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his retrospective study examined whether a restricted set of routinely collected 
complete blood count (CBC) variables, combined with basic demographic and clinical 
factors, can distinguish records labelled as coronary artery disease (CAD) from non-

CAD records using conventional machine-learning classifiers. Anonymized hospital records 
collected from a local teaching hospital between November 2017 and November 2022 were 
retrospectively processed. After complete-case filtering, 3,301 records remained, including 
1,607 CAD and 1,694 non-CAD records. Twelve predictors were used: age, gender, 
hypertension, diabetes, hemoglobin, total leukocyte count, neutrophils, lymphocytes, 
monocytes, eosinophils, hematocrit, and platelets. Six classifiers were evaluated using an 80/20 
train-test split. On the 661-record held-out test set, Random Forest achieved the highest 
accuracy (81.24%) and F1-score (81.04%), Logistic Regression achieved the highest precision 
(84.72%), and Naïve Bayes achieved the highest recall/sensitivity (79.65%). These findings 
suggest that a compact set of CBC and basic clinical variables contains useful information for 
CAD classification in this retrospective cohort. However, the single-center design, complete-
case selection, lack of feature-set ablation, external validation, and calibration assessment limit 
clinical interpretation. The findings should therefore be considered exploratory rather than 
evidence of a validated diagnostic tool. 
Keywords: Coronary Artery Disease Classification; Machine Learning; Complete Blood 
Count; Routine Clinical Data 
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Introduction: 
Cardiovascular diseases (CVDs) are among the major causes of death worldwide and 

continue to create a considerable burden on healthcare systems [1]. Early identification of 
people at risk of cardiovascular disease can support timely medical assessment and treatment. 
Due to the increasing availability of electronic health records and clinical data, machine 
learning techniques are now being widely studied for supporting cardiovascular disease 
prediction. Different machine learning models have been developed to analyze patient 
information and assist medical professionals in identifying patients who may require further 
investigation [2]. Machine learning-based prediction of heart disease usually depends on 
different types of patient information. These may include demographic information, medical 
history, family history, cardiovascular risk factors, laboratory investigations, electrocardiogram 
(ECG), echocardiography, and other clinical examination results [3]. The availability of these 
variables can improve model performance, but it can also make the prediction process 
dependent on a large number of clinical measurements. In practical settings, all these 
investigations may not always be available at the same time, particularly during an initial patient 
assessment. 

Among cardiovascular diseases, coronary artery disease (CAD), also known as 
coronary heart disease, is one of the most common forms of heart disease [4]. Plaque buildup 
inside the coronary arteries is the usual cause of CAD. Blood flow to the heart is reduced as 
plaque accumulates, and severe cases may involve partial or complete arterial blockage [5]. 
CAD is assessed using procedures and tests such as ECG, echocardiography, exercise stress 
testing, and coronary angiography. These methods provide important clinical information, but 
some of them require specialized equipment, trained medical staff, additional time, or higher 
cost. 

For this reason, a considerable amount of research has investigated the use of machine 
learning for the prediction and classification of CAD. Many studies have used publicly 
available heart disease datasets for developing and comparing machine learning models. Two 
commonly used examples are the Z-Alizadeh Sani dataset [6] and the UCI Heart Disease 
dataset [7]. These datasets contain several types of variables, including demographic, clinical, 
laboratory, ECG, and other examination-related information. Previous studies have used 
different subsets of these variables and have reported varying levels of prediction 
performance. 

Although the use of a larger number of clinical variables can help in building predictive 
models, it also means that similar information may be required when the model is applied to 
new patients. This raises a different question: how much useful discrimination remains when 
the input feature space is deliberately restricted to routine hematological and basic clinical 
variables? Complete Blood Count (CBC), also referred to as Full Blood Count (FBC), is a 
commonly performed laboratory test and provides several hematological measurements. Many 
hospitals routinely have these measurements available, without the need for specialized 
cardiovascular investigations. 

Since 2022, studies have used hematological and other routinely available laboratory 
information for cardiovascular event prediction, CBC-derived risk stratification, early-stage 
CAD, premature CAD, and broader cardiovascular disease classification [8] [9] [10] [11] [12] 
[13] [14]. This work extends the use of such information across cardiovascular prediction and 
classification tasks and supports continued interest in accessible blood-based information. Its 
outcomes, feature sets, and validation designs differ, however, from those of the restricted 
CAD classification problem studied here. 

