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1.1 Why Random Forest Dominates Modern ML

Random Forest wins. Leo Breiman created it, and now it dominates machine learning competitions more than

almost any other algorithm. Accuracy, robustness, ease of use—it delivers all three. Want to know why?

The algorithm builds hundreds or thousands of decision trees, then combines their predictions into one

powerful forecast. Classification uses majority voting. Regression averages predictions. This ensemble

approach fixes decision trees' biggest weakness: their tendency to overfit your training data and fail on new

examples.

Think of decision trees as flowcharts. They learn yes/no questions about your data. Start at the root with

your entire dataset, then recursively split based on feature questions. Each split aims to increase "purity"—

separating different classes more cleanly. You measure purity with Gini Impurity or Entropy.

The splitting continues. When does it stop? When you hit a stopping criterion: maximum depth reached,

perfect purity achieved, or too few samples remaining. Terminal leaves carry the final predictions.

Ensemble learning powers Random Forest. Multiple models often beat any single model. But you need two

things for a strong ensemble: accurate individual models and diversity between them, so they make different

errors that cancel out when combined.

Random Forest achieves this through two key techniques.

1. Understanding Random Forest: From Decision Trees to

Forest Power
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1. Bootstrap Aggregating (Bagging):

Figure: Bootstrap aggregating—sampling with replacement creates diverse training sets, each producing a

different tree that contributes to the ensemble's collective wisdom.

You create many bootstrap samples by drawing with replacement from your original dataset. Each sample

has the same size as the original, but some points appear multiple times while others get left out entirely.

About two-thirds of original points appear in any bootstrap sample. The remaining one-third forms the "out-

of-bag" sample for validation—a free test set you didn't have to hold out.

2. Random Feature Subspace Selection:

This distinguishes Random Forest from simple bagged trees. At every split, instead of considering all

features to find the optimal question, you randomly select a subset and find the best split within that subset.

This forces trees to be different—they can't all be dominated by the same highly predictive features,

ensuring diversity in the ensemble.

For classification, you typically use the square root of p features (where p equals the total number of

features). For regression, use p divided by 3.

Classification: mtry = √p

Regression: mtry = p/3
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Predictions become simple. Pass new data through every tree. Classification uses majority voting across all

trees. Regression averages predictions. This aggregation smooths out individual tree errors, creating a more

stable and accurate model.

Working Example: Random Forest Supervised Foundations

This example demonstrates how Random Forest improves upon single decision trees through ensemble

learning.
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import numpy as np

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestClassifier

from sklearn.tree import DecisionTreeClassifier

from sklearn.datasets import make_classification, make_circles

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy_score

# Generate datasets to demonstrate Random Forest strengths

np.random.seed(42)

print("Random Forest: From Single Trees to Ensemble Power")

print("=" * 47)

# Dataset 1: Linearly separable (easy for single tree)

X_linear, y_linear = make_classification(n_samples=300, n_features=2, n_redundant=0,

                                        n_informative=2, n_clusters_per_class=1,

                                        class_sep=2, random_state=42)

# Dataset 2: Non-linear boundary (challenging for single tree)

X_circles, y_circles = make_circles(n_samples=300, noise=0.1, factor=0.3, random_state=42)

datasets = [

    (X_linear, y_linear, "Linear Boundary"),

    (X_circles, y_circles, "Non-Linear Boundary")

]

for X, y, name in datasets:

    print(f"\nDataset: {name}")

    print("-" * 30)

    # Split data

    X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=4

    # Single Decision Tree

    tree = DecisionTreeClassifier(random_state=42)

    tree.fit(X_train, y_train)

    tree_pred = tree.predict(X_test)

    tree_acc = accuracy_score(y_test, tree_pred)

    # Random Forest with different numbers of trees

    forest_sizes = [1, 5, 10, 50, 100]

    forest_accuracies = []

    for n_trees in forest_sizes:

        rf = RandomForestClassifier(n_estimators=n_trees, random_state=42)

        rf.fit(X_train, y_train)

        rf_pred = rf.predict(X_test)

        rf_acc = accuracy_score(y_test, rf_pred)
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        forest_accuracies.append(rf_acc)

        if n_trees in [1, 10, 100]:

            print(f"  Random Forest ({n_trees:3d} trees): {rf_acc:.3f} accuracy")

    print(f"  Single Tree: {tree_acc:.3f} accuracy")

    print(f"  Improvement with 100 trees: {forest_accuracies[-1] - tree_acc:+.3f}")

# Demonstrate bootstrap sampling and feature randomness

print(f"\nBootstrap Sampling and Feature Randomness")

print("-" * 41)

