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Purpose: Timely reperfusion is critical for improving outcomes in patients with acute myocardial infarction (AMI), as every delay
raises the incidence of complications and mortality. Therefore, we aimed to develop a machine-learning model that quantifies the risk
of pre-hospital decision-making delay and visualizes how individual determinants modulate this risk.

Patients and Methods: This retrospective study included 594 AMI patients admitted to hospitals in Hainan from January to August
2023. Data were collected via medical systems and surveys. We used the Elastic Net and Boruta algorithms for feature selection and
hyperparameter optimization with grid search and 10-fold cross-validation. Six machine learning models were developed: logistic
regression, random forest, support vector machine, XGBoost, decision tree, and naive Bayes. The primary metric was the Area Under
the Curve (AUC), and SHapley Additive exPlanations (SHAP) were used to assess feature importance.

Results: The medical decision-making delay rate was 61.78%, with a median decision time of 3.98 hours. All models showed good
predictive performance, with the random forest model excelling, achieving an AUC of 0.91, accuracy of 0.92, recall of 0.98, F1 score
of 0.93, and specificity of 0.81. SHAP analysis revealed that pain severity, disease type, and history of myocardial infarction were the
most significant predictors of delay. Pain severity had a nonlinear relationship with delay risk, while disease type and prior infarction
history showed complex interactions.

Conclusion: Machine learning models, especially random forest, accurately predict the risk of delayed medical decision-making in
AMI patients and reliably delineate the key drivers of such delay, thereby informing targeted clinical interventions.
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Introduction

Acute myocardial infarction (AMI) is the most common cardiovascular emergency, and the rapid restoration of coronary
blood flow is crucial for effective treatment. Studies have shown that if reperfusion therapy is delayed by more than one
hour after hospital arrival, the risk of death increases significantly, with a 1.6-fold increase for every additional 15 minutes
of delay.' The development of regional collaborative treatment systems has optimized the emergency process for chest pain
patients, including the management of green channels, thereby minimizing in-hospital treatment time. Consequently,
reducing pre-hospital treatment time has become the primary focus for decreasing the total time from AMI onset to
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coronary reperfusion. Pre-hospital delays are predominantly due to patients’ delayed decision-making to seek medical help,
which accounts for approximately 75% of the total delay.'” Even with efforts to expedite post-arrival treatment, the
deterioration of the patient’s condition due to prolonged ischemia and myocardial cell necrosis is difficult to prevent,
leading to higher rates of major cardiovascular adverse events, recurrent myocardial infarction, and mortality.* >

Because patient-mediated delay is now the largest remaining modifiable component of total ischemic time,
identifying high-risk populations for delayed medical decision-making can facilitate clinical interventions aimed at
reducing decision-making time.®® Traditional methods, such as linear regression analysis, have been employed to
identify predictors of medical decision-making delays in AMI patients.®'® While these methods are straightforward
and can quickly analyze linear relationships, they are limited in handling non-linear relationships and interaction
effects, and they lack the capability to assess dynamic data effectively. These limitations have prompted investiga-
tors to explore more flexible analytical frameworks. In recent years, the rapid advancement of artificial intelligence,
particularly in the era of big data, has positioned machine learning as a promising avenue for clinical predictive
model research. Machine learning offers robust data extraction and mining capabilities, and several studies have
demonstrated its speed and accuracy in constructing risk prediction models,'' "> highlighting its potential in digital
healthcare applications. For instance, Layton AT and colleagues demonstrated that machine-learning algorithms can
integrate genomic, behavioural, socioeconomic and environmental data to sharpen risk stratification and guide
preventive interventions for hypertension.'® Similarly, Guerreiro J et al leveraged electronic health records to
forecast mental-health crises 28 days in advance with high discriminative performance; their model retained
robustness across disparate health-care systems—an external validity that conventional regression-based tools rarely
achieve.'?

Despite the growing enthusiasm for machine learning in cardiovascular research, Although machine learning

'718 there is a notable gap in studies that

modeling methods are a current research hotspot in cardiovascular diseases,
use these algorithms to predict the risk of delayed medical decision-making for AMI patients. To address this gap, This
study aims to develop an accurate and effective risk prediction model for medical decision-making delays in AMI
patients using machine learning algorithms, thereby identifying high-risk populations early and providing a basis for

timely intervention.

Patients and Methods
Study Design and Study Population

This is a retrospective cross-sectional analytical study. This study recruited newly diagnosed AMI patients from the
cardiology departments of the First Affiliated Hospital of Hainan Medical University, the Second Affiliated Hospital of
Hainan Medical University, and Hainan Provincial People’s Hospital, all located in Hainan, China, from January 2023 to
October 2023. Sample-size estimation based on Riley’s events-per-variable approach indicated that at least 556
participants were required to achieve the desired statistical power;'? the study ultimately enrolled 594 patients, fulfilling
this requirement. The recruitment process involved identifying eligible patients through medical records and conducting
face-to-face interviews to assess their suitability for the study.

Inclusion Criteria
1. Patients who met the diagnostic criteria for AMI as published by the American Heart Association in the most
recent guidelines.?’
2. Patients with the ability to express and understand Mandarin, allowing for effective communication and compre-
hension of study-related information.

3. Patients who were fully aware of the study’s content and voluntarily consented to participate in the research.

Exclusion Criteria
1. Patients with mental illness or significant communication barriers that would impede their understanding or

participation in the study.
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2. Patients who are unable to accurately determine their symptom onset time (SOT) even after multiple recall
attempts.

