Difference between Decision Tree and Random Forest Algorithms

Decision Trees and Random Forests are two machine learning algorithms often used for classification and prediction problems. They are closely related because Random Forest is built using Decision Trees, but they operate differently and typically yield different performance levels.
A Decision Tree makes predictions by following a series of questions about the data. Each answer leads to another branch until the model reaches an outcome. The structure is like a flowchart, where each branch represents a possible decision, and each path leads to a result. Because of this, the decision-making process can be followed step by step, making the model easy to understand and visualise. 
Figure 1 demonstrates how Decision Trees make predictions through a sequence of simple decisions that can be easily followed and understood.
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According to Lu et al. [1], Decision Trees clearly show different stages of decision-making and can be used with both numerical and categorical data. This is one of the reasons why they are commonly used in areas where understanding how a prediction was made is important, such as healthcare, education, and business decision-making.
Even though Decision Trees are easy to understand, they are not perfect. If a tree keeps growing and becomes too detailed, it may start focusing on small patterns found only in the training data. When this happens, the model can struggle to make accurate predictions on new data. This problem is known as overfitting and is one of the main limitations of Decision Trees [2].
Random Forest reduces this issue. Instead of relying on a single tree, it creates many different Decision Trees using random samples of the available data. Each tree makes its own prediction, and the result is based on the combined opinions of all trees. This approach usually produces more reliable results because the errors made by individual trees are less likely to affect the final prediction [3].
Figure 2 illustrates how a Random Forest works using the same loan approval example. Instead of relying on a single tree, the model generates multiple Decision Trees and combines their predictions.
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In practice, the choice between the two methods depends on the task. A Decision Tree is useful when it is important to understand how a prediction was made. Random Forest is often preferred for more complex datasets because it generally produces more accurate and stable results. For this reason, both methods continue to be widely used in machine learning [4]. 
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