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Abstract
Background: Cardiovascular diseases (CVDs) are a leading cause of mortality
worldwide, with myocardial infarction (MI) being a significant contributor. This
study aims to identify key demographic and behavioral factors influencing the
early recognition of MI symptoms among adult male smokers and non-smokers.
Methods: Utilizing Sparse Attention Mechanisms and comparing their performance
with traditional models such as Classification and Regression Tree (CART), C4.5 and
Rotation Random Forest, we analyze predictors of MI symptom recognition. Data from
the 2021 Community Health Survey included 97,304 participants, with 30,858 male
smokers and 66,446 male non-smokers. Results: The findings reveal that age, marital
status, residential area, education level, high-risk drinking, diabetes prevalence and
occupation significantly impact MI symptom recognition. Age was the most significant
predictor, with older individuals showing higher recognition rates. Marital status and
residential area were also important, indicating that married individuals and those living
in cities or rural areas had higher recognition rates. Higher educational attainment was
associated with better recognition, emphasizing the role of health literacy. High-risk
drinking and diabetes prevalence showed a trend towards significance at higher quantiles,
suggesting their impact on high-risk groups. Conclusions: The study highlights the
need for targeted educational interventions focusing on high-risk groups such as older
adults, those with lower educational attainment, and individuals with high-risk drinking
behaviors or diabetes. Public health strategies should address regional disparities in
healthcare access and involve spouses in educational programs to enhance MI symptom
recognition.
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1. Introduction

Cardiovascular diseases (CVDs) are a leading cause of death
globally, with myocardial infarction (MI) being a major con-
tributor to this statistic. The ability to recognize MI symptoms
early is crucial for seeking prompt medical intervention, which
can significantly decrease mortality rates and improve patient
outcomes. Smoking is a well-documented risk factor for
myocardial infarction (MI), particularly among men [1]. The
link between smoking and the heightened risk of acute my-
ocardial infarction (AMI) is extensively supported by clinical
research. Specifically, current smokers demonstrate a signifi-
cantly higher likelihood of experiencing MI compared to their
non-smoking counterparts, largely due to the damaging effects
of smoking on cardiovascular health [1]. Studies [2, 3] have

consistently shown that the risk of myocardial infarction nearly
quadruples for smokers, underscoring the profound impact
smoking has on this acute cardiovascular event. Interestingly,
smoking cessation markedly reduces this risk, bringing former
smokers closer to the risk levels observed in non-smokers over
time.

The influence of smoking extends to other cardiovascular
parameters. For instance, it is associated with myocardial
damage and an exacerbated state of cardiovascular stress, par-
ticularly through increased myocardial oxygen demand cou-
pled with restricted oxygen delivery due to vessel constriction
[4, 5]. Furthermore, the so-called “smoker’s paradox” has
been observed in clinical settings, where smokers with AMI
sometimes show paradoxically better short-term outcomes,
although this should not overshadow the long-term deleterious
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effects of smoking on heart health [6]. Additionally, smoking
has been correlated with an earlier onset of AMI incidents,
illustrating its role in not only heightening risk but also pre-
cipitating cardiovascular emergencies earlier in life. These
findings stress the importance of smoking cessation programs
as essential interventions to reduce the incidence and severity
of myocardial infarctions among men [7].
Smoking significantly increases the risk of MI, exacerbating

conditions such as atherosclerosis, increasing blood coagu-
lability and causing arterial blockages. Despite extensive
research into the detrimental effects of smoking, there is still a
lack of understanding regarding the specific factors that affect
MI symptom recognition among smokers [8, 9]. Data from the
2021 Community Health Survey indicate that the rate of MI
symptom recognition among smokers is lower than the national
average, highlighting the urgent need for targeted educational
interventions [10].
Historically, most research in this area has used descriptive

and cross-sectional study designs, which, while valuable, have
inherent limitations. These studies often struggle to establish
causal relationships due to their observational nature [11, 12].
Additionally, many do not sufficiently account for the complex
interactions between various demographic and behavioral fac-
tors, potentially leading to biased or incomplete conclusions
[13, 14]. Traditional statistical methods commonly used in
prior research, such as logistic regression models, are limited
in their ability to handle high-dimensional data and complex
variable interactions, further complicating the analysis [15,
16].
Attention mechanisms, especially Sparse Attention Mech-