3. Patients with other serious physical diseases that could potentially confound the study’s outcomes or affect their
ability to participate.

Notably, SOT is defined as the exact time a patient first experiences AMI-related specific or non-specific symptoms,
not when symptoms worsen, are detected by family, or the patient arrives at the hospital. Even with temporary relief
followed by recurrence or worsening, SOT remains the time of initial symptom onset. We confirm SOT by inquiring
about the patient’s subjective initial symptom time, supplemented by verification with information from family members,
witnesses, or emergency medical personnel.

Data Collection and Definition of Outcomes

To identify predictors of decision-making delay in seeking medical care among patients with AMI, we first reviewed the
relevant literature.”' 2* After extensive discussion, the research team developed a standardized extraction form and
retrospectively collected the following variables from electronic health records: age, sex, marital status, household
income, educational level, medical-insurance coverage, health-awareness score, living alone, place of residence, history
of diabetes, previous myocardial infarction, hypertension, dyslipidaemia, other cardiac diseases, culprit vessel, Killip
class, AMI type, symptom-onset location, time of onset, activity at onset, intermittent symptoms, presence of a
companion during onset, pain intensity, typicality of symptoms, attribution of symptoms to cardiac origin, immediate
reaction to symptoms, perceived symptom severity, medications taken after onset, waiting for symptom disappearance,
bystanders’ reactions, Perceived Social Support Scale (PSSS) score,”® Chinese Acute Coronary Syndrome Response
Index (C-ACSRI) score,”® and Generalized Anxiety Disorder-7 (GAD-7) score.”’

Two researchers independently recorded data for accuracy. A third independent researcher collected cardiac-related
medical-seeking process data and conducted standardized face-to-face interviews for scale assessments. Researchers
conducting characteristic assessments were blinded to participants’ decision-making delay outcomes to minimize data
collection bias. Decision-making delay was defined as >1 hour from symptom onset to medical-seeking decision, a
threshold selected based on prior research linking such delays to poorer outcomes. The study followed reporting
guidelines for machine learning prediction models in biomedical research.”®

Ethics Approval

We conducted research involving human participants in accordance with the 2013 version of the Declaration of Helsinki.
The study was reviewed and approved by the Medical Ethics Committee of Hainan Medical University (HYLL-2023-
048), which determined that a verbal informed-consent process was acceptable for this protocol. Before conducting the
face-to-face interviews, we explained the purpose and significance of the study to all participants, obtained their verbal
informed consent, and assured them that all data would be used solely for scientific research, with strict confidentiality
and privacy protection. The Perceived Social Support Scale and Generalized Anxiety Disorder-7 employed in this study
are publicly accessible instruments. Written permission to use the Chinese Acute Coronary Syndrome Response Index
was obtained via e-mail from the scale’s developers.

Data Preprocessing

Data were initially managed with Excel 2021 and preprocessed using SPSS 26.0. Samples with >30% missing data were
excluded; for those with <30% missing data, imputation was performed by data type (mode for qualitative variables,
mean for quantitative variables). We encoded discrete variables using label encoding, which assigns a unique integer to
each category, facilitating their use in machine learning algorithms. To ensure comparability and improve the perfor-
mance of certain algorithms, we applied normalization methods to scale the data proportionally to the [0,1] range. This
process involved transforming the data so that all variables have similar scales and ranges, preventing any single variable
from dominating the model due to its scale.
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Training and Test Set Partitioning

Using R 4.2.1 (caret package, createDataPartition function), data were randomly split into training (70%) and test (30%)
sets. The training set was used for model development, while the test set served for unbiased evaluation of predictive
performance and generalization.

Predictor Selection and Classification Algorithms

For supervised learning-based binary classification of decision-making delay risk in AMI patients, feature selection was
performed using Elastic Net and Boruta algorithms—selected for their complementary strengths to enhance the robustness of
predictor identification. Elastic Net (a linear regularization method) balances the sparse feature generation advantage of LASSO
with the stability of ridge regression, effectively mitigating multicollinearity among variables; optimal penalty parameters were
determined via 10-fold cross-validation. Boruta, a random forest-based wrapper method, assesses feature importance by
comparing the performance of original features against permuted versions, excelling at capturing non-linear feature relevance.
Combining these two methods leveraged Elastic Net’s strengths in linear feature refinement and collinearity control with Boruta’s
superiority in identifying non-linear feature relationships, ensuring the final feature set (the intersection of results from both
algorithms) included only consistently important predictors. Six validated machine learning algorithms were used for model
construction (Random Forest, Support Vector Machine [SVM], XGBoost, Decision Tree, Logistic Regression, and Naive
Bayes), chosen for their proven efficacy in similar binary classification tasks for cardiovascular outcomes.

Model Optimization and Performance Evaluation

In the training set, we constructed models using the initial parameters of the six algorithms. To determine the optimal
parameter set, we employed hyperparameter optimization through grid search combined with 10-fold cross-validation.
Grid search systematically explored a predefined grid of parameter values to identify the combination that yielded the
best performance based on a specified metric. This approach, coupled with 10-fold cross-validation, helped prevent
overfitting by ensuring that the model’s performance was robust across different subsets of the data, thereby enhancing its
generalization to unseen data.

