Understanding Random Forests: An
Introduction to Ensemble Learning
Methods

Authored by
Mohammed looti

November 6, 2025

Mohammed looti (2025). Understanding Random Forests: An Introduction to Ensemble
Learning Methods. PSYCHOLOGICAL STATISTICS. Retrieved from
https://statistics.arabpsychology.com/?p=11707

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://statistics.arabpsychology.com/?p=11707
https://statistics.arabpsychology.com/?p=11707
https://statistics.arabpsychology.com/?p=11707
https://statistics.arabpsychology.com/?p=11707
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Understanding Random Forests: An Introduction to Ensemble Learning Methods

The Challenge of Complex Data Modeling

When analyzing datasets where the relationship between a set of predictor variables and a
response variable is non-linear or highly intricate, traditional linear modeling approaches often fall
short. To accurately capture these complex interactions, practitioners frequently turn to robust,

non-parametric methods that can adapt to high-dimensional data structures.

One powerful technigue used for both prediction and interpretation is Classification and Regression
Trees (CART). These algorithms systematically partition the feature space into distinct regions,
constructing hierarchical structures known as decision trees. Each tree uses the predictor variables

to determine the likely value or category of the response variable, offering an intuitive, flow-chart-
like representation of the decision process.
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Example of a regression
tree that uses years of experience and average home runs to predict the salary of a
professional baseball player.

Understanding the Limitations of Single Decision Trees

The primary advantage of employing individual decision trees lies in their straightforward
interpretability and ease of visualization. They allow researchers to clearly trace the path of
decisions leading to a specific prediction, which is invaluable for explaining model outcomes to
non-technical stakeholders.

However, this simplicity comes at a significant cost: single decision trees tend to suffer critically
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from high variance. This statistical phenomenon means that the model is extremely sensitive to
minor fluctuations or changes in the training data. For instance, if we were to partition a dataset
into two random subsets and train a decision tree on each, the resulting models and their
predictive structures could be substantially different. This instability renders single decision trees
unreliable for robust prediction on unseen data.

To mitigate this inherent instability and improve generalization performance, machine learning
practitioners must move beyond single tree models and leverage techniques that combine the
predictions of multiple, related models into a robust ensemble.

Improving Stability with Bagging

One of the earliest and most effective ensemble techniques developed to counteract high variance
is known as Bagging, an abbreviation for Bootstrap Aggregating. The core principle of bagging is to
generate multiple training sets by drawing repeated, independent samples--known as bootstrapped
samples--from the original dataset. These samples are then used to train a diverse collection of
decision trees.

The bagging process follows a straightforward sequence:

Take B number of bootstrapped samples from the original dataset.

Build a distinct decision tree for each of these B bootstrapped samples.

Aggregate the predictions of all individual trees (usually by averaging for regression or majority
voting for classification) to form the final, stabilized model output.

While bagging generally yields a significant reduction in the test error rate compared to a single,
unstable decision tree, it introduces a critical weakness: correlated predictions. If the dataset
contains one or two extremely strong predictor variables, nearly every bagged tree will prioritize
splitting on those same predictors near the root. This results in a collection of trees that are
structurally very similar and therefore have highly correlated predictions.

Averaging these highly correlated predictions does not effectively reduce the overall variance of
the final ensemble model, as the errors across the trees tend to move in unison. Consequently, the
reduction in variance may be marginal compared to the effort expended, necessitating a further
refinement of the ensemble technique.

Introducing Random Forests: Decorrelating the Ensemble

To overcome the fundamental correlation problem inherent in standard bagging, we employ a
sophisticated modification known as the Random Forest algorithm. Random Forests retain the

robust framework of bagging--utilizing multiple bootstrapped samples--but introduce a crucial
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element of randomness during the tree-building process itself. This added step ensures that the
resulting trees are structurally diverse and minimally correlated, leading to far more stable and
reliable ensemble predictions.

