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Abstract: 

This study explores the application of a Random Forest Classifier for the automated detection of Cardiomegaly from chest 
X-ray images, utilizing a dataset processed and derived from the NIH Chest X-ray Dataset. Given the crucial need for 

accurate and timely diagnosis of Cardiomegaly to inform appropriate treatment decisions, this research aims to determine 

the efficacy of machine learning models in augmenting diagnostic processes. Employing image pre-processing techniques 
such as Sobel filtering for edge detection and Hu Moments for feature extraction, the study enhances the input features for 

the model. The performance of the classifier was evaluated using a 5-fold cross-validation approach, yielding results with 

average accuracy, precision, recall, and F1-scores ranging approximately between 52% and 54%. These findings suggest a 

moderate level of reliability and consistency, indicating the potential utility of ensemble machine learning methods in 
medical imaging analysis. However, the variability in performance across different data subsets highlights the challenges 

and necessitates further optimization. This research contributes to the ongoing discourse on integrating machine learning 

into clinical settings, demonstrating the potential benefits and current limitations. Future research is recommended to 

expand the dataset variety, integrate advanced deep learning methodologies, and rigorously test these models in clinical 
environments. The findings hold significant implications for the development of automated diagnostic tools in healthcare, 

potentially leading to enhanced diagnostic accuracy and efficiency. 

Keywords: Random Forest Classifier, Image Pre-processing, Ensemble Learning Methods, Healthcare Diagnostics. 

Dataset link: https://www.kaggle.com/datasets/rahimanshu/cardiomegaly-disease-prediction-using-cnn 
 

1. Introduction 

Cardiomegaly, or an enlarged heart, is a medical condition often indicative of underlying heart disease or stress, 

and can lead to congestive heart failure if not diagnosed and managed effectively. The condition is typically identified 

in clinical settings through imaging techniques such as chest X-rays. However, traditional methods of detection rely 

on visual inspections and measurements made by radiologists, which are subject to variability and potential human 

error. The significance of achieving accurate and timely diagnosis cannot be overstated, as it directly influences 

treatment decisions and patient outcomes. 

The primary problem addressed by this research is the need for improved diagnostic accuracy in the detection of 

Cardiomegaly from chest X-ray images. Manual methods not only vary due to individual practitioner skill but are also 

time-consuming. Consequently, there is a compelling need for automated systems that enhance both the speed and 

precision of diagnostic processes. Such systems can help standardize Cardiomegaly assessments and potentially 

reduce the rates of misdiagnosis. 
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The objective of this study is to develop an automated detection system for Cardiomegaly using a machine learning 

approach, specifically through the implementation of a Random Forest Classifier [1]. By utilizing advanced image 

pre-processing techniques and ensemble learning methods, this study aims to provide a robust model capable of 

assisting radiologists in diagnosing Cardiomegaly more accurately and efficiently. 

Several research questions guide this study: How effectively can a Random Forest Classifier [2]–[4], trained on 

pre-processed images, detect Cardiomegaly compared to traditional diagnostic methods? What are the optimal pre-

processing techniques that enhance the model’s accuracy? These questions aim to explore the viability of machine 

learning algorithms in medical image analysis and their potential to supplement existing diagnostic procedures. 

This research is bounded by certain limitations, primarily the scope of the dataset used, which is derived from a 

larger collection of chest X-rays provided by the NIH Clinical Center. The images have been processed and resized 

to a uniform dimension, potentially omitting subtle nuances crucial for diagnosis in a real-world scenario. 

Furthermore, the study focuses exclusively on images processed with Sobel filtering and Hu Moments for feature 

extraction, which may not encapsulate all features relevant to Cardiomegaly. 

The contributions of this research are twofold. Firstly, it advances the application of machine learning in medical 

imaging, particularly using ensemble methods for the detection of significant heart conditions. Secondly, it seeks to 

establish a benchmark for the performance of automated detection systems in identifying Cardiomegaly, offering 

insights into the potential integration of such technologies in clinical settings, thus paving the way for future 

innovations in medical diagnostics [5]–[7]. Through rigorous validation methods and comprehensive performance 

metrics, this study aims to substantiate the efficacy of automated systems in enhancing diagnostic accuracy for 

Cardiomegaly in chest X-rays. 

2. Method 

The study employs a quantitative research design using a supervised machine learning approach to develop a 

classification model capable of identifying Cardiomegaly from chest X-ray images. The effectiveness of the model is 

evaluated through a series of experiments involving pre-processing, feature extraction [8], model training [9], and 

validation using cross-validation techniques [10]–[12]. Figure 1 presents a graphical representation of the complete 

research workflow. 
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Figure 1: Procedure for Assessing a Random Forest 

Sample or Data Selection: 

The dataset consists of chest X-ray images labelled as either 'Positive' or 'Negative' for Cardiomegaly. These 

images were initially sourced from the publicly available NIH Chest X-ray Dataset and further processed to select 

only those pertinent to the study. The final dataset includes equal proportions of positive and negative cases, ensuring 

balanced class distribution which is critical for training unbiased machine learning models. 

Tools and Technology Used: 

The study utilizes Python programming language with several libraries: 

• NumPy and Pandas for data manipulation, 

• OpenCV for image pre-processing, 

• Scikit-learn for implementing the Random Forest algorithm and conducting the machine learning analysis, 

• Matplotlib and Seaborn for data visualization. 

Data Collection Process 

Images were resized to 128 × 128 pixels to normalize input size and processed using two key techniques: 
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a. Sobel Operator: Used for edge detection in images, enhancing the structural edges by calculating the gradient 

of image intensity at each pixel [13]–[15]. 