The retrospective analysis used anonymized records containing relevant clinical 
information and CBC/FBC test results from a local teaching hospital in Peshawar, Pakistan. 
After cleaning and exclusion of incomplete records, the dataset comprised 1,607 CAD-labelled 
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and 1,694 non-CAD records, giving a total of 3,301. To examine how well CAD and non-
CAD cases could be distinguished with this restricted set of routinely available variables, six 
commonly used machine learning algorithms were evaluated using CBC-related variables 
combined with basic demographic and clinical predictors such as age, gender, hypertension, 
and diabetes.  
Research Objectives: 

To evaluate whether a restricted combination of CBC parameters and basic 
demographic/clinical variables can discriminate between CAD and non-CAD records. 

To compare the performance of six conventional machine-learning classifiers on this 
combined feature set using accuracy, precision, recall/sensitivity, specificity, F1-score, and 
confusion matrices. 
Research Novelty: 

The novelty of this study lies not in proposing a new machine-learning algorithm, but 
in evaluating CAD classification using a deliberately restricted combination of routinely 
available CBC parameters and basic clinical variables from real hospital records. Unlike studies 
using broader clinical, biochemical, ECG, echocardiographic, or imaging information, the 
present study examines the classification performance retained under this limited information 
set. 
Main Contributions: 

A retrospective hospital dataset of 3,301 records was prepared using data collected 
from a real clinical setting with a restricted set of routinely available variables. 

A constrained-feature evaluation was conducted to examine CAD discrimination 
when the available information was limited to 12 routine hematological and basic clinical 
variables. 

Several classifiers with different modelling assumptions produced similar overall 
performance, providing exploratory evidence that the discriminatory signal in the combined 
restricted feature set was not specific to one algorithm. 

The remainder of this paper is organized as follows. Section 2 reviews related studies 
on machine learning-based prediction of coronary artery and heart disease. Section 3 describes 
the dataset, preprocessing steps, and machine learning methods used in the study. Section 4 
presents the experimental results, followed by the discussion of the findings and their 
limitations. Finally, the last section concludes the paper and presents directions for future 
work. 
Related work: 

Most existing machine-learning studies on heart disease and coronary artery disease 
(CAD) have used public benchmark datasets to compare the performance of classification 
algorithms. These datasets include the Z-Alizadeh Sani and UCI Heart Disease datasets, which 
are used with Support Vector Machines, K-Nearest Neighbors, Random Forests, Decision 
Trees, Naïve Bayes, Logistic Regression, neural networks, along with various feature-selection 
and optimization techniques [15][16][17][18][19][20][21] [22][23]. The results of these studies 
generally show that machine learning classifiers can detect useful patterns in clinical data and 
can predict diseases with reasonable performance. The reported performance values, however, 
vary between studies. Such variation is typically expected of differences in feature subsets, 
preprocessing methods, training and testing procedures, and validation schemes adopted by 
different studies. Due to these differences, the accuracy reported by these research studies 
cannot be directly compared with each other. 

The datasets used in many of these studies have some limitations. The Z-Alizadeh Sani 
dataset has only 303 patient records, although it contains a relatively large number of features 
based on clinical, laboratory, ECG, and echocardiographic variables [6]. The Cleveland Heart 
Disease dataset is also small and has 303 records [7]. Both of these datasets have been useful 
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for testing and comparing algorithm performance, but these feature sets are not fully 
comparable to the variations found in typical routine hospital patients’ data. Furthermore, 
models trained on small benchmark datasets may perform differently when applied to data 
from another region, hospital, or population. 

The Framingham Heart Study is a large and important source of cardiovascular data 
[24]. It has been used in many machine-learning studies. The purpose and structure of the 
Framingham data are, however, different from those of a binary classification task of presence 
or absence of CVD. Cardiovascular risk, heart disease, and confirmed CAD are different 
prediction problems. Such differences in the target variable and the number of classes also 
affect model performance. Therefore, prediction performance results from different datasets 
should be interpreted appropriately.  