# Create a dataset where we can track individual tree behavior

X, y = make_classification(n_samples=200, n_features=4, n_informative=3,

                          n_redundant=1, random_state=42)

# Track what happens in individual trees

rf = RandomForestClassifier(n_estimators=5, max_depth=3, random_state=42)

rf.fit(X, y)

print(f"Original dataset: {X.shape[0]} samples, {X.shape[1]} features")

print(f"Forest with {len(rf.estimators_)} trees")

# Analyze each tree in the small forest

for i, tree in enumerate(rf.estimators_):

    # Get bootstrap indices (not directly accessible, but we can analyze tree data)

    n_samples_bootstrap = tree.tree_.n_node_samples[0]  # Root node samples

    print(f"\nTree {i+1}:")

    print(f"  Bootstrap samples used: {n_samples_bootstrap}")

    print(f"  Tree depth: {tree.get_depth()}")

    print(f"  Number of leaves: {tree.get_n_leaves()}")

    # Show which features were used (get feature importance > 0)

    feature_importance = tree.feature_importances_

    used_features = np.where(feature_importance > 0)[0]

    print(f"  Features used: {used_features}")

    print(f"  Feature importances: {feature_importance[used_features]}")

# Demonstrate ensemble prediction process

print(f"\nEnsemble Prediction Process")

print("-" * 27)

# Take a single test sample

test_sample = X[:1]  # First sample

print(f"Test sample: {test_sample}")

# Get individual tree predictions

individual_predictions = []

individual_probabilities = []
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for i, tree in enumerate(rf.estimators_):

    pred = tree.predict(test_sample)

    prob = tree.predict_proba(test_sample)

    individual_predictions.append(pred[0])

    individual_probabilities.append(prob[0])

    print(f"Tree {i+1}: predicts class {pred[0]}, probabilities {prob[0]}")

# Show ensemble aggregation

ensemble_pred = rf.predict(test_sample)

ensemble_prob = rf.predict_proba(test_sample)

print(f"\nEnsemble aggregation:")

print(f"  Individual predictions: {individual_predictions}")

print(f"  Majority vote result: class {ensemble_pred[0]}")

print(f"  Average probabilities: {ensemble_prob[0]}")

print(f"  Final prediction: class {ensemble_pred[0]}")

# Demonstrate Out-of-Bag (OOB) scoring

print(f"\nOut-of-Bag (OOB) Error Estimation")

print("-" * 34)

# Create Random Forest with OOB scoring enabled

rf_oob = RandomForestClassifier(n_estimators=100, oob_score=True, random_state=42)

rf_oob.fit(X, y)

print(f"OOB Score: {rf_oob.oob_score_:.3f}")

print(f"Training accuracy: {rf_oob.score(X, y):.3f}")

print(f"OOB provides unbiased performance estimate without validation set")
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Figure: Out-of-bag validation—each tree validates on the ~37% of samples excluded from its bootstrap,

providing free error estimates without a separate test set.

# Show feature importance from ensemble

print(f"\nFeature Importance from Ensemble")

print("-" * 32)

feature_names = [f"Feature_{i}" for i in range(X.shape[1])]

importance_scores = rf_oob.feature_importances_

for name, importance in zip(feature_names, importance_scores):

    print(f"  {name}: {importance:.3f}")

print(f"  Most important feature: {feature_names[np.argmax(importance_scores)]}")

print(f"  Feature importances sum to: {np.sum(importance_scores):.3f}")
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Figure: Feature importance methods—impurity-based importance measures split quality, while permutation

importance measures prediction degradation when features are shuffled.

This example reveals Random Forest's core mechanics. Bootstrap sampling creates diverse training sets for

each tree. Random feature selection prevents trees from becoming too similar. Ensemble voting reduces

overfitting while improving accuracy—a winning combination that builds on individual tree strengths while

canceling their weaknesses. The out-of-bag samples provide honest performance estimates without

touching your test set. Feature importance emerges naturally from the ensemble's collective splits, telling

you which variables matter most.

1.2 The Unsupervised Challenge: Finding Structure in Unlabeled Data

Important Consideration: While this approach offers significant benefits, you must understand its

limitations and potential challenges as outlined in this section.

Unsupervised learning tackles a different challenge. You're finding hidden patterns in data without labels. No

target variable guides you. Clustering is the most common task—you partition data so similar points group

together while dissimilar points separate.

Traditional clustering algorithms depend critically on similarity or distance metrics. Got low-dimensional,

continuous numerical features? Euclidean distance works beautifully. But real-world datasets present

challenges that make simple metrics inadequate.
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High Dimensionality: In high-dimensional spaces (think genomic data with thousands of features), distance

becomes meaningless. This is the "curse of dimensionality." All points become roughly equidistant from each

other, making meaningful clusters nearly impossible to identify.

