

Understanding the Difference between Decision Tree and Random Forest Algorithms
Decision Tree and Random Forest algorithms are widely used in machine learning for classification and regression tasks. Both are part of the ensemble of supervised learning methods, but they differ significantly in methodology and performance.
A Decision tree is a flowchart-like model that splits data into branches based on feature values, resulting in a tree structure where internal nodes represent features, branches represent decision rules, and leaves denote outcomes. The algorithm recursively partitions the dataset into subsets to reduce impurity, commonly using measures such as Gini impurity or entropy [1]. Although interpretable and computationally efficient, Decision Trees are prone to overfitting, especially when deep and complex.
Random Forest, on the other hand, is an ensemble method that constructs a multitude of Decision Trees during training and outputs the mode or mean prediction of the individual trees. It introduces two layers of randomness: bootstrapping of training data (bagging) and feature selection for splitting nodes. This aggregation helps mitigate overfitting and enhances generalization performance [2].
The core methodological difference lies in how predictions are made. Decision Trees are singular and deterministic, making them sensitive to data fluctuations. Random Forests, by contrast, reduce variance through ensemble averaging, offering more robust and accurate predictions. However, they are less interpretable due to their complexity and increased computational cost.
In practice, Decision Trees are suitable when interpretability and quick decisions are required, such as in clinical rule-based systems or credit approval processes. Random Forests excel in high-dimensional or noisy datasets, such as in genomics or remote sensing applications, where accuracy is paramount and interpretability is secondary [3].
In conclusion, while both algorithms serve similar purposes, Random Forest significantly enhances the stability and predictive power of Decision Trees. The choice between them depends on the trade-off between interpretability and performance, as well as computational resources.
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