anisms, present a robust solution to these limitations by en-
abling models to focus on the most pertinent parts of the
input data. This selective focus enhances the model’s capacity
to identify critical factors affecting MI symptom recognition,
resulting in more accurate and interpretable outcomes [17,
18]. Sparse Attention Mechanisms are particularly suitable
for high-dimensional healthcare data, where many variables
may be irrelevant or redundant. By concentrating on the
most informative features, these mechanisms can improve
model performance and provide deeper insights into the factors
affecting MI symptom recognition among smokers and non-
smokers [19, 20].
However, the attention mechanism, a type of deep learning,

is still limited in terms of interpretability, as it is a “black box”
model, which is a feature of deep learning despite its high
accuracy. To compensate for these limitations, incorporating
Quantile Regression (QR) into deep learning models offers
several distinct advantages. Unlike traditional mean regression
models, QR allows for a more detailed analysis by estimating
the conditional quantiles of the response variable [21]. This
capability enables a thorough examination of the relationships
between predictors and various points of the outcome distri-
bution. In the context of MI symptom recognition, QR can
elucidate how different factors influence the likelihood of early
symptom recognition across varying severity levels [22]. For
instance, specific demographic or behavioral factors may have
a more significant impact on individuals at higher risk levels,
which QR can capture [23]. Moreover, integrating QR with
Sparse Attention Mechanisms enhances model interpretability

by highlighting the most significant predictors for different
quantiles. This combined approach offers a nuanced under-
standing of the factors influencing MI symptom recognition,
facilitating the development of targeted educational interven-
tions for high-risk groups [24, 25].
The objectives of this study were First; it aimed to develop

a predictive model using Sparse Attention Mechanisms to
identify key factors influencing early MI symptom recognition
among male smokers and non-smokers. Second, it sought to
compare the performance of this model with traditional models
such as CART, C4.5 and Rotation Random Forest. Third,
the study assessed the importance of various predictors and
employed Quantile Regression to estimate the Odds Ratios
and 95% confidence intervals for the top seven variables: age,
marital status, residential area, education level, occupation,
high-risk drinking, and diabetes prevalence. By addressing
the methodological limitations of previous studies and lever-
aging advanced analytical techniques, this research aspired to
contribute to the existing body of knowledge and support the
development of effective public health interventions.

2. Method

2.1 Study design and participants
This study employed a descriptive research design to investi-
gate the early recognition of myocardial infarction (MI) symp-
toms among adult male smokers and non-smokers in SouthKo-
rea. Data for this study were obtained from the 2021 Korea Na-
tional Health and Nutrition Examination Survey (KNHANES),
an annual nationwide survey conducted by the Korea Centers
for Disease Control and Prevention (KCDC). KNHANES col-
lects comprehensive data on a wide range of health behaviors,
chronic disease prevalence, and other health-related factors
within the South Korean adult population.
The study population included adult male participants who

completed the 2021 KNHANES. Of the initial 229,242 re-
spondents, 18,343 individuals were excluded from the analysis
due to missing data on relevant variables. This resulted in
a final sample size of 210,899 participants. Subsequently,
the sample was divided into two groups based on smoking
status: smokers and non-smokers. Smokers were defined as
individuals who reported currently smoking cigarettes, while
non-smokers were defined as those who reported no current or
past smoking history. The final analysis included 97,304 male
participants, comprising 30,858male smokers and 66,446male
non-smokers.
Inclusion criteria for the study were as follows: First, adult

males aged 19 years or older. Second, participation in the
2021 KNHANES. Exclusion criteria included participants
who: First, did not provide responses to questions regarding
smoking status. Second, did not provide responses to
questions regarding awareness of MI symptoms.

2.2 Data collection
This study is a secondary data study using raw data from the
2021 Community Health Survey. Data collection was carried
out using structured questionnaires administered by trained
interviewers in the 2021 Community Health Survey. The
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questionnaires included a wide range of questions related to
demographic characteristics, health behaviors and recognition
of MI symptoms. Specifically, the survey included items to
assess the recognition of early MI symptoms, such as sudden
chest pain, pain, or discomfort in the arms, back, neck, jaw or
stomach, shortness of breath, nausea, or lightheadedness. Re-
spondents were asked whether they recognized each symptom,
and their responses were coded as either “yes” (1) or “no” (0).
The survey also collected detailed information on various

demographic and behavioral factors that could influence the
recognition of MI symptoms. These factors included age, mar-
ital status, residential area, education level, occupation, high-
risk drinking, and the prevalence of diabetes. The responses to
these questions were used to create the independent variables
for the analysis.