Another important aspect of the study area is the use of real-world hospital and 
electronic health record data. Li et al. used over 100,000 electronic medical records in their 
cardiovascular disease prediction study [25]. Some studies [17][26][27] developed and used 
their own hospital based datasets in Algeria, Nigeria, and China. Naushad et al. similarly 
examined machine-learning for CAD risk prediction using a clinical cohort and reported useful 
prediction performance [28]. These studies are important because their data come from actual 
healthcare settings rather than public benchmark datasets. Such work gives stronger evidence 
about how machine-learning models may behave when patient data come from real clinical 
settings. 

The use of local and regional data is also important because the characteristics of 
patients can differ across populations. [29] evaluated machine-learning algorithms for 
cardiovascular disease prediction using patient data collected from two teaching hospitals in 
Khyber Pakhtunkhwa, Pakistan. Both studies draw on data from healthcare settings in the 
same wider region, making that work relevant to the present study. 

The inputs required by a model also deserve attention, both in number and type. Age, 
symptoms, blood pressure, cholesterol, ECG findings, exercise-test information, imaging 
results, and other clinical measurements are often combined in heart disease prediction studies 
[15], [19], [25], [26], [27]. A larger set of variables can improve prediction performance, but 
the resulting dependence on information that is not always available can limit a model’s 
usefulness. This may be the case when a model requires ECG, echocardiography, imaging, and 
several laboratory tests in a setting where only basic clinical information is available. These 
requirements shift the research question from maximizing performance using all available 
information to examining how much useful discrimination remains when the feature set is 
deliberately restricted. 

This question makes routine laboratory tests of particular interest. Among the most 
commonly performed is the Complete Blood Count (CBC), also known as the Full Blood 
Count (FBC). Its measurements include hemoglobin, white blood cell count, hematocrit, 
platelets, neutrophils, lymphocytes, monocytes, and other hematological parameters.  These 
variables reflect different physiological processes, some of which may be related to CVD. For 
example, white blood cells and neutrophil-related measures can provide information about 
inflammatory activity, while hemoglobin and hematocrit are related to the oxygen-carrying 
capacity of blood. Platelet measurements are also relevant because platelets are involved in 
thrombosis. Routine hematological information may therefore carry useful signals even when 
collected for purposes other than cardiovascular diagnosis. 

Evidence for this possibility comes from studies of cardiovascular risk assessment. [8] 
used hematological predictors with artificial intelligence methods, and their findings suggest 
that routinely available blood measurements can contribute useful information to risk 
assessment. For early risk stratification of acute myocardial infarction, [9] developed a score 
from complete blood count information. That outcome differs from CAD classification, but 
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the study demonstrates the potential value of existing CBC results in identifying cardiovascular 
risk. 

Hematological and laboratory markers have been examined more directly in recent 
machine-learning studies. With 3,316 patients and clinical and routine laboratory biomarkers, 
the early-stage CAD prediction study by [10] is particularly relevant to the present work in 
both sample size and use of routinely collected variables. [11] applied machine learning and 
explainable AI to acute myocardial infarction classification using hematological markers; white 
blood cell and neutrophil-related information were among the useful predictors they 
identified. For premature coronary artery disease, [12] studied machine-learning models using 
routine hematological measurements, including white blood cell count, hemoglobin, 
hematocrit, neutrophils, and platelets.  

Taken together, these findings suggest that routine hematological variables may be 
useful for CAD-related classification, particularly in combination with other patient 
characteristics. 

A closer example is the recent retrospective study of 896 hospital patients by [13]. 
Across five machine-learning classifiers, the authors compared a baseline clinical feature set 
with an enhanced set that added routine hematology and biochemistry results. Model 
performance improved with the blood-test variables, and the best XGBoost model achieved 
91.62% accuracy. SHAP analysis was used to examine how individual laboratory markers 
contributed.  The authors included routine hematological variables such as platelet count, 
hemoglobin, white blood cell count, red blood cell count, and hematocrit together with 
biochemical measurements. This study provides recent evidence that routinely available blood-
test information can add useful information to cardiovascular disease classification. 

