
Decision Trees and Random Forests: A
Comparative Overview (2021–2025)

Machine learning practitioners frequently use Decision Trees and Random Forests for

classification and regression tasks. A Decision Tree is simple to interpret: it splits data by

feature thresholds to route instances to leaf nodes with predictions. However, deep trees

can overfit training data, capturing noise instead of general patterns. Researchers mitigate

this via pruning or restricting depth. In contrast, Random Forests are ensembles of many

trees built from bootstrap samples and feature subsets (bagging + random subspace).

This ensemble averaging reduces variance and often yields better generalization.

Decision Trees:
Decision Trees offer interpretability and simplicity, but deep trees risk overfitting. Recent

research emphasizes pruning strategies such as ACV-CCP (Halabaku & Bytyçi, 2024) to

reduce this issue and improve generalization.

Random Forests:
Random Forests, introduced by Breiman, build on earlier ideas such as Ho’s random

subspace method. By averaging predictions from multiple randomized trees, they reduce

variance and improve accuracy. However, the ensemble behaves like a “black box,”

making interpretability a challenge. Recent surveys (Haddouchi & Berrado, 2024) provide

taxonomies of interpretability techniques, while approaches like majoritary reasons

(Audemard et al., 2021) aim to balance explanation complexity and accuracy.

Applications and Challenges:
Random Forests have been widely applied across fields. For instance, in ecology, they

uncover nonlinear interactions in ecosystems (Simon et al., 2023). In medicine, however,

fully grown RF trees may yield overly sharp probability peaks, sometimes harming

calibration (Barreñada et al., 2024). An improved RF model accounting for correlation

among trees enhances accuracy (Sun et al., 2024). Other works compare RF with

XGBoost under different sampling techniques (Imani et al., 2025).

Summary:
Decision Trees provide interpretability but are prone to overfitting. Random Forests

generally outperform them in predictive accuracy due to reduced variance, but at the cost

of interpretability. Ongoing research (2021–2025) focuses on bridging this gap with

improved pruning methods, interpretability frameworks, and hybrid ensemble strategies,

making Random Forests more transparent and robust.
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