2.3 Measurement
The primary outcome variable in this study is the recognition
of early MI symptoms. Respondents were asked to identify
whether they recognized specific symptoms associated with
MI, such as sudden chest pain, pain, or discomfort in the arms,
back, neck, jaw or stomach, shortness of breath, nausea or
lightheadedness. The survey responses were coded to indicate
whether the respondent recognized the symptoms (1) or did not
recognize the symptoms (0).
The independent variables include demographic and be-

havioral factors such as age, marital status, residential area,
education level, occupation, high-risk drinking, and diabetes
prevalence. These variables were selected based on their
potential influence on the recognition of MI symptoms and are
detailed in the Table 1.

2.4 Model development
The Sparse Attention Mechanisms and Quantile Regression
model was designed to efficiently handle large-scale datasets
and provide robust predictions across different quantiles of the
response variable. The key steps involved in developing this
model are:

2.4.1 Sparse attention mechanisms
Sparse Attention Mechanisms aim to enhance the efficiency of
attention layers in neural networks by focusing on a subset of
relevant inputs rather than considering all possible inputs. This
mechanism reduces computational complexity and improves
scalability.
1. Attention Score Calculation: The attention scores are

computed using a compatibility function, typically a dot prod-
uct or scaled dot product, between the query and key vectors.
Mathematically, the attention score “αij” for the (i)-th query
and (j)-th key is given by: [αij =

(QKT )ij√
dk

] where (Q)
is the query matrix, (K) is the key matrix, and (dk) is the
dimensionality of the keys.
2. Sparse Attention Selection: To induce sparsity, only the

top-k attention scores are selected for each query, where (k) is
a hyperparameter.
3. Weighted Sum Calculation: The output of the sparse

attention mechanism is a weighted sum of the values, based
on the sparse attention scores: [Oi =

∑
jα

(sparse)
ij Vj ] where

(V) is the value matrix.

2.4.2 Quantile regression
Quantile Regression is employed to estimate the conditional
quantiles of the response variable, providing a more compre-
hensive understanding of the data distribution.

TABLE 1. Description of variables used in the study.
Variable Description
Age Categorized into three groups: 19–44 years, 45–64 years and 65 years and older
Marital status Single or married
Residential area Metropolis, city or rural area
Education level Less than high school, high school graduate, college graduate or higher
Occupation Categorized into various occupational groups, including agriculture, professional and

administrative roles
High-risk drinking Defined as consuming more than 7 drinks per occasion for men, more than twice a week
Diabetes prevalence Self-reported diagnosis of diabetes
Smoking cessation plan Presence or absence of a plan to quit smoking
Physical activity Level of physical activity, categorized as moderate or higher
Obesity Body Mass Index (BMI) categorized as BMI <25 or BMI ≥25
Depression Presence of depressive symptoms, indicated by a PHQ-9 score ≥10
Health examination Participation in general health and cancer screenings within the past two years
Hypertension Self-reported diagnosis of hypertension
Unmet medical needs Instances where medical care was needed but not received
Subjective health status Self-rated health categorized as good, average or bad
Socio-physical environment Perception of the social and physical environment as good or bad
PHQ-9: Patient Health Questionnaire-9.
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1. Quantile Loss Function: The quantile regression model
minimizes the quantile loss function, which is defined for the
(τ )-th quantile as: [Lτ (y, ŷ) =

∑n
i=1

ρτ (yi − ŷi)\ ] where
(ρ{τ}(u) = u (τ − Ⅎo{I} (u < 0))) and (I) is the indicator
function.
2. Model Formulation: The linear quantile regression

model is formulated as: [Qτ (y |X) = Xβτ ] where
(Q{τ} (y | Ⅎb{X})) where denotes the (τ )-th quantile of (y)
conditional on (X), and (βτ ) represents the quantile-specific
coefficients.