The value of routine blood measurements should nevertheless be interpreted carefully. 
CBC variables are affected by many conditions and are not specific markers of CAD. Changes 
in leukocytes, hemoglobin, platelets, or hematocrit can occur due to infection, inflammation, 
anemia, medication, and several other medical conditions. Therefore, the purpose of using 
these measurements in a machine-learning model is not to claim that a CBC test can diagnose 
CAD by itself. A more reasonable question is whether patterns contained in these routinely 
available measurements can contribute useful information when they are combined with basic 
demographic and clinical risk factors. 

There has also been increasing attention to the methodological quality of 
cardiovascular machine-learning studies. A recent systematic review and meta-analysis by [14] 
examined machine-learning models developed from electronic health record data for 
cardiovascular risk prediction. The review reported promising results with some insights. It 
highlighted differences among different studies in the datasets used, models developed, their 
validation procedures, and reporting. It also noted limited external validations. These issues 
are important when understanding results of the studies that report very high classification 
accuracy. These issues are even more important when the studies use small or commonly 
reused datasets. 

The main contribution of our study is not a comparison to identify the best machine-
learning classifier. Instead, the classifiers are used as different modelling approaches to test the 
same constrained-information question. 

The study asks whether a restricted combined feature set can provide useful 
discrimination between CAD and non-CAD records. This question is examined using 3,301 
hospital records and 12 predictors consisting of CBC parameters, age, gender, hypertension, 
and diabetes. The inputs excluded specialized cardiovascular information, including ECG, 
echocardiography, and imaging. 

The remaining question is how well routine hospital records can support CAD 
classification when only CBC parameters and a few basic clinical variables are used. Recent 
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blood-based studies have addressed cardiovascular risk, acute myocardial infarction, 
premature CAD, and broader cardiovascular disease classification, often drawing on different 
or more extensive clinical and laboratory inputs [8][9][10][11][12][13][14]. Substantial 
differences in cardiovascular outcomes, feature sets, patient populations, and validation 
designs prevent direct comparison of previous studies with the present results. This study does 
not establish how much CBC contributes beyond the basic clinical factors.  
Materials and Methods: 
Study Design and Data Source: 

Anonymized patient records collected between November 2017 and November 2022 
at a local teaching hospital in Peshawar, Pakistan, were used for this retrospective study. Within 
the hospital database, separate MySQL tables held patient visits, laboratory reports, and 
diagnosis information.  The study focused on records having the required clinical information 
together with Full Blood Count (FBC), also referred to as Complete Blood Count (CBC), test 
results. The study design workflow is shown in Figure 1. 
Record Selection and Data Preprocessing: 

Approximately 22,400 candidate records were retrieved from the hospital database. 
Records were excluded when CBC reports were incomplete, required demographic or basic 
clinical values were missing, or unusually high CBC measurements were removed after 
consultation with a specialist hematologist. No interpolation or imputation was used. The final 
dataset contained 3,301 records (1,607 CAD-labelled and 1,694 non-CAD), leaving 
approximately 19,100 candidate records not retained.  

 
Figure 1. Workflow of record selection, record-level splitting, model development, and final 

classifier comparison. 
Predictor and Outcome Variables: 

Of the 12 predictor features, eight were CBC measurements: hemoglobin, total 
leukocyte count (TLC), neutrophils, lymphocytes, monocytes, eosinophils, hematocrit (HCT), 
and platelet count. Age, gender, hypertension, and diabetes provided the four basic 
demographic or clinical predictors. There was one binary target variable, CAD status, with 
CAD coded as 1 and non-CAD as 0. Table 1 lists the predictors and target variable.  
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Table 1. Predictor and outcome variables used in the study. 