In the test set, we evaluated the predictive performance of the models by plotting confusion matrices and calculating
several metrics, including accuracy, precision, recall, F1 score, specificity, and negative predictive value, at the optimal
cutoff value. Additionally, we plotted ROC curves to assess the models’ discriminative power, with the primary
evaluation criterion being the Area Under the Curve (AUC) value, which we used to select the optimal risk prediction
model. To compare the clinical utility of the different models, we plotted Decision Curve Analysis (DCA) curves. We
further evaluated the model’s fit by plotting calibration curves and conducting the Hosmer-Lemeshow test, which
assesses the agreement between observed and predicted probabilities. Finally, we employed SHapley Additive
exPlanations (SHAP) to elucidate the impact of each feature in the model on the prediction outcome.

Statistical Analysis

We used Excel 2021 for data storage and management. General data processing was conducted using SPSS 26.0. For data
set partitioning, model development, and evaluation, we employed R (version 4.2.1) with several packages, including
caret for model training and evaluation, Metrics for performance metrics calculation, glmnet for regularized regression,
Boruta for feature selection, pROC for Receiver Operating Characteristic (ROC) analysis, tidyverse and dplyr for data
manipulation, rms for regression modeling, and ggpubr for data visualization.

We defined a decision time of >1 hour as delayed. For quantitative data, we assessed normality using the Shapiro—
Wilk test and visualized the data with histograms. Data that met or approximated a normal distribution were summarized
as mean * standard deviation (Mean + SD), and group comparisons were made using independent sample t-tests. For
skewed data, we used the median with the first and third quartiles (Median [P,s, P;s]) for description, and group
comparisons were conducted using the Wilcoxon rank-sum test. Qualitative data were expressed as rates [n(%)], and
group comparisons were performed using chi-square tests or Fisher’s exact probability calculation, depending on the
sample size and distribution.
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Results

We screened a total of 714 AMI patients. We excluded 67 patients who could not determine the onset time, 18 patients who
had difficulty communicating due to dialects, 31 patients who did not cooperate with the survey, and 4 patients deemed
unsuitable after a complex condition assessment. Ultimately, 594 participants were included in the study. Participants’ ages
ranged from 25 to 95 years, with an average age of 63.37 £ 12.37 years; 461 (77.61%) were male; 349 (58.75%) were ST-
segment Elevation Myocardial Infarction (STEMI) patients, and 245 (41.25%) were Non-ST Segment Elevation
Myocardial Infarction (NSTEMI) patients. The median decision time for all participants was 3.98 hours, with 367
(61.78%) experiencing a delay in medical decision-making. The median decision time for STEMI patients (1.02 hours)
was significantly shorter than that for NSTEMI patients (13.73 hours) (¢ = 84,580.5, P < 0.001), as shown in Table 1. The
incidence of delay in medical decision-making between the testing set (62.26%) and the training set (60.67%) was not
statistically significant (y? = 0.133, P = 0.716), indicating that the model training results were not affected by imbalanced
grouping categories. We collected a total of 35 features in this study. Due to missing data for the culprit vessel feature
(54.6% > 30%), this feature was excluded during data preprocessing, leaving a total of 34 features included in the study.
When comparing the baseline characteristics of the training and testing sets, the results showed that all 33 features, except
for the medication taken after onset, were not statistically significantly different between the two sets, as shown in Table 2.

Table 1 Current Status of Medical Decision-Making Delays in AMI Patients (n=594)

Item AMI Classification

STEMI NSTEMI t/x* P
Number of Cases (n) 594 349 245
Decision Time (hour) (Median [P,s, P75]) | 3.98 (0.50, 19.29) | 1.02 (0.36, 6.88) | 13.73 (1.98, 44.12) 423% <0.001
Delayed (n(%)) 367 (61.78%) 175 (50.14%) 192 (78.37%) 48.57* <0.001

Abbreviations: #, t value; ¥, 2 value.

Table 2 Comparison of Baseline Characteristics of AMI Patients in the Training and Test Sets (n(%)/(X £ s))

Item Training Set (n=416) | Test Set (n=178) thy? P
Age (years) 63.57+12.50 62.91+12.07 0.593° 0.553
Gender 2.848° 0.091
Male 315 (75.72%) 146 (82.02%)
Female 101 (24.28%) 32 (17.98%)
Marital Status 5.383° 0.146
Single 17 (4.09%) 8(4.49%)
Married 347 (83.41%) 159 (89.33%)
Divorced 20 (4.81%) 5(2.81%)
Widowed 32 (7.69%) 6(3.37%)
Education Level 7.493° 0.186
Elementary School or Below 91 (21.88%) 36 (20.22%)
Junior High School 113 (27.16%) 43 (24.16%)
High School/Technical School 127 (30.53%) 46 (25.84%)
College 64 (15.38%) 39 (21.91%)
Bachelor’s Degree 18 (4.33%) 10 (5.62%)
Master’s Degree or Above 3(0.72%) 4(2.25%)
Residence 0.949° 0.622
Urban 249 (59.86%) 102 (57.30%)
Town 90 (21.63%) 45 (25.28%)
Rural 77 (18.51%) 31 (17.42%)
(Continued)
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Table 2 (Continued).

