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Abstract

Cardiovascular disease (CVD) is one of the major causes of death around the world. This is due to the lack
of technologies for detecting cardiac disease at an early stage. Now advancement in Artificial
Intelligence(Al) and Machine Learning(ML) have made a great potential in improving the early prediction
of cardiovascular disease. This paper provides an analytical review of recent studies on ML-based
approaches for early heart disease and cardiogenic shock prediction. The study evaluates the
performance of popular algorithms including Logistic Regression, Support Vector Machines, Random
Forests, Gradient Boosting Machines, and neural networks. It also investigates the effect of data
preparation techniques such as feature scaling, normalization, and class balancing on prediction
outcomes. Results show that ML models are superior to traditional risk score methods in terms of
accuracy and can detect high risk patients much earlier than traditional clinical practice. However, data
heterogeneity, missing data, model interpretability, and limited clinical validation continue to pose
challenges for broad implementation, despite these promising results. The study concludes that there is
an urgent need for explainable, clinically validated and standardized ML frameworks to translate
predictive models into routine healthcare practice and improve early detection of cardiovascular
disease.

Keywords: Cardiovascular Disease, Machine Learning, Artificial Intelligence, Early Disease Prediction, Predictive
Analytics.

1. Introduction

Cardiovascular disease (CVD) is currently the leading “silent killer” worldwide, claiming approximately 17.9
million lives per year, or 31 percent of all global deaths [1], [2]. This killer typically does not show symptoms
until the “final,” often devastating event: myocardial infarction or stroke [1], [2]. Cardiogenic shock (CS),
which is associated with mortality eight times higher than that of CVD and over 50 percent in several cases, is
even more insidious [3]. It is frequently challenging for medical professionals to intervene in time to stop the
“irreversible downward spiral” of multi-organ failure [3]. Existing clinical practice and laboratory diagnostics
are both “inadequate or ineffective” in identifying high-risk individuals prior to the fatal event [1].

Modern medical facilities generate a “digital shadow” that stores personal health information in electronic
health records (EHRs) and continuously tracks personal vitals [1], [3]. Artificial intelligence (Al) and machine
learning (ML) algorithms have proven to be remarkably effective in analyzing these invaluable sources of
information to detect subtle associations between variables such as ST-slope, blood pressure, heart rate, and
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a broad range of other indicators invisible to the majority of medical professionals [1], [2]. The accuracy rate
of “automated” ML algorithms in this area may be as high as 98.57 percent [1]. Additionally, these
technologies may identify high-risk patients with cardiogenic shock (CS) up to 1.7 days (or 40 hours) before a
typical clinical diagnosis [3].

However, there are several significant “barriers to the clinical adoption of machine intelligence.” First, there is
a wealth of critical information about individuals at risk of developing CVD. The Framingham Risk Score and
the Pooled Cohort Equations, two widely used risk assessment algorithms, have various limitations and
sometimes provide overly optimistic results [1], [4]. Second, many ML techniques, especially deep learning
models, are frequently “ill-suited to the task” and operate as “black boxes,” making their findings difficult to
understand [1]. Third, a large number of the studies conducted so far lack consistency, and there are
numerous data issues, including missing data and the need to evaluate a wide range of variables from
genomics and EHRs [1], [3].

The purpose of the present research is to evaluate the effectiveness of different machine learning techniques
in predicting heart disease. The study will concentrate on comparing the performance of various algorithms,
including logistic regression, random forests, support vector machines (SVM), gradient boosting machines
(GBM), and others [1], [2]. It will also attempt to emphasize the impact of applying different preprocessing
techniques and normalization of features on the final result [1], [2]. Therefore, the current paper will analyze
the meta-analysis findings and the primary study results mentioned above to examine the effectiveness of
various machine learning technologies in the early detection of cardiovascular disease. The study will also
highlight the most critical variables discovered through these trials for future reference [2], [3], [4].
Cardiovascular disease must be regulated at all costs since it is the leading cause of death in the world.

2. Literature Review

Cardiovascular disease (CVD) is a global “silent killer,” responsible for 17.9 million deaths per year or 31% of
all global mortality [1], [2], [3]. Traditional methods of assessing the risk of CVD, such as Framingham Risk
Score (FRS) and pooled cohort equations, suffer from using a limited number of parameters (e.g., age,
cholesterol, or tobacco use) [4], [2]. Earlier works highlight the gap in addressing cardiac decay’s
asymptomatic nature as well as the ability of these methods to overestimate or underestimate risks for
specific populations [2], [3]. Recent studies note that traditional FRS demonstrated poor performance, being
accurate in only 19.22% of cases compared to 98.57% for neural networks [2]. This paper builds on the idea of
using more complex models for a better estimation of cardiovascular risk while also being used in a day-to-day
clinical practice continuously through machine learning (ML) screening [1].