When constructing each decision tree within the forest, every time a potential split is evaluated, the
algorithm does not consider the full set of p predictor variables. Instead, it only considers a random
subset of m predictors drawn from the full set. The algorithm must then choose the best split only
from this limited, randomly selected group of m candidates. This forced restriction is the key
mechanism for decorrelation.

By using this methodology, the collection of trees in a random forest is systematically decorrelated
compared to the trees produced by standard bagging. Even if a strong predictor exists, the random
selection process ensures that it will only be available as a split candidate for a fraction of the splits
across the entire forest. Consequently, the resulting collection of trees is highly heterogeneous,
and when their predictions are averaged, the variance is substantially reduced, yielding a lower
overall test error rate than a purely bagged model.

The Full Random Forest Methodology

The complete procedure used by Random Forests to construct a robust predictive model can be
summarized in three primary steps, emphasizing the unique constraint placed on feature selection:

Take B bootstrapped samples from the original dataset.
Build a decision tree for each bootstrapped sample, adhering to the following rule:

When building the tree, each time a split is considered, only a random sample of m predictors is
considered as split candidates from the full set of p predictors.

Average the predictions of each tree to come up with a final, highly decorrelated model.

Determining the optimal value for the parameter m is critical for achieving maximum decorrelation
without sacrificing too much predictive power. For classification tasks, a standard rule of thumb is
to set m equal to the square root of p (i.e., $m = sqgrt{p}$). For example, if a dataset contains p =
16 total predictors, we would typically only consider m = V16 = 4 predictors as potential split
candidates at each node.

Technical Note:

It is interesting to note that if the parameter m is chosen such that $m = p$ (meaning all predictors
are considered as split candidates at every single split), the Random Forest algorithm is
statistically equivalent to performing simple bagging. This demonstrates that the core difference
between the two methods is solely the constrained random feature selection at each node split.
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Efficient Performance Evaluation: Out-of-Bag Estimation

Evaluating the true test error of a Random Forest model can be performed efficiently without
relying on expensive techniques like cross-validation, thanks to a unique feature of the
bootstrapping process known as out-of-bag (OOB) estimation. When a bootstrapped sample is

drawn, it is mathematically proven that, on average, approximately two-thirds (63.2%) of the
original dataset's observations are included in the sample used to train that specific tree.

The remaining one-third of the observations, which were not used to fit a particular tree, are
referred to as the out-of-bag (OOB) observations for that tree. Since these OOB samples were
entirely excluded from the training process for that specific tree, they function effectively as a built-
in, independent validation set.

We can generate a prediction for every single observation i in the original dataset by taking the
average prediction derived only from the subset of trees in which observation i was considered
OOB. This approach allows us to calculate an error rate across all n observations, resulting in a
statistically valid estimate of the test error. This method is often much quicker than exhaustive
methods like k-fold cross-validation, especially when dealing with massive datasets.

Practical Considerations: Advantages and Disadvantages

Random Forests have become one of the most widely adopted and highly successful algorithms in
applied machine learning due to several compelling advantages:

Random forests offer the following benefits:

In the majority of real-world scenarios, Random Forests deliver superior predictive accuracy
compared to both standard bagged models and, most notably, single decision trees.

They exhibit high resilience and robustness against outliers and noise present in the training data,
stabilizing performance without extensive pre-processing.

Minimal data pre-processing is required, as Random Forests inherently handle feature scaling,
missing values, and mixed data types effectively, simplifying the data preparation pipeline.

However, practitioners must also be aware of potential drawbacks associated with this powerful
technique:

Since the final prediction is an aggregation across hundreds or thousands of individual, complex
trees, the resulting model is often described as a "black box," making it difficult to interpret the
exact relationship between inputs and outputs.

Building and training a large Random Forest ensemble can be computationally intensive (i.e.,
slow), particularly when working with exceptionally large datasets or when tuning hyperparameters
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extensively.

In practice, data scientists frequently prioritize maximizing predictive accuracy. For this reason, the
slight difficulty in interpretation is usually deemed a worthwhile trade-off, cementing Random
Forests as an exceptionally effective tool for high-stakes prediction tasks across various industries.
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