Item Training Set (n=416) | Test Set (n=178) tly? P

Living Alone 3.828° 0.050
Yes 20 (4.81%) 16 (8.99%)

No 396 (95.19%) 162 (91.01%)

Average Monthly Household Income (CNY) 6.514° 0.089
<2000 126 (30.29%) 53 (29.78%)

2000-5000 200 (48.08%) 88 (49.44%)
5001-8000 83 (19.95%) 28 (15.73%)
>8000 7(1.68%) 9(5.06%)

Medical Insurance 2.850° 0.091
Yes 394 (94.71%) 162 (91.01%)

No 22 (5.29%) 16 (8.99%)

History of Myocardial Infarction 123 (29.57%) 52 (29.21%) 0.008° 0.931
Hypertension 201 (48.32%) 86 (48.31%) <0.001° 0.999
Diabetes 105 (25.24%) 54 (30.34%) 1.652° 0.199
Hyperlipidemia 135 (32.45%) 63 (35.39%) 0.485° 0.486
Other Heart Disease 145 (34.86%) 49 (27.53%) 3.043° 0.081

Health Awareness 3.053° 0.217
Seek Medical Attention When llI 80 (19.23%) 39 (21.91%)

Self-medicate When Unwell 249 (59.86%) 93 (52.25%)
Ignore discomfort, let it get better by itself. 87 (20.91%) 46 (25.84%)

Symptoms Upon Arrival 0.124° 0.725
Typical Symptoms 365 (87.74%) 158 (88.76%)

Other Symptoms 51 (12.26%) 20 (11.24%)

Pain Intensity (Numerical Rating Scale) 4.90%1.77 4.82+2.00 0.442° 0.659

Symptom Intermittency 0.097° 0.756
Yes 91 (21.88%) 41 (23.03%)

No 325 (78.13%) 137 (76.97%)

Location of Symptom Onset 6.391° 0.094

Home 232 (55.77%) 102 (57.30%)
Workplace 57 (13.70%) 19 (10.67%)
Outdoor Public Place 70 (16.83%) 21 (11.80%)

Other 57 (13.70%) 36 (20.22%)

Company at Symptom Onset 7.301° 0.063
Alone 65 (15.63%) 35 (19.66%)

With Family 223 (53.61%) 93 (52.25%)
With Friends or Colleagues 108 (25.96%) 34 (19.10%)
Other 20 (4.81%) 16 (8.99%)

Activity at Symptom Onset 4.676° 0.322
Resting/Sleeping 109 (26.20%) 45 (25.28%)

Engaging in Light Activity 159 (38.22%) 81 (45.51%)
Engaging in Moderate Activity 105 (25.24%) 40 (22.47%)
Engaging in Intense Activity 40 (22.47%) 10 (5.62%)
Emotional Excitement (eg, Anger, Arguments) 3(0.72%) 2(1.12%)

Reaction to Symptoms 1.793° 0.408
Relax or Ignore 109 (26.20%) 46 (25.84%)

Take Measures 249 (59.86%) 114 (64.04%)
Go to Hospital 58 (13.94%) 18 (10.11%)

Self-assessed Severity 1.936° 0.381
Not Serious/Will Pass 141 (33.89%) 66 (37.08%)

Serious but No Life Threat 187 (44.95%) 83 (46.63%)
Serious Issue and Potentially Life-Threatening 88 (21.15%) 29 (16.29%)
(Continued)
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Table 2 (Continued).

Moderate Anxiety

Severe Anxiety

19 (4.57%)
8 (1.92%)

13 (7.30%)
6 (3.37%)

Item Training Set (n=416) | Test Set (n=178) tly? P
Reaction of Others 0.708" 0.702
No Reaction/Not Informed 106 (25.48%) 51 (28.65%)
Non-medical Measures 206 (49.52%) 86 (48.31%)
Medical Measures 104 (25.00%) 41 (23.03%)
Disease Location Self-assessment 9.066° 0.170
Heart 182 (44.95%) 81 (45.51%)
Muscle 45 (10.82%) 14 (7.87%)
Lungs 42 (10.10%) 21 (11.80%)
Gastrointestinal 41 (9.86%) 28 (15.73%)
Teeth/Jaw 14 (3.37%) 3(1.69%)
Back/Shoulder/Spine 32 (7.69%) 7(3.93%)
Other 55 (13.22%) 24 (13.48%)
Medications Taken After Onset 10.671° 0.031
Cardiovascular 113 (27.16%) 34 (19.10%)
Antihypertensive 42 (10.10%) 20 (11.24%)
Stomach Medicine 21 (5.05%) 20 (11.24%)
Other 55 (13.22%) 21 (11.80%)
None 185 (44.47%) 83 (46.63%)
Late Hospital Arrival Reasons 1.600° 0.659
Came Without Hesitation 47 (11.30%) 19 (10.67%)
Believed Symptoms Would Ease 155 (37.26%) 65 (36.52%)
Night Onset/Delayed for Morning 67 (16.11%) 23 (12.92%)
Other 147 (35.34%) 71 (39.89%)
Type of Disease 0.083° 0.773
STEMI 246 (59.13%) 103 (57.87%)
NSTEMI 170 (40.87%) 75 (42.13%)
Symptom Onset Timing 0.755° 0.385
06:00-21:59 320 (76.92%) 131 (73.60%)
22:00-05:59 96 (23.08%) 47 (26.40%)
Killip Classification 4.398° 0.222
Class | 242 (58.17%) 119 (66.85%)
Class Il 101 (24.28%) 35 (19.66%)
Class Il 27 (6.49%) 7(3.93%)
Class IV 46 (11.06%) 17 (9.55%)
PSSS Score 70.51+6.04 69.75+7.21 1.332° 0.183
C-ACSRI Knowledge Score 6.59+3.11 6.52+3.02 0.258° 0.796
C-ACSRI Attitude Score 10.10+2.84 10.30+2.94 -0.797° 0.426
C-ACSRI Belief Score 15.08+3.25 15.48+3.29 -1.371* 0.171
GAD-7 Score 5.039° 0.169
No Anxiety 70 (16.83%) 37 (20.79%)
Mild Anxiety 319 (76.68%) 122 (68.54%)

Abbreviations: * t value; °

Generalized anxiety disorder-7.