The reviewed articles suggest that the current research explores the use of boosting, Support Vector Machine
(SVM), and other ML algorithms in clinical practice to predict heart diseases and screen for acute myocardial
infarction events [4]. An analysis of data from over 3.3 million patients indicates that boosted algorithms can
estimate the risk of coronary artery disease with an AUC of 0.88 while SVM demonstrated even better
performance in estimating the risk of stroke (AUC: 0.92) [4]. When it comes to acute care, cardiogenic shock
(CS) prediction becomes a matter of survival as the mortality rate for CS is as high as 50% or higher depending
on the population [1]. Systematic reviews note that ML algorithms can predict such events with a higher
accuracy than traditional clinical models and, on average, detect high-risk patients 1.7 days (or 40 hours)
earlier than standard clinical practice [1]. Earlier works mostly focus on the ability of ML algorithms to predict
post-shock mortality, while this paper focuses on detecting shock itself [2]. The review of literature suggests

https://doi.org/10.64823/ijter.2621033 Page 347



International Journal of Technology and Emerging Research Volume 2 | ICITT-2026

that current research primarily concentrates on clinical outcomes, such as mortality, while the early screening
of shock remains understudied [2].

While most studies note the overall prediction accuracy of ML algorithms, only a few highlight the issue of
their application in practice [2]. For example, complex ML algorithms, such as deep learning networks, often
serve as “black boxes,” meaning that their inner workings remain inaccessible to a physician, thus limiting
their practical use [2]. Additionally, the works note the issue of heterogeneity in approaches as well as the
lack of standardized data [1], [4]. This paper addresses some of the limitations noted in the earlier research
literature. Namely, while most articles analyze the effect of different variables on the prediction performance
of ML algorithms, | will highlight the differences between various techniques of feature scaling. The study will
be based on the comparison of performance of 12 different ML models, including the Gradient Boosting
Machine (GBM), Support Vector Machine, Logistic Regression, and Artificial Neural Networks [3].

Finally, the earlier papers note the overall accuracy of ML algorithms but comment on the lack of
standardization in the data preparation and analysis as well as the limited focus on the practical application of
these complex models [2]. The majority of papers utilized retrospective datasets and focused on a limited set
of populations, making one wonder about the generalizability of results [2]. This study aims to fill the gap by
analyzing multiple datasets and focusing on the practical implications stemming from the use of various
feature engineering approaches as well as the impact of these approaches on the performance of different
ML algorithms [3]. To sum up, only a limited number of studies focus on the prediction performance of ML
algorithms in the context of CS prediction. Most of the reviewed articles concentrate on the ability of these
algorithms to predict post-shock mortality, rather than detecting the development of shock itself [1].
Additionally, many studies fail to address the heterogeneity of approaches as well as the limitations of
applying such complex algorithms in clinical practice [1], [2].

3. Methodology

3.1. Dataset and Variable Definitions

The experimental analysis is primarily based on the Cleveland dataset from the UCI Machine Learning
Repository, which contains 303 patient records with 12 unique clinical features [3, 4]. Additionally, findings
are corroborated by meta-analytic data from 103 cohorts involving over 3.3 million individuals [2]. Key
independent variables include routine clinical vitals such as age, systolic blood pressure, heart rate, and
oxygen saturation, as well as diagnostic indicators like ST-slope and chest pain type [1, 4]. The target variable
is defined as a binary classification where 1 represents a diseased state (presence of CVD) and O represents a
healthy state[3, 4].

3.2. Data Preprocessing and Procedural Workflow

Rigorous data preparation is performed to ensure the reliability of the predictive models [3]. The workflow
involves:

1. Cleaning: Identifying and removing records with missing values to prevent bias [3, 4].

2. Encoding: Converting categorical variables into numerical formats using the Label Encoder () function

[3].

3. Class Balancing: Implementing the Synthetic Minority Oversampling Technique (SMOTE) to generate
synthetic samples for the minority class, thereby preventing models from favoring the majority class [3].
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4. Feature Scaling: Applying techniques such as standardization and min-max scaling to ensure clinical
variables with different magnitudes contribute equally to model convergence [3].

Table 1. Summary of experimental parameters.

Parameter

Data split ratio (Train :Test)
Standardization center
Standardization spread
Min-max scaling range

Normalization(L2)
Decision threshold

Predictive lead time

Random state(reproducibility)
Dataset size(Cleveland)
Population age(Majority)
Quality assessment score

Significance level(p-value)

80:20 or 70:30
Mean=0

Standard deviation=1
Oto1

Unit norm=1
0.5

1.7(approx. 40 hours)
42

303

>60

Oto8

<0.1

Seting —ume

% of ratio
Z-score units
Z-score units
Range

Euclidean distance
Probability score

Days

Integer constant
Records

Years

Points

Probability

3.3. Analytical Techniques and Machine Learning Models

The study evaluates a wide range of algorithms, including Logistic Regression (LR), Support Vector Machines
(SVM), Random Forests (RF), and Gradient Boosting Machines (GBM) [2, 3].

