Report on difference between Decision tree and Random Forest

A random forest is an ensemble learning method that operates by constructing a multitude of decision trees during training and outputting a final prediction based on their combined results [1]. It is designed to overcome the limitations of a single decision tree, particularly its tendency to overfit.
	Bootstrap Aggregation (Bagging): Each tree in the forest is trained on a different bootstrap sample of the original training data [2]. A bootstrap sample is created by randomly selecting data points from the training set with replacement, so some data points may appear multiple times while others are left out. The unused data points are called out-of-bag (OOB) samples and can be used to estimate the model's generalization error.
	    Random Feature Selection: When building each tree, at each node, a split is determined by searching over a random subset of the available features rather than all of them [3]. This prevents a few strong predictors from dominating the structure of all trees, which would make them highly correlated. This randomized feature selection is a key distinction from simple bagging.
A decision tree is a supervised machine learning algorithm that can be used for both classification and regression [4]. It functions by repeatedly partitioning the data based on the values of predictors, creating a model with a hierarchical, tree-like structure.
	Structure: A decision tree consists of a root node at the top, which contains the entire dataset, internal (or test) nodes that represent decisions based on features, branches representing the outcomes of those decisions, and leaf (or terminal) nodes that represent the final predicted outcome [2]. Each leaf node corresponds to a distinct, non-overlapping region of the predictor space. For classification, the leaf node holds the predicted class, often the majority class of the training samples in that region [5]; for regression, it holds a predicted numerical value, typically the mean of the training samples in that region.
• Learning Process: Decision trees are typically grown using a greedy, top-down approach. At each node, the algorithm asks a series of "yes" or "no" questions to split the data. It selects the best predictor and split point by optimizing a criterion that maximizes the homogeneity (or reduces the "impurity") of the resulting child nodes. Common criteria include Information Gain, Gini Index, or reduction in variance (like Residual Sum of Squares for regression) [6]. This process of binary splitting continues recursively until a stopping criterion is met, such as a minimum number of samples in a node or a maximum tree depth [7].
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