: x% value; PSSS, Perceived Social Support Scale; C-ACSRI, Chinese Acute Coronary Syndrome Response Index; GAD-7,

Using the Elastic Net algorithm, we identified 19 significant features, as depicted in Figure 1. With the Boruta

algorithm, we identified 15 significant features, 17 insignificant features, and 2 features with intermediate importance, as

illustrated in Figure 2. By intersecting the results of these two methods, we derived 12 key features, as shown in Figure 3.

These key features include age, gender, education level, place of residence, household income, medical insurance status,
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Figure | Results of Feature Selection Using the EN Algorithm.

Figure 2 Results of Feature Selection Using the Boruta Algorithm.
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Table 3 Coding Table for Categorical Variables in the Model

Type

Variable Name

Value

Dependent Variable
Independent Variable

Delayed Outcome
Gender
Education Level

Place of Residence
Medical Insurance

Household Monthly Income Level

History of Diabetes

History of Myocardial Infarction
Type of Disease

Symptom Onset Timing

Killip Classification

0=No Delay, 1=Delay

0=Male, 1=Female

0=Elementary School or Below, |=Junior High School, 2=High School or Vocational/
Technical School, 3=College, 4=Bachelor’s Degree, 5=Master’s Degree or Above
0=Urban, 1=Town, 2=Rural

0=No, I=Yes

0=Less than 2000 CNY, 1=2000-5000 CNY, 2=5001-8000 CNY, 3=More than 8000
CNY

0=No, I=Yes

0=No, I=Yes

0=STEMI, 1=NSTEMI
0=06:00-21:59, 1=22:00-05:59
0=Class |, 1=Class Il, 2=Class lll, 3=Class IV

history of diabetes, history of myocardial infarction, pain severity, type of disease, time of symptom onset, and Killip
classification. The coding for categorical variables is detailed in Table 3.

In the training set, we trained six models: Random Forest, SVM, XGBoost, Decision Tree, Logistic Regression, and
Naive Bayes. We evaluated their predictive performance using the test set data. We visualized the confusion matrices for
each model’s predictions, as shown in Figure 4. We observed that the Random Forest, XGBoost, Decision Tree, and
Naive Bayes models exhibited high True Positive (TP) and True Negative (TN) rates, indicating good performance.
Specifically, the Random Forest model had a TP of 90% and a TN of 97%; XGBoost had a TP of 84% and a TN of 85%;
Decision Tree had a TP of 81% and a TN of 78%; and Naive Bayes had a TP of 83% and a TN of 76%.

We plotted the ROC curves for each model on the test set, as depicted in Figure 5. The Random Forest model
demonstrated the highest AUC value of 0.91[0.89—0.93], followed by Logistic Regression and XGBoost, both with AUC
values of 0.82[0.79-0.85]. We synthesized the predictive evaluation metrics for the six machine learning algorithms, as

A Confusion matrix B Confusion matrix C Confusion matrix
Delay1 24% Delay1 3% Delay1 34%

3 @ @
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o o @

3 3 S

o o o
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Figure 4 Confusion Matrices of the Models on the Test Set.(A) Logistic Regression Mo (B) Random Forest Mo (C) Support Vector Machine Mo (D) XGBoost Mo (E)
Decision Tree Mo (F) Naive Bayes Model.
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Figure 5 ROC Curves of the Models on the Test Set.

presented in Table 4. As shown in the table, the accuracy, precision, recall, F1 score, AUC, and specificity of all models
were above 0.70, indicating good predictive performance. Notably, the Random Forest and XGBoost models ranked in
the top two positions for accuracy, recall, F1 score, negative predictive value, and AUC.

We plotted the DCA curves for each model, as shown in Figure 6. The clinical net benefit of all six risk prediction
models was higher than intervening in all patients. The Random Forest model offered the greatest clinical net benefit,
with a probability range of approximately 0.04 to 0.90, followed by Logistic Regression and XGBoost. These results
suggest that the Random Forest and XGBoost models are particularly effective in predicting the risk of decision-making
delay in AMI patients, providing valuable insights for clinical decision-making.

Based on the AUC as the primary model evaluation metric, along with the predictive performance metrics of
accuracy, precision, recall, F1 score, and DCA, we ultimately selected the Random Forest model as the optimal
prediction model. We observed that the Random Forest model demonstrated superior performance in terms of its ability
to discriminate between classes, as well as its overall predictive accuracy and precision. Additionally, the model
exhibited a good balance between recall and precision, as indicated by its high F1 score. The DCA further supported
the clinical utility of the Random Forest model.

We plotted the calibration curve for the Random Forest model, as shown in Figure 7. The model’s predicted values
fluctuated around the ideal value, indicating good agreement between the predicted probabilities and the observed
outcomes. This observation, combined with the result of the Hosmer-Lemeshow test (P = 0.245, P > 0.05), suggests
that the Random Forest model fits the data well. The Hosmer-Lemeshow test assesses the goodness of fit of a logistic
regression model by comparing the observed and predicted probabilities. A P-value greater than 0.05, as obtained in this
study, indicates that there is no significant difference between the observed and predicted probabilities, suggesting an
adequate fit of the model.