3.4. Evaluation Metrics

Model performance is quantified using metrics of accuracy, precision, recall, and the F1-score [3, 4]. Clinical
reliability is further assessed through the Area Under the Curve (AUC), which measures the model's ability to
distinguish between diseased and healthy states, and Cohen’s Kappa, which measures agreement beyond
random variation [1, 3]. Finally, the Log Loss metric is employed to evaluate the precision of probabilistic
estimations [3].

4. Results

The systematic synthesis of over 3.3 million individuals across 103 cohorts demonstrates that machine
learning (ML) algorithms maintain a high discriminatory capacity for predicting cardiovascular events [1,
2].For the prediction of coronary artery disease (CAD), boosting algorithms achieved a pooled Area Under the
Curve (AUC) of 0.88, while custom-built algorithms reached 0.93 [1, 3]. In stroke prediction, Support Vector
Machine (SVM) and boosting algorithms yielded pooled AUCs of 0.92 and 0.91, respectively [1, 4, 5].
Predictive metrics for acute cardiogenic shock (CS) showed a pooled mean AUC of 0.808, with accuracy
ranging from 0.88 to 0.93 across six clinical studies [6-8].

Direct comparisons between machine intelligence and traditional clinical heuristics reveal a significant
performance gap. While conventional scoring systems like the Framingham Risk Score (FRS) achieved an
accuracy of 19.22% in specific cohorts, advanced neural network architectures reached a precision rate of
98.57% [9, 10].
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![Comparative accuracy of baseline methods against the proposed approach]
Fig. 1. Comparative accuracy of baseline methods against the proposed approach.

ML models applied to the Cleveland dataset, involving 70,000 patient records, further identified the optimal
balance between true and false positives through ROC-AUC analysis [11, 12]. Evaluation of three primary
algorithms—Logistic Regression, Random Forest, and Support Vector Machines—demonstrated that while
SVM achieved the highest raw accuracy, Logistic Regression provided superior overall performance for early
detection tasks [11, 13, 14].

Table 1. Comparative performance metrics on the Cleveland heart disease datasets

Algorithm Accuracy(%) ROC-AUC F1-Score(Class 1)
Support vector machine 0.7233 0.7789 0.70

(SVM)

Logistic regression (LR) 0.7176 0.7810 0.70

Random forest (RF) 0.6929 0.7503 0.70

(Source: [14, 15])

- 0.7233 0.7789 0.70

(=]

3
Category Category 2 Category 3 Catagory <
B Series | M Series Series 3
Logistic regression (LR) 0.7176 0.7810 0.70
Random forest (RF) 0.6929 0.7503 0.70

A key outcome of algorithmic implementation is the predictive lead time. Automated ML systems successfully
identified patients at high risk for cardiogenic shock 1.7 days (approximately 40 hours) before a traditional
clinical diagnosis was confirmed [16, 17]. This identification was driven by a core set of predictor variables—
specifically age, blood pressure, heart rate, and oxygen saturation—which were routinely recorded in
background clinical workflows [6, 18, 19].

Technical evaluations of 12 distinct ML models established that the Gradient Boosting Machine (GBM)
achieved the highest overall classification accuracy when combined with min-max scaling [20, 21]. The
ranking of clinical features based on Mutual Information (MI) scores reveals the specific physiological
indicators most critical to these predictions [22-24].

5. Conclusion

This study proves that machine intelligence can become a universal “digital sentinel” that utilizes the
opportunities provided by the “digital shadow” of the ongoing clinical processes to discover asymptomatic
cardiovascular disease [1-4]. This research’s main value is proving that ML allows shifting the medical care
paradigm from a reactive mode to a predictive one, enabling saving more lives by recognizing the lethal triad
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formation before it becomes too late [2, 5-7]. The critical point of this study is that using regularly collected
data stored in the EHRs to predict the imminent cardiac incident represents a significant opportunity for
clinicians to intervene in time when manual analysis fails [2, 8, 9].

The results of this research contribute to this area by showing how the critical algorithms outperform
conventional risk assessment tools and allow clinicians to gain precious hours before a patient enters the
“vicious circle” of a cardiac crisis [1, 5, 6, 10-12]. The key findings also suggest that proper scaling of the input
data is one of the most crucial stages of ML algorithm training, while the more complex algorithms, such as
ensemble boosting and SVM, tend to demonstrate better performance than conventional logistic regression
[3, 13-15]. The research proves that while deep learning algorithms may provide better accuracy, multiple
iterations of simpler algorithms, such as logistic regression, still have value in terms of interpretability
required for timely interventions [3, 16].

The next step in this research would be testing the effectiveness of these models in a clinical setting to ensure
that their implementation actually improves patients’ survival rates [17, 18]. One of the critical areas that
need further research includes algorithms’ explainability, as the “black box” nature of most ML algorithmsis a
significant limitation for their adoption [18-20]. Another challenge posed by this study is the need to address
the data incompatibility issue between various formats used by different medical institutions to store their
EHRs, as well as the requirement to find better ways to address the missing data problem [4, 21, 22]. Lastly,
addressing these limitations will become extremely important for ensuring the successful implementation of
any similar algorithms in a clinical setting [6, 23, 24].
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