Decision Tree vs Random Forest: Comparative Study

There are many machine learning classification and regression techniques. Two of the most common and powerful algorithms are Decision Trees and Random Forests, both of which are not only effective but also easily interpretable. This concise comparative study describes both approaches with an overview of their mechanisms, strengths, limitations, and usage contexts.



A Decision Tree is a tree-shaped model recursively partitioning the feature space into regions through feature tests, forming internal nodes, branches, and leaf terminals [1]. Information gain or Gini impurity algorithms are employed at each split to maximize separation. For classification, instances travel through the tree path to a leaf node that produces a class label. Decision trees are simple to interpret and naturalistic, allowing explicit decision rules to be extracted.



Nevertheless, Decision Trees are prone to overfitting when they are deep, leading to bad generalization. Perturbation of training data has the potential to lead to significant differences in tree structure with minimal change, implying high variance [1], [2]. Additionally, they perform worse when there is noisy data or when there are involved feature interactions.



As a solution to such issues, Random Forests apply the ensemble method. They build a number of decision trees from bootstrapped training sets (bagging), and at every split, only a random subset of the features is considered [3]. The final predictions are performed with majority voting (classification) or averaging (regression). This technique reduces variance and increases robustness without greatly expanding bias [3], [4].



In contrast to a single decision tree, Random Forests are less susceptible to overfitting, more accurate, and stable on noisy or high-dimensional data [4]. Experimental evaluations confirm higher precision, accuracy, and recall compared to decision trees [2]. They possess their main weakness in decreased interpretability since the predictions are made using many trees, thereby preventing the extraction of simple decision rules. They also require more computational resources in training and prediction [5].



In practice, Decision Trees are suitable when interpretability and model simplicity are most important, such as with small datasets or regulatory contexts. Random Forests, on the other hand, work well with large, high-dimensional, complicated datasets where prediction performance is most important, such as in medicine, finance, and remote sensing [5].



Conclusion: Decision Trees provide transparency and simplicity but overfit. Random Forests balance this by averaging collections of trees, providing improved performance but at the expense of explanation. The choice is whether or not to accept the sacrifice of explainability for predictive precision.



---
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