We integrated the Random Forest model with the SHAP framework to elucidate the contribution of each feature
within the model and its impact on the risk of decision-making delay in AMI patients seeking medical care. The SHAP
framework is a powerful tool for explaining the output of machine learning models by attributing a value to each feature,
representing its contribution to the prediction. We present the global SHAP explanations in Figure 8. As shown in
Figure 8A, an increase in pain severity is associated with a decreased risk of decision-making delay in AMI patients.
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Table 4 Prediction

Evaluation of the Models on the Test Set

Algorithm

Accuracy
[95% CI]

Precision
[95% CI]

Recall
[95% CI]

Fl-score
[95% CI]

Specificity
[95% CI]

PPV
[95% CI]

NPV
[95% CI]

AUC
[95% CI]

Logistic Regression
Random Forest
SVM

XGBoost

Decision Tree
Naive Bayes

0.74 [0.71-0.77]
0.92 [0.90-0.94]
0.81 [0.78-0.84]
0.84 [0.81-0.87]
0.80 [0.77-0.83]
0.80 [0.77-0.83]

0.73 [0.70-0.76
0.89 [0.86-0.92]
0.91 [0.88-0.93]
0.84 [0.81-0.87]
0.80 [0.77-0.83]
0.83 [0.80-0.86]

0.82 [0.79-0.85]
0.98 [0.96-0.99]
0.80 [0.77-0.83]
0.92 [0.89-0.94]
0.88 [0.85-0.91]
0.85 [0.82-0.88]

0.77 [0.74-0.80]
0.93 [0.91-0.95]
0.85 [0.82-0.88]
0.88 [0.85-0.90]
0.84 [0.81-0.87]
0.84 [0.81-0.87]

0.65 [0.61-0.69]
0.8 [0.77-0.85]
0.82 [0.78-0.86]
0.73 [0.69-0.77]
0.67 [0.63-0.71]
0.73 [0.69-0.77]

0.73 [0.70-0.76]
0.89 [0.86-0.92]
091 [0.88-0.93]
0.84 [0.81-0.87]
0.80 [0.77-0.83]
0.83 [0.80-0.86]

0.76 [0.72-0.79]
0.97 [0.95-0.99]
0.66 [0.62-0.70]
0.85 [0.82-0.88]
0.78 [0.74-0.81]
0.76 [0.72-0.79]

0.82 [0.79-0.85]
0.91 [0.89-0.93]
0.78 [0.75-0.81]
0.82 [0.79-0.85]
0.78 [0.74-0.81]
0.79 [0.76-0.82]
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Figure 6 DCA Curves of the Models on the Test Set.(A) Logistic Regression Mo (B) Random Forest Mo (C) SVM Mo (D) XGBoost Mo (E) Decision Tree Mo (F) Naive
Bayes Model.
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Figure 7 Calibration Curve of the Random Forest Model on the Test Set.

Conversely, the risk of decision-making delay is higher in patients with NSTEMI, first-time myocardial infarction, older
age, lower education level, female gender, residence in rural or suburban areas, lower Killip classification, onset of
symptoms between 22:00-05:59, history of diabetes, lack of medical insurance, and lower economic status.
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Figure 8 Analysis Results of the Random Forest Model Combined with the SHAP Explainability Framework.(A) Global SHAP Explanation; (B) Feature Importance Ranking;
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The importance of input features, ranked by the magnitude of their SHAP values, is depicted in Figure 8B. The
primary contributing features, ordered from highest to lowest SHAP values, are as follows: pain severity (0.103), type of
disease (0.079), history of myocardial infarction (0.063), age (0.058), education level (0.045), gender (0.035), place of
residence (0.034), Killip classification (0.028), time of symptom onset (0.028), history of diabetes (0.024), medical
insurance status (0.018), and household income level (0.012). Among these, pain severity, type of disease, and history of
myocardial infarction are the three features with the greatest impact on the prediction of decision-making delay risk in
AMI patients.

Additionally, we provided a typical example to demonstrate the model’s interpretability, as shown in Figures 8C and
D. The SHAP feature dependence plot is presented in Figure 9, illustrating the top ten main contributing features in the
model. As depicted in the figure, the SHAP values for Pain and Age exhibit complex nonlinear relationships with the risk
of decision-making delay in seeking medical care for AMI patients. Specifically, with an increase in the pain index, the
risk of decision-making delay initially rises and then persistently declines. Similarly, with advancing age, the risk of
decision-making delay first increases, then decreases, and subsequently continues to rise. These findings suggest that the
relationship between certain features and the risk of decision-making delay is not straightforward and may involve
multiple interacting factors, highlighting the importance of considering these complex dynamics in clinical decision-

making and intervention strategies.

