Understanding the Difference Between Decision Tree and Random Forest Algorithms
Comparative Report: Decision Tree vs. Random Forest Algorithms:-
The evolution of supervised learning has positioned Decision Trees (DT) and Random Forests (RF) as foundational tools for classification and regression. While both utilize a tree-based architecture, they differ significantly in their approach to data processing and model stability.
Definitions and Methodology:-
A Decision Tree is a non-parametric supervised learning method that predicts the value of a target variable by learning simple decision rules inferred from data features. It recursively partitions the feature space into hierarchical branches, ending in "leaf" nodes that represent a final outcome.
Conversely, a Random Forest is an ensemble learning method that constructs a multitude of decision trees during training. It employs bagging (bootstrap aggregating) to train each tree on a random subset of data and feature randomness to ensure that each tree is uncorrelated. The final prediction is determined by a majority vote for classification or the average value for regression.
Core Differences in Performance:-
The primary distinction lies in stability and generalisation. Decision trees are prone to overfitting, as they can create overly complex structures that capture noise rather than patterns. A small change in input data can result in a completely different tree structure. Random forests mitigate this by averaging the results of numerous trees, which reduces variance and provides superior robustness against noise and outliers.
	Feature
	Decision Tree
	Random Forest

	Model Type
	Single tree-based model
	Ensemble of multiple trees

	Interpretability
	High; easy to visualize
	Low; complex "black-box"

	Accuracy
	Moderate; sensitive to noise
	High; robust generalisation

	Training Time
	Fast
	Slower (parallel processing)

	Overfitting
	High risk
	Low risk




Use Cases:-
Decision Trees are ideal for scenarios requiring high interpretability and transparency, such as medical diagnosis or credit scoring, where a human must understand the logic behind a "yes/no" decision. They are also preferred for small datasets where computational efficiency is a priority.
Random Forests are the preferred choice for high-dimensional datasets where raw predictive power is paramount. Common applications include fraud detection, stock price prediction, and complex genomic research, where the relationships between variables are non-linear and intricate.
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