Variable Description / Coding Unit 

Age Patient age Years 

Gender Male = 0; Female = 1 Binary 

Hypertension Yes = 1; No = 0 Binary 

Diabetes Yes = 1; No = 0 Binary 

Hemoglobin Hemoglobin level g/dL 

TLC Total leukocyte count 10³/µL 

Neutrophils Neutrophil percentage % 

Lymphocytes Lymphocyte percentage % 

Monocytes Monocyte percentage % 

Eosinophils Eosinophil percentage % 

HCT Hematocrit % 

Platelets Platelet count 10³/µL 

CAD CAD = 1; Non-CAD = 0 Binary 

CAD and non-CAD labels were taken from hospital diagnosis records. CAD cases 
were identified through assessments by consultant cardiologists, based on clinical 
examinations and additional investigations when needed. The specific tests or thresholds 
applied in individual cases and the criteria for non-CAD classification were not specified. 
Repeated visits were included as separate records when the CBC findings had changed. 
Therefore, the 3,301 records may represent fewer than 3,301 unique patients. 
Data Preparation and Exploratory Analysis: 

Before model development, descriptive analysis was carried out to examine the 
distribution of the dataset variables. The distributions of records by gender and age were 
examined, along with those of the numerical features. Correlation analysis was also applied to 
examine the relationships among the predictor variables and CAD status. 
Numerical features were standardized using StandardScaler from scikit-learn. This method 
subtracts the mean of each feature and divides by its standard deviation. The scaling procedure 
was not documented in sufficient detail to establish whether the scaler was fitted separately 
within the training data and each cross-validation fold. Therefore, the possibility of 
preprocessing-related information leakage remains a limitation. 
Machine Learning Models and Validation: 

The dataset was divided into training and testing sets using an 80:20 split. From the 
entire dataset, 2,640 records were used for model training and 661 records formed the test set. 
Five-fold cross-validation was used within the training data during model development, and 
the held-out test set was reserved for final performance evaluation. Six classifiers were 
evaluated: Logistic Regression (LR), K-Nearest Neighbours (KNN), Random Forest (RF), 
Decision Tree (DT), Support Vector Machine (SVM), and Naïve Bayes (NB). The 80:20 split 
was performed at the record level, without grouping multiple visits from the same patient. The 
dataset was split at the record level rather than the patient level. 

Data cleaning and preprocessing were carried out in Python using pandas within a 
Jupyter Notebook environment. Feature scaling and the six machine-learning classifiers were 
implemented using scikit-learn. Exact Python and library versions, classifier hyperparameters, 
random seed, and tuning settings were not recorded. 
Performance Measures: 

Model performance was evaluated using accuracy, precision, recall/sensitivity, 
specificity, and F1-score. Accuracy represents the overall proportion of correctly classified 
records. Precision measures the proportion of records predicted as CAD that were actually 
labelled as CAD, while recall (sensitivity) measures the proportion of CAD records correctly 
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identified by the model. Specificity measures the proportion of non-CAD records correctly 
identified and was calculated from the confusion-matrix counts as TN/(TN + FP). The F1-
score provides a combined measure of precision and recall. 

Confusion matrices were also used to summarize true positive, true negative, false 
positive, and false negative predictions for each classifier. All final model comparisons were 
based on performance on the held-out test data. 
Ethical Considerations and Data Privacy: 

The study was retrospective and involved no direct interaction with patients. Direct 
patient-identifying information was removed before analysis. Formal documentation of ethics 
approval, exemption, or an informed-consent waiver determination is not available for this 
study; therefore, no approval, exemption, or waiver is claimed. 
Results: 
Dataset Characteristics: 

The final dataset contained 3,301 records, including 1,607 CAD-labelled records and 
1,694 non-CAD records. Among the included records, 1,938 were coded as female and 1,363 
as male. Of the female-coded records, 841 were labelled as CAD and 1,097 as non-CAD. 
Among male-coded records, 766 were labelled as CAD and 597 as non-CAD. 

 

 
Figure 2. (a) Gender-wise breakup of the dataset (b) Age distribution of the study 

population. 

 
Figure 3. Distribution of the predictor variables 
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The age distribution of the records is shown in Figure 2(b). The dataset included 
records from a wide age range. The largest number of records was observed in the 50–55-year 
age group, while a large proportion of records were between approximately 50 and 70 years 
of age. 

The distributions of the remaining predictor variables are presented in Figure 3. The 
variables showed different ranges and distribution patterns, which also supported the use of 
feature scaling before model development.  

 
Figure 4. Correlation matrix of the predictor variables and CAD status 

Machine Learning Performance: 
Evaluation of all six machine learning classifiers used the 661 records in the held-out 

test set. Each classifier’s true-positive, true-negative, false-positive, and false-negative counts 
were used to calculate its performance measures. 

