Difference between Decision Tree and Random Forest algorithms

1. Definition
1.1   Decision tree
A decision tree is a non-parametric method named according to the nature of target variable. It is called a classification tree if the target variable is categorical and a regression tree if the target variable is continuous.[3] This method classifies a population into branch-like segments that construct an inverted tree with a root node, internal nodes, and leaf nodes. [1]
	
1.2 Random Forest
Random forest is an ensemble learning method. It generates many classification trees by selecting subsets of the given dataset and selecting subsets of predictor variables randomly, finally aggregating the results of all models to obtain a random forest.[3] It show excellent performance in settings where the number of variables is much larger than the number of observations. [2]

2. Comparison of Random Forest and Decision Tree
2.1    From Structure and working principle
Decision tree: A decision tree is a hierarchical structure where each internal node represents a test on an attribute, each branch denotes a test outcome, and each leaf node corresponds to a classification label.
Random forest: A random forest consists of multiple independent decision trees. For a given input, each tree makes a prediction, and the final output is determined by majority voting (classification) or averaging (regression) across all trees.

2.2 From Training mode
Decision tree: A single tree is trained by recursively selecting the optimal feature splits based on criteria such as information gain or Gini index.
Random Forest: The algorithm generates multiple bootstrap samples from the original dataset and trains a separate decision tree on each subset, introducing randomness to improve robustness.

2.3 From Performance
Decision tree: Owing to its simplicity, a decision tree offers fast training and inference. However, it is prone to overfitting, especially with noisy or complex data.
Random Forest: By aggregating multiple decision trees, a random forest reduces overfitting and generally achieves better generalization performance.


3. Conclusion
Decision trees are effective for simple problems due to their interpretability and efficiency but often suffer from overfitting in complex scenarios. Random forests, composed of diverse and independent decision trees, offer improved accuracy and robustness, making them more suitable for handling complex, high-dimensional data.
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