Understanding the Difference between Decision Tree and Random Forest Algorithms
Decision Tree:
Decision Tree (DT) is a supervised learning algorithm used for classification and regression tasks. It predicts outcomes by recursively splitting the dataset based on feature values. Internal nodes represent feature tests, branches indicate possible outcomes, and leaves represent final predictions or class labels. DTs are widely appreciated for their interpretability, as the reasoning behind decisions can be easily traced. However, they are highly prone to overfitting, particularly when the tree becomes deep, and can be unstable since small changes in data may result in different trees [1].

Random Forest:
Random Forest (RF) builds upon the concept of decision trees by constructing an ensemble of multiple trees. Each tree is trained on a bootstrap sample of the dataset, and at each split, a random subset of features is considered. Predictions are aggregated: majority voting for classification or averaging for regression. This ensemble approach significantly reduces variance, improves generalization, and increases accuracy compared to a single decision tree. RF is also robust to noise and works efficiently with high-dimensional datasets. Its main limitation lies in reduced interpretability and higher computational cost [2], [3].
Key Differences:
The core differences between DT and RF lie in their methodology and performance. DT is a single tree model, prone to overfitting but easy to interpret. RF is an ensemble of trees, which reduces overfitting, increases predictive performance, and is more stable, although at the cost of explainability and speed. Empirical studies demonstrate that RF consistently outperforms DT on accuracy and stability metrics across various datasets, including healthcare and structured data [3].
Use cases also difference:

DT is preferred when transparency and explainability are essential, such as in medical diagnosis, credit approval, or legal decision-making. RF is chosen when predictive accuracy and robustness are prioritized, for example in fraud detection, intrusion detection, remote sensing, and image classification [2], [3].
In conclusion, DTs offer simplicity and interpretability but suffer from overfitting, whereas RFs provide enhanced predictive performance and stability at the cost of interpretability and computational resources. The choice between these algorithms depends on the application’s requirement for explainability versus accuracy.
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