International Journal of General Medicine 2026:19 https: 13



Liu et al

A [ B ]c D E
Pain | 0.103 ¢ cme @cse  © cogEREegiPte !E o 34
£y . | A
ot 5 . w
< te ¥ | s
Type | 0.079 * cutiRian- £ .4 o IS A ]
e = 1 E < v %3
8 s 8 801 "\ o @ ¢
o . o o S
Recurrent_MI | 0.063 ——— o E | E: 5, 12 oy |2
g ) s a N 3
a 00 E N . s
£ S s E o N
Age | 0.058 1 e s ¢ O e smmtue 60D « : 2] e o o 3 s .
- i IO 7 2] .
® .3 it
f g N
Education | 0.045 o masn @ e : H . :
10 i
00 25 60 75 1 25 0 1.0 2 075 1 0 6 o 2 H
Gender | 0.035 somatbhmmence Pain Type Recurrent_MI Age Education
Y L \g
F ]G . 4 H 1 Al 3
Location | 0.034 8l un 1 H i I H b
i ! | i
. - 3 0 % @ 1
Killip | 0.028 mw—ney _8 S / a g %
2 s g L 2 2
I 5
8 / 8 /1 ) % i & | =
35, 5 / |5 1|2 H .
Period | 0.028 s i 5o N F 3
y S g il >
o o
< < T HEES 2
Diabetes | 0.024 [ - I < % Y I
% F i o z ]
o
!
-0.2 0.0 02 3
SHAP value (impact on model output) ! )
— T 050 L——————— 0 1 L—
Feature value | 0,00 025 050 075 1.00 > 05 10 15 20 HE 50025 050 075 1.0 000025050075 100
Law: Hih Gender Location Killip Period Diabetes

Figure 9 Global and Feature Dependence Diagrams of the Random Forest Model Combined with the SHAP Explainability Framework.The left side of the figure shows the
global SHAP explanation; the right side shows the impact of various features in the model on the risk of decision-making delay for AMI patients: (A) Pain; (B) Disease Type;
(C) History of Myocardial Infarction; (D) Age; (E) Education Level; (F) Gender; (G) Place of Residence; (H) Killip Classification; (I) Symptom Onset Timing; (J) History of
Diabetes.

Discussion
Decision-making delay in seeking medical care is a critical issue for patients with AMI, as timely treatment is essential
for improving outcomes. Over the past two decades, the establishment and development of regional collaborative rescue
systems have significantly reduced the time between the first medical contact and reperfusion of the infarct-related artery
for AMI patients. However, the time from symptom onset to the first medical contact has not shown similar
improvements.”” Approximately 78% of patients with coronary heart disease die outside the hospital due to lack of
timely treatment.’® The American Heart Association recommends that AMI patients seek treatment within 1 hour of
symptom onset.’! This study found that the median time for AMI patients to make medical decisions was 3.98 hours.
Compared with recent international studies, this decision time is significantly longer than what has been reported in
developing countries. A study in Dhaka, Bangladesh, showed that the median decision time from symptom onset to
deciding to seek medical care was 3.0 hours, while the total pre-hospital delay was 11.5 hours.'® A study in Chongqing,
China, further confirmed the significant impact of health literacy on decision delay, finding that AMI patients with
inadequate health literacy had a median decision delay of 3 hours, whereas those with adequate health literacy had a
significantly shorter decision time.** It is worth noting that definitions of decision delay vary across studies. This study
defines decision time as the interval from symptom recognition to the decision to seek medical care, which is consistent
with the definition used in the Bangladesh study. However, the Chinese study adopted a stricter cutoff of 60 minutes for
decision delay and found that 62.2% of AMI patients experienced decision delay. Such differences in definitions may
partly explain the observed variations in decision times. Despite variations in reported delay times across studies, the
consistent theme is the widespread phenomenon of decision-making delay among AMI patients. This delay has
significant implications for patient outcomes, as it can lead to increased morbidity and mortality due to prolonged
ischemia. The findings underscore the need for targeted interventions to reduce pre-hospital delay and improve patient
awareness and response to AMI symptoms.

This achievement directly addresses our primary objective of developing an interpretable, machine-learning-based
tool to identify high-risk individuals for decision delay in AMI. Our study successfully developed a risk prediction model
for decision-making delays in AMI patients using six machine learning algorithms, with the Random Forest algorithm

demonstrating superior predictive performance. This finding underscores the effectiveness of machine learning models in
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capturing complex interactions and nonlinear associations compared to traditional regression models, potentially redu-
cing prediction performance drift over time.***** Our finding that pain severity, disease type, and previous myocardial
infarction history are the strongest predictors of decision delay is consistent with existing literature. Granot Met al
demonstrated an inverse independent association between chest pain intensity and prehospital delay in STEMI patients.>”
Félun Net al noted that severe chest pain triggered immediate help-seeking, while milder symptoms were
underestimated.’® Regarding disease type, Bauer Det al and Hu DQet al reported shorter delays in STEMI than
NSTEMI due to more salient symptoms).”*” Additionally, Hu DQet al identified prior myocardial infarction as an
independent predictor of early presentation, as patients with prior myocardial infarction possess greater disease
awareness.” Collectively, these studies validate our results, highlighting that pain severity signals urgency, disease type
shapes symptom salience, and previous myocardial infarction history enhances care-seeking promptness—collectively
explaining decision delay variability in acute coronary syndrome patients.