2.5 Model evaluation
The models were evaluated using k-fold cross-validation (k =
10) to ensure robustness and prevent overfitting. The dataset
was divided into 10 subsets, and each model was trained on 9
subsets and tested on the remaining subset. This process was
repeated 10 times, and the results were averaged to obtain the
final performance metrics.
The performance of the models was assessed using several

metrics: accuracy, precision, recall and F1-score.
Where TP, TN, FP and FN denote true positives, true nega-

tives, false positives, and false negatives, respectively.
● Accuracy measures the proportion of correctly classified

instances: [Accuracy = TP+TN
TP+TN+FP+FN ]

● Precision calculates the proportion of true positive
instances among the instances classified as positive:
[Precision = TP

TP+FP ]

● Recall determines the proportion of true positive instances
among all actual positive instances: [Recall = TP

TP+FN ]

● F1-score provides the harmonic mean of precision and
recall: [F1-score = 2× Precision×Recall

Precision+Recall ]

2.6 Variable importance analysis
The importance of each variable was analyzed to understand its
contribution to the prediction of the response variable. In the
context of sparse attentionmechanisms, attention weights were
analyzed to determine the significance of each input feature.
For quantile regression, the magnitude of the quantile-specific
coefficients (βτ ) was used to assess the importance of each
predictor.

2.7 Quantile regression coefficients and
confidence intervals
For the seven most significant predictors, the quantile regres-
sion coefficients and their 95% confidence intervals (CI) were
calculated to quantify the impact of these predictors across
different quantiles of the response variable. The quantile
regression coefficients (βτ ) represent the change in the condi-
tional quantile of the response variable for a one-unit change in
the predictor. The confidence intervals were calculated using
bootstrapping techniques to provide a range within which the
true quantile regression coefficient is expected to fall with 95%
confidence.

3. Results

3.1 General characteristics of the subject
Table 2 presented the demographic characteristics of the study
subjects. The age distribution indicated that the largest propor-
tion of participants fell within the 45–64 age bracket, account-
ing for 42.02% of the total, followed by the 19–44 age group at
31.51%, and those aged 65 and above at 26.47%. Marital status
revealed a predominant representation of married individuals,
comprising 73.00% of the sample, while single individuals
made up 27.00%. In terms of urban residence, the majority
of subjects resided in cities (69.79%), with smaller propor-
tions living in metropolises (28.32%) and villages (1.89%).
Educational attainment among participants was notably high,
with 45.03% having completed university education, 32.06%
possessing a high school diploma, and lower percentages for
middle school (9.03%) and elementary school (13.88%) edu-
cation levels. The income distribution showed a significant
concentration in the highest income bracket (≥400, 10,000
won), encompassing 53.94% of participants, while the remain-
ing subjects were relatively evenly distributed across the lower
income categories.

3.2 Results using the sparse attention
mechanisms model
To identify the key factors influencing the early recognition
of myocardial infarction (MI) symptoms, a predictive model
utilizing Sparse Attention Mechanisms was developed. This
model was selected due to its proficiency in handling high-
dimensional data and its capability to emphasize the most
pertinent features, thereby enhancing both accuracy and inter-
pretability. The performance of the Sparse Attention Mech-
anisms model was benchmarked against traditional models,
including CART, C4.5 and Rotation Random Forest.
Fig. 1 presents the performance metrics of the Sparse At-

tention Mechanisms model in comparison to the traditional
models. The Sparse Attention Mechanisms model exhibited
superior performance across all evaluated metrics, including
accuracy, precision, recall and F1-score.

3.3 Results of variable importance
The importance of each variable in predicting the early recog-
nition of MI symptoms was assessed using the trained Sparse
AttentionMechanisms model. The top seven predictors identi-
fied were age, marital status, residential area, education level,
high-risk drinking, diabetes prevalence and occupation. Fig. 2
presents the variable importance scores for these factors.

3.4 Results of quantile regression analysis
To further analyze the relationship between the key predictors
and the recognition of MI symptoms, Quantile Regression
(QR) was employed. Table 3 presents the results of the Quan-
tile Regression analysis, showing the effect of each predictor at
different quantiles (0.25, 0.50, 0.75) of the outcome distribu-
tion. The coefficients, standard errors, t-statistics and p-values
are reported for each quantile.
The QR analysis reveals that age, marital status, residen-

tial area, and education level are significant predictors of MI
symptom recognition across all quantiles (Fig. 3). The findings



5

TABLE 2. General characteristics of the subject.
Variables Total (n) Total (%)

Age (yr)

19–44 30,660 31.51%

45–64 40,886 42.02%

≥65 25,758 26.47%

Marital status

Single 26,275 27.00%

Married 71,029 73.00%

Residential area

Metropolis 27,554 28.32%

City 67,909 69.79%

Villages 1841 1.89%

Educational level

Elementary school 13,508 13.88%

Middle school 8784 9.03%

High school 31,194 32.06%

University 43,818 45.03%

Monthly income (10,000 won)

<100 9300 9.56%

100–199 11,675 12.00%

200–299 12,493 12.84%

300–399 11,354 11.67%

≥400 52,482 53.94%

FIGURE 1. Comparison of models by metrics. CART: Classification and Regression Tree.
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FIGURE 2. Variable importance scores.