Table 2. Performance of the machine learning classifiers on the held-out test set 

Model 
Accuracy 

(%) 
Precision 

(%) 
Recall/ 

Sensitivity (%) 
Specificity 

(%) 
F1-score 

(%) 

Logistic Regression 80.33 84.72 75.22 85.71 79.69 

K-Nearest 
Neighbours 

78.67 81.73 75.22 82.30 78.34 

Random Forest 81.24 84.13 78.17 84.47 81.04 

Decision Tree 75.64 77.47 74.04 77.33 75.72 

Support Vector 
Machine 

80.94 84.03 77.58 84.47 80.67 

Naïve Bayes 80.79 82.32 79.65 81.99 80.96 

Figure 5 compares accuracy, precision, recall, and F1-score across the six models. 
Logistic Regression, Random Forest, Support Vector Machine, and Naïve Bayes showed 
relatively close performance. Decision Tree had lower values on most of these metrics.  
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Figure 5. Performance comparison of the evaluated machine learning classifiers. 

As shown in Figure 5, Random Forest achieved the highest reported overall accuracy 
and F1-score, while Logistic Regression produced the highest precision. Naïve Bayes achieved 
the highest recall/sensitivity. Several estimates were numerically close; without uncertainty 
estimates, these differences should be interpreted descriptively rather than as evidence of 
statistical superiority. 
Confusion Matrix Analysis: 

The confusion matrices provide further information about the classification errors 
made by the individual models. Logistic Regression correctly classified 276 non-CAD and 255 
CAD records, while 46 non-CAD records were classified as CAD and 84 CAD records were 
classified as non-CAD. The KNN model correctly identified the same number of CAD cases 
but produced a larger number of false-positive predictions.  

Random Forest correctly classified 272 non-CAD and 265 CAD records, with 50 false 
positives and 74 false negatives. Support Vector Machine produced a similar pattern, with 272 
true negatives and 263 true positives. Naïve Bayes correctly identified the largest number of 
CAD cases., with 270 true positives and 69 false negatives, which is consistent with its higher 
recall.  

 
Figure 6. Confusion matrices for the six machine learning classifiers: (a) Logistic 

Regression, (b) K-Nearest Neighbours, (c) Random Forest, (d) Decision Tree, (e) Support 
Vector Machine, and (f) Naïve Bayes. 
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The confusion matrices therefore show some difference in the type of errors made by 
the classifiers. Logistic Regression produced higher precision, while Naïve Bayes identified a 
greater proportion of the CAD cases. Random Forest provided the strongest overall balance 
between the evaluated performance measures. 

Figure 6 presents the confusion matrices for all six classifiers on the held-out test set. 
The matrices show differences in the balance of true-positive, true-negative, false-positive, and 
false-negative predictions across the models. 

The confusion matrices show that the classifiers differed mainly in the type of 
classification errors they produced. Logistic Regression produced fewer false-positive 
predictions and therefore achieved the highest precision. Naïve Bayes correctly identified the 
largest number of CAD cases and produced the highest recall. Random Forest provided the 
strongest overall balance between correct CAD and non-CAD classifications, which is also 
reflected in its higher accuracy and F1-score. 
Discussion: 
Main Findings: 

This study examined whether a restricted set of routinely collected CBC parameters 
together with age, gender, hypertension, and diabetes could provide useful information for 
CAD classification. The results show that several conventional machine learning models 
achieved accuracy values close to 80%. Random Forest produced the highest accuracy and F1-
score, although Support Vector Machine, Naïve Bayes, and Logistic Regression showed only 
small differences in overall performance. 

The main finding is therefore not that one machine learning algorithm was clearly 
superior to the others. Rather, the models retained useful discriminatory ability even when 
their inputs were limited to this small combined feature set. Several classifiers produced 
numerically similar estimates; without uncertainty analysis, this does not establish model 
equivalence. Because separate basic-clinical-only and CBC-only models were not evaluated, 
the independent or added contribution of CBC cannot be determined from this study. 

