


Comparative Analysis of Decision Trees and Random Forests Algorithms
Decision Trees and Random Forests are both classification methods used in predictive modelling. A Decision Tree is a single model that splits data to make predictions, while Random Forest is an ensemble method that builds multiple trees and aggregates their results for improved accuracy and robustness.
The performance differences between Decision Trees and Random Forests in classification tasks can vary across datasets and applications. For instance, a study using an employee dataset with 4,654 records found that Random Forest achieved 86.45% accuracy, compared to 84.30% for Decision Trees. Additionally, Random Forest demonstrated better precision (96.7% vs 95.7%), sensitivity (84.7% vs 82.9%), specificity (91.4% vs 88.4%), and F1-Score (90.2% vs 88.8%). These results indicate that Random Forest generally exhibits stronger predictive performance and robustness in this context [1].

Conversely, in a lung cancer classification task involving a smaller dataset of 1,010 entries and seven attributes, the Decision Tree algorithm outperformed the Random Forest algorithm. The Decision Tree without feature selection achieved an accuracy of 64.85%, while the Random Forest achieved only 52.62%. After applying feature selection, both methods experienced a decline in accuracy; the Decision Tree's accuracy dropped to 55.94%, and the Random Forest's accuracy decreased to 52.47%. This suggests that Decision Trees may be more effective at capturing data patterns in relatively small datasets, whereas Random Forests may perform less well under these conditions [2].

Advantages and Limitations 

Overall, Random Forests tend to provide more stable, higher-accuracy results in larger datasets by aggregating multiple trees. However, they also come with drawbacks, including increased computational complexity and reduced interpretability, making it harder to derive simple decision rules, which are essential for model transparency in some applications [3]. Decision Trees may perform better or comparably in smaller datasets or under specific feature configurations, but are prone to overfitting, particularly with complex or noisy data, leading to higher error rates than ensemble methods like Random Forests [4].
In conclusion, selecting the right classification method requires considering factors such as dataset size, feature characteristics, and specific task requirements. Each method has its strengths and weaknesses, and aligning the choice with these factors can improve outcomes. 
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