 0.86 £0.02 0.75£0.08 0.82£0.03 0.85+0.03
DT 0.55+0.28 0.79 + 0.06 0.68+0.2 0.79 + 0.09 0.85+0.03 0.62+0.12 0.72 £ 0.1 0.73£0.14
TIMI score 3 0.82(0.78-0.85) 0.66 (0.61-0.71) 0.89 (0.85-0.93) 0.91(0.88-0.95) 0.60 (0.55-0.66) 0.74 (0.71-0.78) 0.76 (0.73-0.80)

AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; RF, random forest; NB, Naive Bayes; LR, logistic regression; SVM, support vector machine;
DT, decision tree; TIMI, thrombolysis in myocardial infarction; ML, machine learning; LASSO, least absolute shrinkage and selection operator; mRMR, maximum relevance minimum

redundancy.
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FIG. 3. ROC curves of the SVM model. (a) Training set, (b) test set. ROC, receiver operating characteristic; SYM, support vector machine; Cl, confidence

interval.
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SHAP value for each feature. (b) SHAP beeswarm plot. The vertical axis is the nine features selected by LASSO, while the horizontal axis is SHAP values,
reflecting the contribution of each feature to the model output. Each point represents a subject, with color denoting the feature value (red = high;
blue = low). Positive SHAP values shift the prediction toward NSTE-ACS, whereas negative values shift the prediction away from NSTE-ACS. NSTE-ACS,
non-ST-segment elevation acute coronary syndrome; SVM, support vector machine; LASSO, least absolute shrinkage and selection operator.

DCA and calibration curves of the SYM model

DCA (Figure 5) demonstrated a positive net benefit for the SYM
model across predicted probability thresholds of 0.01-0.89 in the
test set and across all thresholds (0.01-0.99) in the training set,
indicating its potential clinical utility.

Calibration curves (Figure 6) showed good agreement between
predicted probabilities and observed outcomes, with a Brier score of
0.07 in the training set and 0.12 in the test set, indicating favorable
and acceptable calibration, respectively.

Subgroup analysis of the SVM model

Exploratory subgroup analyses indicated that the final model
maintained high specificity across all subgroups (range: 0.78-0.90)
and moderate sensitivity (range: 0.41-0.56) (Supplementary Table
4). Discriminative performance was highest among patients aged <
57 years (AUC: 0.70; 95% Cl, 0.63—0.77), BMI < 25 kg/m? (AUC: 0.71;
95% Cl, 0.65-0.78), females (AUC: 0.71; 95% Cl, 0.65-0.77), and those
with hypertension (AUC: 0.71; 95% Cl, 0.65-0.78) or diabetes (AUC:
0.70; 95% (I, 0.65-0.75). Additionally, the model performed better
in patients with comorbid diabetes and hyperlipidemia compared
with those without these conditions.
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FIG. 5. Decision curve analysis for the SYM model in the training and test cohorts. (a) Training cohort, (b) test cohort. SVM, support vector machine.
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DISCUSSION

This study is the first to develop and validate ML models for
diagnosing NSTE-ACS using pretreatment ST-segment and T-wave
features derived from MCG. We collected MCG data and clinical
information from 578 patients and extracted 13 categories of
parameters using a 36-channel OPM-MCG system. The SVM—based
diagnostic model achieved the best performance, with an AUC of
0.89 in the independent test set. DCA further confirmed its clinical
net benefit and practical utility for early and accurate NSTE-ACS
diagnosis.

Existing screening tools show limited sensitivity for NSTE-ACS,
with ECG ranging from 30.1% to 44.7%, troponin-l at 42.7%, and
echocardiography at 51.0%."% Specificity is also limited: 85.0-91.1%
for ECG, 90.5% for troponin-1, and 76.2% for echocardiography.’*?

Balkan Med J,

Previous studies have preliminarily explored the diagnostic utility
of MCG in coronary artery disease. Zhang et al." developed three
models—RF, DT, and SVM—Dbased on MCG parameters from the full
cardiac cycle to predict abnormal myocardial perfusion, achieving
an AUC of 0.780-0.804. Yang et al.” built an LR model using five
MCG parameters of the T-T interval to predict myocardial ischemia,
reporting an AUC of 0.864 (95% Cl 0.803—0.925). Huang et al.?' used
a multilayer perceptron neural network with 10 MCG parameters
to construct 11 diagnostic models, with accuracies ranging from
71.2% to 90.5%. Although these studies confirmed the reliability
of MCG for diagnosing coronary artery disease, none developed a
specific diagnostic model for NSTE-ACS. Only four studies compared
MCG parameter differences between patients with NSTEMI or
UA and healthy controls, reporting variable diagnostic efficacy
with AUCs ranging from 0.56 to 0.93 and accuracies from 0.34 to
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0.93.2%* These findings highlight the need to clearly define specific
MCG parameters for NSTE-ACS.