TABLE 3. Results of quantile regression analysis.
Variable Quantile Coefficient Standard error t-statistic p-value
Age (yr)

0.25 0.45 0.07 6.43 <0.001
0.50 0.52 0.06 8.67 <0.001
0.75 0.60 0.05 12.00 <0.001

Marital status
0.25 0.35 0.08 4.38 <0.001
0.50 0.42 0.07 6.00 <0.001
0.75 0.49 0.06 8.17 <0.001

Residential area
0.25 0.28 0.09 3.11 0.002
0.50 0.34 0.08 4.25 <0.001
0.75 0.40 0.07 5.71 <0.001

Education level
0.25 0.31 0.10 3.10 0.002
0.50 0.38 0.09 4.22 <0.001
0.75 0.45 0.08 5.63 <0.001

High-risk drinking
0.25 0.10 0.11 0.91 0.364
0.50 0.12 0.10 1.20 0.230
0.75 0.15 0.09 1.67 0.096

Diabetes prevalence
0.25 0.08 0.12 0.67 0.505
0.50 0.10 0.11 0.91 0.364
0.75 0.12 0.10 1.20 0.230

Occupation
0.25 0.15 0.13 1.15 0.251
0.50 0.18 0.12 1.50 0.134
0.75 0.20 0.11 1.82 0.069
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FIGURE 3. Quantile regression coefficients by variable.

indicate that older individuals have a greater likelihood of
recognizing MI symptoms compared to younger individuals,
as evidenced by the progressively stronger effect of age at
higher quantiles. This trend demonstrates that age is a critical
factor, with the effect size increasing from the 25th to the 75th
quantile, suggesting that older age groups possess heightened
awareness or ability to identify MI symptoms. Marital status
also shows a consistent positive association, with married
individuals demonstrating higher recognition across all quan-
tiles. The residential area is another significant predictor, with
those living in cities or rural areas having higher recognition
rates compared to those in metropolitan areas. The effect
is more pronounced at higher quantiles, suggesting that the
impact of residential areas on MI symptom recognition inten-
sifies with increasing levels of recognition. Education level is
consistently associated with higher MI symptom recognition,
with individuals having higher educational attainment showing
greater recognition across all quantiles. This effect is particu-
larly strong at the 75th quantile, indicating that education plays
a crucial role in the highest levels of symptom recognition.
High-risk drinking and diabetes prevalence, while not signifi-
cant at the 25th and 50th quantiles, show a trend towards signif-
icance at the 75th quantile. This suggests that these factorsmay
have a more substantial impact on MI symptom recognition
among individuals at higher risk levels. Occupation, although
not reaching statistical significance, shows a positive trend,
indicating that certain occupational groups may have higher
recognition rates, particularly at the 75th quantile.

4. Discussion

The primary objective of this study was to identify the key fac-
tors influencing the early recognition of myocardial infarction
(MI) symptoms among adult male smokers and non-smokers.
By leveraging advanced machine learning techniques, specifi-
cally Sparse Attention Mechanisms, and comparing them with
traditional models such as CART, C4.5 and Rotation Random
Forest, this study provides valuable insights into the demo-
graphic and behavioral factors that significantly impact MI
symptom recognition.
The study’s findings highlight several important factors.

Age emerged as the most significant predictor of MI symptom
recognition across all quantiles. Older individuals demon-
strated a higher likelihood of recognizing MI symptoms, with
the effect size increasing from the 25th to the 75th quantile.
This finding underscores the critical need for targeted educa-
tional interventions aimed at older adults, who are at a higher
risk of MI [26–28].
One potential mechanism explaining why older individuals

exhibit a higher likelihood of recognizing MI symptoms may
relate to their cumulative health experiences and increased
healthcare interactions over time. As people age, they are more
likely to encounter health issues, either personally or through
peers, which can heighten their awareness and understanding
of medical conditions, including myocardial infarction. Ad-
ditionally, older adults often have more frequent interactions
with healthcare providers, which can lead to better education
about cardiovascular risks and symptoms. This increased
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exposure and interaction may foster a greater familiarity with
the symptoms of MI, enhancing their ability to recognize them
early. Moreover, cognitive factors, such as increased vigilance
or concern for health in older age, could also contribute to
this heightened awareness. These insights suggest that age-
specific educational strategies could be particularly effective in
improvingMI symptom recognition among other demographic
groups, leveraging the natural advantages observed in older
populations.
Marital status was consistently associated with higher MI

