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Introduction
In machine learning, two common models are the decision tree (DT) and the random forest (RF). A decision tree splits data step by step using questions about the features until it reaches a final answer at the leaves [1]. A random forest is a collection of many decision trees whose results are combined, usually by majority vote, to make predictions more reliable [2].
Methodology
A decision tree chooses the best feature at each step to divide the data, using measures like Gini impurity or information gain. This continues until a stopping point is reached, such as when the tree is too deep or the groups are pure. The problem is that deep trees can overfit, meaning they perform well on training data but badly on new data.
A random forest improves this by creating many trees. Each tree is trained on a different random sample of the data, and only a random set of features is checked at each split [3]. The final result comes from combining all the trees’ answers, which makes the model more accurate and stable [4].
Differences and Performance
A single decision tree is simple and easy to explain but can easily overfit. Random forests reduce this problem by averaging the results of many trees, which lowers error and improves stability [4][5]. Studies show that RF usually performs better than DT in terms of accuracy, precision, and recall [6][5]. However, for small or simple datasets, a single decision tree may work just as well [7]. The trade-off is that DTs are easy to interpret, while RFs are more like a “black box” [2][5].
Use Cases
Decision trees are best when you need simple rules and clear explanations, for example in decision support systems. They are also faster to train and good for smaller datasets. Random forests are preferred when prediction accuracy is more important, especially with large, complex, or noisy datasets.
Strengths and Limitations
Decision trees are simple, quick, and easy to understand. Their downside is that they overfit easily and are unstable when the data changes. Random forests are stronger, generalize better, and work well with high-dimensional data [5][8]. However, they are harder to explain and require more computing power.
Conclusion
Overall, decision trees are useful for clear and fast decision-making, while random forests usually give better accuracy and stability. The choice depends on whether your priority is interpretability or performance.
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