False-negative classifications are potentially more concerning because CAD-labelled 
records are classified as non-CAD, whereas false-positive classifications may lead to 
unnecessary further assessment. CBC measurements are also nonspecific and can be affected 
by infection, inflammation, anemia, medications, and other medical conditions. The evaluated 
classifiers should therefore be regarded as exploratory and not as replacements for established 
CAD diagnostic procedures. 
Comparison with Previous Studies: 

Many previous studies have reported higher predictive performance for CAD and 
heart disease than that observed in the present study [15][19][17][26][27]. However, direct 
comparison of accuracy values is difficult because these studies used different patient 
populations, feature sets, outcome definitions, and validation procedures. Some studies also 
used ECG, echocardiography, imaging findings, symptoms, and a wider range of laboratory 
or clinical variables. 

The present study intentionally used a more restricted set of predictors. This difference 
is important when interpreting the approximately 80–81% classification accuracy obtained by 
the better-performing models. The objective was not to maximize classification performance 
using all available clinical information, but to examine the performance attainable under this 
restricted information set. 

Recent research gives further support to this approach. Koloi et al. [10] investigated 
early-stage CAD using routine clinical biomarkers, while [11] used hematological markers for 
acute myocardial infarction classification. [12] also included routine hematological variables 
such as white blood cell count, hemoglobin, hematocrit, neutrophils, and platelets in models 
for premature CAD. 
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Other studies have specifically demonstrated the usefulness of routine blood 
information in cardiovascular prediction. Hematological predictors were examined for 
cardiovascular risk by [8], and a CBC-derived score for acute myocardial infarction was 
developed by [9]. [13] more recently reported that adding routine blood-test variables to 
baseline clinical information improved cardiovascular classification. The outcomes differ from 
those in the present study, preventing direct comparison of results. These studies nonetheless 
support the view that routine blood measurements may contain useful cardiovascular 
information. 
Implications and Future Research: 

These findings support further investigation of routinely available CBC and basic 
clinical variables as supplementary inputs for CAD-related assessment, rather than as stand-
alone diagnostic tools. Independent and multicentre datasets should be used in future studies 
to compare basic-clinical-only, CBC-only, and combined models and to evaluate uncertainty 
and calibration. Prospective validation should also precede consideration of clinical 
application.  
Limitations: 

Several limitations should be considered when interpreting these findings. First, the 
data were collected from a single hospital, and the characteristics of patients attending this 
hospital may differ from those in other settings. External validation is therefore needed. 
Second, complete-case filtering reduced approximately 22,400 candidate records to 3,301 
records and may have introduced selection bias. Third, the study did not compare basic-
clinical-only, CBC-only, and combined feature sets. Therefore, the independent or incremental 
contribution of CBC parameters cannot be determined. Finally, external validation and model 
calibration were not performed. The findings should therefore be considered exploratory. 
Specific diagnostic tests and criteria, detailed exclusion counts, outlier thresholds, exact model 
settings, and software versions were not available, which limits reproducibility. Records were 
split without grouping repeated visits by patient, so the same patient may have contributed 
observations to both subsets and the reported performance may be optimistic. Since repeated 
visits may not be independent, confidence intervals calculated directly from aggregate 
confusion-matrix counts would require assumptions that could not be verified. ROC-AUC 
values were not calculated because the continuous model scores were unavailable. External 
validation and model calibration are required before the findings can be considered for clinical 
use. 
Conclusion: 

This retrospective study explored the use of complete blood count parameters and a 
small number of basic clinical variables for machine learning-based classification of coronary 
artery disease. The analysis included 3,301 hospital records and compared six commonly used 
classifiers. 

Random Forest achieved the highest overall accuracy of 81.24% and F1-score of 
81.04%, while Logistic Regression produced the highest precision and Naïve Bayes produced 
the highest recall/sensitivity. Several models differed only slightly in performance, suggesting 
that the restricted combined feature set allowed useful retrospective discrimination. These 
findings establish neither that CBC alone predicts CAD nor that it adds value beyond the basic 
clinical factors. 

The results remain exploratory and should not be taken as evidence of a clinically 
validated diagnostic system. Future studies should evaluate this approach using independent 
and multicentre datasets with clearly defined clinical outcomes, stronger validation procedures, 
and calibration. Comparing basic-clinical-only, CBC-only, and combined models should also 
allow the added contribution of hematological variables to be quantified.  
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