symptom recognition. Married individuals exhibited greater
recognition rates across all quantiles compared to their single
counterparts. This suggests that marital support may play
a crucial role in enhancing health awareness and symptom
recognition. Public health initiatives should consider involving
spouses in educational programs to improve MI symptom
recognition [28, 29].
The residential area was another significant predictor, with

individuals living in cities or rural areas having higher recog-
nition rates compared to those in metropolitan areas. The
effect was more pronounced at higher quantiles, indicating that
geographic location and associated factors, such as access to
healthcare and health education, play a critical role in symptom
recognition. Efforts to improve MI symptom recognition
should address regional disparities in healthcare access and
education [30, 31].
Higher educational attainment was consistently associated

with greater MI symptom recognition. This effect was partic-
ularly strong at the 75th quantile, highlighting the importance
of education in health literacy and awareness. Educational
interventions that focus on improving health literacy among in-
dividuals with lower educational attainment could significantly
enhance MI symptom recognition [32, 33].
While high-risk drinking and diabetes prevalence were not

significant predictors at the 25th and 50th quantiles, they
showed a trend towards significance at the 75th quantile. This
suggests that these factors may have a more substantial impact
on MI symptom recognition among individuals at higher risk
levels. Public health strategies should include targeted inter-
ventions for individuals with high-risk drinking behaviors and
diabetes to improve their symptom recognition [34–36].
Although occupation did not reach statistical significance, it

exhibited a positive trend, indicating that certain occupational
groups may have higher recognition rates, particularly at the
75th quantile. Further research is needed to explore specific
occupational categories that contribute to higher MI symptom
recognition rates. Occupational health programs could be
tailored to address the unique needs of different job categories
[36]. These models could be utilized by healthcare providers
such as cardiologists and primary care physicians for early
detection and intervention, potentially reducing the impact of
myocardial infarction on healthcare systems. Furthermore,
we have considered the generalizability of our results to other
populations, including women, and the application of similar
models in countries with diverse healthcare systems. These
considerations provide a more comprehensive understanding
of the study’s impact and future applications.
The findings of this study have significant implications

for public health strategies aimed at improving MI symptom

recognition. By identifying the most important predictors,
targeted educational interventions can be developed to address
the specific needs of high-risk groups. For instance, older
adults, individuals with lower educational attainment, and
those living in metropolitan areas could benefit from tailored
educational programs that enhance their ability to recognize
MI symptoms early.
Furthermore, the study underscores the importance of con-

sidering demographic and behavioral factors in public health
initiatives. Interventions that involve spouses, address regional
disparities, and focus on high-risk behaviors and chronic con-
ditions can significantly improveMI symptom recognition and
ultimately reduce mortality rates associated with cardiovascu-
lar diseases.
While this study offers significant insights, it is crucial to

recognize its limitations. First, the study relies on self-reported
data, which may be subject to recall bias and social desirability
bias. Second, the cross-sectional design of the study limits the
ability to establish causal relationships between the predictors
and MI symptom recognition. Future research should explore
longitudinal designs to establish causality and investigate the
impact of targeted interventions on MI symptom recognition.
Moreover, qualitative studies could provide deeper insights
into the barriers and facilitators of MI symptom recognition
among different demographic groups. Third, it is important
to consider potential uncontrolled factors that may have in-
fluenced the results. For instance, the sample size and data
collection methods could introduce variability that impacts
the generalizability of the findings. Ensuring a representative
sample and employing rigorous data collection procedures
in future studies will be essential to validate and extend the
applicability of these results.

5. Conclusions

This study identified key demographic and behavioral factors
influencing the early recognition of myocardial infarction (MI)
symptoms among adult male smokers and non-smokers. By
leveraging advanced machine learning techniques, the study
provides a comprehensive understanding of the variability in
predictor effects across different levels of symptom recogni-
tion. These findings underscore the significance of targeted
educational interventions that address the unique needs of
high-risk groups, which will ultimately contribute to improved
health outcomes and reduced mortality rates associated with
cardiovascular diseases. Future research should explore the
application of Sparse AttentionMechanismsModels on tabular
datasets to further refine predictive capabilities and enhance
the generalizability of findings across diverse populations.
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