Vackaar Hussain 2209946 (Week 3 Machine Learning Applications Class Exercise)
Decision Trees vs Random Forests: A Comparative Report

A nonparametric supervised learning technique for regression and classification is a decision tree. Until termination criteria (max depth, minimum leaf size) are satisfied, it recursively partitions the feature space by choosing a feature and threshold (or split condition) at each internal node that best separates target values (for example, using Gini impurity, information gain, or mean squared error). 
The product is a tree structure with internal nodes representing decision rules (if–then branching) and leaves assigning predictions (a class label or continuous value). Because a decision rule may be used to trace a path from root to leaf, the model is interpretable. Decision trees are unstable, though, as even slight modifications to the training data can result in highly variable splits and overfitting [1].

By merging numerous separately trained decision trees into a single aggregated model, the Random Forest ensemble approach expands upon decision trees. A random subset of features is taken into consideration for splitting (feature subsampling) at each node, and each tree is trained on a bootstrap sample (sampling with replacement) of the original data (bagging). The predictions of the individual trees are combined (average for regression; majority vote for classification) after they have grown unpruned, or to full depth [3]. 
This "wisdom of crowds" method keeps bias low while lowering variance (overfitting). This randomization with aggregation produces a reliable predictor in moderate conditions, as shown by Breiman's theoretical formulation (and later formal analyses), and its convergence rate adjusts to sparsity (i.e., the number of "active" features) rather than total dimensionality [2].

Core Differences & Performance
Fundamental Distinctions & Performance Variance vs. Bias: A random forest lowers variance by averaging, whereas a single decision tree has low bias but high variation.

Random forests use ensemble averaging to reduce overfitting, which is a tendency of decision trees, particularly when deep splitting is used.

Interpretability: Random forests lose global interpretability (although feature priority measures are helpful), whereas decision trees are simple to understand.

Computational Cost: Random forests may be slower in latency-sensitive applications and use more memory and compute during training (many trees).

Stability & Robustness: Random forests are more resilient to minor disturbances and noise. On numerous datasets, empirical comparisons frequently demonstrate that random forests outperform choice trees in terms of accuracy (e.g., classification accuracy 71.1% vs. 64.9%) [2].


Benefits and Drawbacks
The benefits of decision trees include interpretability, quick training and inference, low preparation requirements for data, and the ability to handle both continuous and categorical characteristics [4].

Limitations of decision trees include high volatility, sensitivity to changes in the data, potential overfit, and biased splits (particularly when features have multiple levels) [4].

Benefits of Random Forest include better accuracy and generalization, resilience to overfitting, handling high-dimensional data, estimating feature relevance, and compatibility with missing data [4].

Limitations of Random Forest include poor extrapolation beyond of training ranges, reduced interpretability, increased computational and memory costs, and potential difficulties with high-cardinality categorical data [4].


When to decide which
Use a decision tree when you need basic rule sets, interpretability is important (for example, in healthcare or policy), or computational resources are restricted [5].

When interpretability is less important than predicting accuracy and generalization, particularly on huge, noisy, or high-dimensional datasets, use a Random Forest [5]. (For instance, in educational institutions)

Hybrid Strategies: For deployment in limited contexts or for interpretability, a random forest may be trained first for accuracy, and then it may be distilled or approximated using a more straightforward decision tree.

In conclusion, decision trees are easy to understand and comprehend but tend to overfit; random forests improve upon them by using ensemble methods to generate more accurate and dependable models at the expense of computation and interpretability [5].
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