Having established that our Random-Forest model ranks pain severity, disease type and prior MI as the top three drivers
of decision delay, we next asked whether these gradients remain robust under external shocks and what modifiable levers
could narrow the gap. Unexpectedly, real-world evidence indicates that the STEMI-NSTEMI gradient is preserved even
when systemic access to care is uniformly constrained. During the COVID-19 surge in Korea, NSTEMI presentations fell
18% more than STEMI presentations, while their symptom-to-door time lengthened from 310min to 512min; consequently,
in-hospital cardiac arrest and mortality in NSTEMI rose 3.9- and 7.7-fold, respectively, whereas STEMI outcomes
remained unchanged.*® These data corroborate our model’s prediction that disease type acts as an independent throttle
on decision speed. Mechanistically, the lower chest-pain salience of NSTEMI widens the “perceived-urgency gap”. In a
European cohort of suspected STEMI, every 1-point increase on a 0—10 pain scale shortened EMS activation time by 7%,
and a prior MI history shortened it by 18%.*° Similarly, patients experiencing a second MI waited only 90 min before
calling for help—half the delay of first-ever MI (180min)—because symptom familiarity dispelled uncertainty.*’
Conversely, the fluctuating and milder discomfort typical of NSTEMI prolongs “watchful waiting” by an average of
2.1h compared with STEMI.*' Importantly, these drivers are modifiable. Hong Kong data show that “perceived barriers to
care” explain nearly 50% of the variance in delay, whereas higher symptom typicality and congruence with prior experience
halve it.® Embedding our model into pre-hospital triage apps or brief health-literacy interventions could therefore convert
its discriminative advantage into faster EMS activation and shorter door-to-balloon times.

In the clinical context, machine learning models often face the challenge of poor interpretability, commonly referred to as
the “black box” problem. To address this issue, researchers have developed SHAP, which effectively explains the contribution
of each feature within a model and visualizes the decision-making capabilities of the selected model.**** SHAP has been
widely applied in the interpretation of machine learning models across various fields, including medicine,** ™ reliability

4748 and production management,* providing a scientific basis for intervention practices. In this study, we are the

engineering,
first to utilize SHAP values and their visualization in a model predicting the risk of delayed medical decision-making in
patients with AMI. The SHAP global explanation graph intuitively demonstrates the impact of model features on the risk of
delayed medical decision-making and the importance and ranking of features within the model. The SHAP feature dependence
plot effectively illustrates the correlation between the values of each feature variable and the assessment of the risk of delayed
medical decision-making. Specifically, pain and age exhibit a complex nonlinear relationship with the risk of delayed medical
decision-making in AMI patients. Clinically, this non-linear phenomenon manifests as a paradoxical increase in delay risk at
low-to-moderate pain levels, where patients often misattribute symptoms to non-cardiac causes (such as indigestion or
musculoskeletal pain) and adopt a “wait-and-see” attitude. In contrast, severe pain more reliably triggers urgent help-seeking
behavior because it overrides attribution uncertainty. This behavioral pattern reflects a threshold effect in risk perception,
whereby symptoms must exceed a subjective severity ceiling before patients perceive a cardiac emergency. The low-to-
moderate pain subgroup represents a high-risk blind spot that routine triage may underestimate. Therefore, targeted patient
education should emphasize that low-to-moderate, persistent chest pain requires immediate evaluation rather than observation.
Age further modulates this relationship—older adults with higher pain thresholds or multiple comorbidities may under-
estimate low-to-moderate pain, while younger patients may delay treatment due to competing life pressures. This complexity
may also be attributed to differences in pain perception thresholds and accompanying symptoms across individuals,*® as well
as variations in life pressures, attention to health, and number of comorbid chronic diseases among different age groups. By
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presenting each sample’s SHAP risk value, we can guide personalized and proactive management strategies, thereby enabling
precision guidance and prevention.*>%! To facilitate real-world integration, we propose a phased implementation roadmap:
(1) embed the Random Forest model into EMS dispatch software as a risk-alert module; (2) pilot it in 2-3 regional PCI-
capable centers with feedback loops for paramedics and emergency physicians; (3) scale to community health apps with
patient-facing symptom checkers.

However, several limitations of the present study should be acknowledged when interpreting our findings. First,
although we conducted on-site interviews within 48 hours of patient admission, recall bias constitutes an unavoidable
potential source of bias, as patients’ memories of events may not be entirely accurate. Second, the study did not collect
data on patients who died or were hemodynamically unstable before reaching the hospital, which could impact the
analysis and interpretation of the results. Additionally, the retrospective study design inevitably introduced inherent
biases, including selection bias and information bias; for instance, some critical clinical variables might have been
incompletely recorded in the medical charts, which could have confounded the associations between predictors and
delayed medical decision-making in patients with AMI. Moreover, the study population was recruited from a limited
geographic area, where demographic characteristics, healthcare-seeking behaviors, and clinical management strategies
for AMI were relatively homogeneous. These regional peculiarities may not be representative of populations from other
ethnic backgrounds, socioeconomic strata, or healthcare systems with different diagnostic and treatment protocols.
Therefore, the external validity of our findings requires further verification in multi-center, cross-regional, and ethnically
diverse cohorts. Likewise, future prospective studies with standardized data collection procedures are also warranted to
validate the robustness of the proposed risk prediction model and mitigate the limitations of the retrospective design.

Conclusion

This study highlights the critical issue of delayed medical decision-making among patients with AMI. Our findings
demonstrate that the Random Forest model, a machine learning-based approach, offers the most accurate and reliable
predictions for the risk of delayed medical decision-making in these patients. This model’s effectiveness can be attributed
to its ability to capture complex interactions and nonlinear relationships between variables, which are often not
adequately addressed by traditional prediction techniques. In the era of artificial intelligence and big data, machine
learning emerges as a powerful and reliable alternative to conventional methods for predicting clinical outcomes. The
application of machine learning in this context has the potential to significantly improve the early identification of high-
risk patients, facilitating timely interventions and enhancing overall patient care. Future research should continue to
explore the integration of advanced machine learning algorithms with clinical data to further refine predictive models and
optimize decision-making processes in cardiovascular medicine.
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