In this study, we systematically extracted MCG features for NSTE-
ACS. Considering the sample size and variable characteristics, we
used nested CV for feature selection and hyperparameter tuning
and applied five suitable ML algorithms to capture complex non-
linear patterns in multidimensional MCG data that elude traditional
analytical methods. This approach provided a more robust estimate
of model generalizability. The SVM model developed with nine
features selected by LASSO performed best, attaining an AUC of
0.91£0.01 in nested CV. In the test set, this model achieved an
AUC of 0.89 (95% CI 0.81-0.95), accuracy of 0.84, sensitivity of
0.89, and specificity of 0.77. By comparison, a previous MCG-based
study by Lim et al.?® reported AUCs ranging from 0.62 to 0.87 for
distinguishing NSTEMI from healthy controls. Demonstrating stable
diagnostic performance comparable to the previously reported
AUC of 0.87 for MCG-based coronary artery disease diagnosis.? We
further compared its performance with the TIMI score, a widely
used risk stratification tool for predicting mortality and guiding
treatment in NSTE-ACS patients.?> The SVM model showed superior
sensitivity (0.89 vs. 0.66) but lower specificity (0.77 vs. 0.89) than
the TIMI score. This complementary profile reflects the TIMI score’s
prognostic emphasis on specificity, whereas the MCG model captures
early electrophysiological abnormalities that enhance detection of
subtle ischemia, making it more appropriate for use as a rule-out
tool in the acute setting.

Among the 188 MCG parameters extracted, nine were retained
in the final SVM model after LASSO-based selection. T_min_mag
emerged as the most powerful discriminative indicator, with higher
values positively correlated with increased NSTE-ACS risk. This
finding underscores the key role of spatial heterogeneity in the
magnetic field during ventricular repolarization in identifying NSTE-
ACS. T_min_mag may reflect acute ischemia—induced shortening
of action potential duration and increased repolarization
dispersion, generating local currents that attenuate the ventricular
repolarization vector, which manifests as reduced negative magnetic
field intensity at the T-wave peak. These results are consistent with
previous MCG reports describing increased complexity of magnetic
field distribution and decreased extreme-value amplitudes during
repolarization in ischemic hearts.?>%4?%% Lim et al.® reported that
patients with NSTEMI exhibited the greatest difference in magnetic
field angle at the T-wave peak compared with healthy controls,
achieving an AUC of 0.87. Our results further emphasize the
significance of MFM parameters.

Exploratory subgroup analyses provided additional insights into
the clinical applicability of the SYM model. When applied without
refitting, the model consistently demonstrated high specificity
across all predefined subgroups, suggesting stable rule-out
performance for non-NSTE-ACS patients regardless of age, sex, BMI,
or comorbidities. In contrast, sensitivity remained moderate across
subgroups, indicating that a negative prediction alone may not
definitively exclude NSTE-ACS, particularly in high-risk populations.
These findings highlight the potential of the model as an adjunctive

screening tool: its high specificity could reduce unnecessary invasive
testing in low-risk patients, while its moderate sensitivity supports
integration with established clinical assessments when positive.
Given the exploratory nature of these analyses and the absence
of statistical comparisons across subgroups, these observations
should be interpreted cautiously and require validation in larger
prospective studies.

This study has several limitations. First, it is a single-center study
with a relatively small sample size and lacks external validation,
necessitating further confirmation through multicenter studies.
Second, variations in the MCG device may affect model performance.
Although a 36-channel OPM-MCG system was used, signal
preprocessing and parameter extraction relied on specific analytical
pipelines, and operational procedures and extraction methods
have not yet been standardized, potentially affecting consistency
across centers. Third, the single-center design and high comorbidity
burden may limit the applicability of our findings to clinical settings
with different patient populations. Future multicenter studies
incorporating diverse populations with varying risk profiles are
warranted to evaluate model robustness and performance across
subgroups. Additionally, calibration tailored to specific patient
subgroups may enhance clinical applicability in heterogeneous
populations. Fourth, although SHAP analysis enhanced model
interpretability, quantitative MCG parameters have yet to be
standardized, and their underlying pathophysiological mechanisms
require further investigation. Fifth, both CCTA and invasive CAG
were used as reference standards for confirming obstructive
coronary artery disease. Although CCTA images were rigorously
reviewed by experienced radiologists to minimize misclassification,
inherent differences in diagnostic accuracy between modalities may
introduce potential bias. Finally, this study relied solely on MCG
parameters and did not integrate multimodal information such as
ECG or biomarkers. Future efforts should focus on optimizing feature
selection, exploring subgroup-specific thresholds, and developing
diagnostic models that integrate multidimensional clinical data to
improve specificity and reduce unnecessary interventions.

MCG technology remains in the experimental and exploratory
phase and has not yet been adopted as a standardized diagnostic
tool in routine clinical practice. Relevant technical specifications,
operational protocols, and diagnostic criteria are still under
development. Its clinical efficacy and safety require further
validation through large-scale, prospective studies. Future research
should involve multicenter, long-term follow-up investigations
to systematically assess usability and clinical utility in real-world
settings.
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