In Figures 2 and 3 the results of image segmentation using sobel features on the dataset are shown. 

 

Figure 2: Sobel Results for Negative Class 

 

Figure 3: Sobel Results for Positive Class 

 

b. Hu Moments: Employed to extract shape-based features from images, which are invariant to image 

transformations and provide a robust basis for classification. 
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Figure 4: Scatter Plot Visualization of Extracted Hu Moments Features 

Data Analysis Method 

 

Figure 5: Spilitting Data 

The dataset was split into training and testing sets with an 80/20 ratio using stratified sampling to maintain 

equivalent proportions of each class in both sets. The Random Forest Classifier [16] was trained on the training set. 

Performance evaluation was conducted using 5-fold cross-validation [17], [18] to assess the model's robustness and 

generalizability. The performance of the model was evaluated using accuracy, precision, recall, and F1-measure, 

calculated as follows [19]–[24]: 

Accuracy =
Number of Correct Predictions

Total Number of Predictions
 (4) 
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Precision =
True Positives

True Positives + False Positives
 

 

Recall =
True Positives

True Positives + False Negatives
 

 

𝐹1 =
2 × Precision × Recall

Precision + Recall
 

 

 

3. Result and Discussion 

The Random Forest Classifier was evaluated using a 5-fold cross-validation to ascertain its effectiveness in 

diagnosing Cardiomegaly from chest X-ray images. The performance metrics, presented below, show a mix of 

variability across the different folds, which is indicative of the model's general behaviour under varied data subsets. 

Table 1.  

Table 1: Performance Metrics Across 5-Fold Cross-Validation for the Random Forest Classifier 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 53.49% 53.5% 53.49% 53.47% 

K-2 50.45% 50.48% 50.45% 49.76% 

K-3 51.35% 51.35% 51.35% 51.35% 

K-4 53.89% 54.49% 53.89% 52.23% 

K-5 52.76% 52.9% 52.76% 52.14% 

∑ 𝑨𝒗𝒈 52.39% 52.54% 52.39% 51.79% 

 

Figure 6: Performance Metrics Across 5-Fold Cross-Validation for the Random Forest Classifier 
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Figure 7: Confusion Matrix 

Figure 7 The accompanying confusion matrix visualizes the true and predicted classifications of the model, 

showing a total of 273 true negatives, 180 false positives, 159 false negatives, and 276 true positives. This indicates a 

balanced sensitivity and specificity across the dataset. A series of graphs further elucidate the performance metrics 

across the folds, with the line graph depicting the fluctuations in accuracy, precision, recall, and F1-score. A boxplot 

illustrates the spread and central tendency of these metrics, providing a visual summary of the model’s consistency. 

Discussion 

The interpretation of the results reveals that the Random Forest Classifier, while generally consistent, displays 

moderate variability in performance across different subsets of the data, which could be attributed to the intrinsic 

heterogeneity of medical imaging data. The classifier's precision generally aligns with its accuracy, suggesting that 

when it predicts a case as positive, it is fairly reliable. However, the recall and F1-score variability highlight potential 

areas for improvement, particularly in minimizing false negatives, which are critical in medical diagnostics. 

These findings align with previous research suggesting that ensemble methods like Random Forest can effectively 

handle complex patterns in data but may require careful tuning of parameters and feature selection to optimize 

performance for specific applications such as medical image analysis. The practical implications of this research are 

significant, offering a potential tool for assisting radiologists in diagnosing Cardiomegaly more efficiently and with 

greater accuracy, thereby facilitating earlier and more effective treatment interventions. 

However, the study is not without limitations. The reliance on processed and resized images may result in the loss 

of critical diagnostic information, potentially affecting the classifier’s ability to generalize to new, unprocessed 

images. Furthermore, the balanced dataset used for training and testing might not perfectly represent the true 

distribution of Cardiomegaly in the general population, possibly skewing the model's predictive power in real-world 

scenarios. 

Future research should focus on expanding the dataset to include a wider variety of X-ray images, exploring more 

sophisticated image processing methods that preserve critical diagnostic features, and testing the model across 
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unbalanced datasets to better simulate real clinical environments. Further, integrating newer deep learning approaches 

could potentially enhance the model's ability to learn more complex features without manual feature extraction, driving 

improvements in both accuracy and reliability. 

4. Conclusion 

The investigation into the use of a Random Forest Classifier for diagnosing Cardiomegaly from chest X-ray images 

demonstrates moderate success, with the model achieving average accuracy, precision, recall, and F1-scores around 

52% to 54% across a 5-fold cross-validation. The results reveal that while the model is somewhat reliable in its 

predictions, there is noticeable variability across different data subsets, highlighting the challenge of using machine 

learning in medical image analysis where data heterogeneity is prevalent. The analysis confirms that a well-tuned 

ensemble method like Random Forest can manage complex patterns in medical imaging data but requires careful 

consideration of feature selection and model parameters to optimize performance. 

This research substantiates the hypothesis that machine learning models can aid in the automated diagnosis of 

Cardiomegaly, providing a foundation for future technological integration into clinical diagnostics. The study 

contributes to the growing body of knowledge demonstrating the viability of machine learning in enhancing diagnostic 

accuracy and efficiency in healthcare settings. For future endeavors, it is recommended to expand the dataset to include 

a broader range of image types and conditions, explore advanced deep learning techniques that might obviate the need 

for manual feature extraction, and assess the model's performance in real-world clinical settings to better gauge its 

practical effectiveness and reliability. Further research should also consider the impact of dataset imbalances and strive 

to develop models that are robust to such challenges, potentially increasing their applicability and utility in diverse 

medical environments. 
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