Mixed Data Types: Marketing or healthcare datasets mix numerical features (age, income) with categorical

ones (gender, location). How do you define coherent distance metrics that combine these disparate data

types? It's non-trivial, and often arbitrary.

Complex Cluster Shapes: K-Means assumes convex, spherical clusters. It struggles with irregular, non-

linear, or elongated shapes. Your real clusters might wrap around each other like crescent moons, but K-

Means will never find them.

Feature Scaling and Noise: Distance-based algorithms are sensitive to feature scaling. Features with large

ranges dominate distance calculations. Irrelevant or noisy features obscure true cluster structure, drowning

out the signal you need.

K-Means, while computationally efficient, suffers from all these limitations. Its reliance on minimizing within-

cluster sum of squares based on Euclidean distance makes it unsuitable for complex, real-world clustering

problems. This gap creates the need for robust similarity methods that adapt to specific data characteristics

rather than imposing geometric assumptions that your data may violate.

1.3 Paradigm Shift: Random Forest for Similarity Measurement



Page 11 of 31

Figure: The paradigm shift—Random Forest transforms from a prediction tool into a sophisticated similarity

measurement system for unsupervised clustering.

Random Forest clustering represents a paradigm shift. Instead of directly outputting cluster labels, Random

Forest becomes a sophisticated, data-driven preprocessing tool. It generates powerful similarity metrics.

This is fundamental reframing: before you cluster data, learn the most meaningful way to measure

"closeness" between data points.

The central output is the proximity matrix—an N×N matrix where each entry quantifies pairwise data point

similarity, not based on predefined geometric distance but derived from Random Forest internal structure

trained on cleverly constructed supervised proxy tasks. Your proximity score reflects how often the decision

tree ensemble treats two points similarly—specifically, the frequency with which they land in the same

terminal leaf nodes.

This learned similarity metric directly addresses traditional approach limitations. Tree-based splits naturally

handle mixed data types—categorical or numerical, it doesn't matter. They're invariant to monotonic feature

scaling, so you don't waste time normalizing. They implicitly capture complex, non-linear relationships and

feature interactions that simple distance metrics miss entirely. Once you generate this rich proximity matrix,

you convert it to a dissimilarity matrix and feed it into any standard clustering algorithm that accepts

distance matrices: hierarchical clustering, PAM, whatever fits your needs. Random Forest doesn't replace

traditional clustering algorithms—it empowers them to perform effectively on complex, real-world datasets

where defining suitable distance metrics is the primary challenge preventing success.
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Working Example: Random Forest Unsupervised Clustering (Breiman's Method)

import numpy as np

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestClassifier

from sklearn.cluster import AgglomerativeClustering

from sklearn.datasets import make_blobs, make_moons

from sklearn.metrics import adjusted_rand_score, silhouette_score

from scipy.cluster.hierarchy import dendrogram, linkage

from scipy.spatial.distance import squareform

def random_forest_clustering_breiman(X, n_estimators=100, random_state=42):

    """

    Implement Breiman's method for Random Forest clustering

    """

    n_samples, n_features = X.shape

    # Step 1: Create synthetic data (Class 2) by shuffling each feature independently

    X_synthetic = np.zeros_like(X)

    for feature in range(n_features):

        # Sample with replacement from marginal distribution

        X_synthetic[:, feature] = np.random.choice(X[:, feature], size=n_samples, replace=T

    # Step 2: Combine real (Class 1) and synthetic (Class 2) data

    X_combined = np.vstack([X, X_synthetic])

    y_combined = np.hstack([np.ones(n_samples), np.zeros(n_samples)])  # 1=real, 0=syntheti

    # Step 3: Train Random Forest classifier

    rf = RandomForestClassifier(n_estimators=n_estimators, random_state=random_state,

                               oob_score=True)

    rf.fit(X_combined, y_combined)

    # Step 4: Extract proximity matrix for original data points only

    # Apply original data through each tree and track co-occurrences in leaves

    proximity_matrix = np.zeros((n_samples, n_samples))

    for tree in rf.estimators_:

        # Get leaf assignments for original data

        leaves = tree.apply(X)

        # Count co-occurrences in same leaves

        for i in range(n_samples):

            for j in range(n_samples):

                if leaves[i] == leaves[j]:

                    proximity_matrix[i, j] += 1

    # Normalize by number of trees

    proximity_matrix = proximity_matrix / n_estimators
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    return proximity_matrix, rf.oob_score_

# Generate test datasets

np.random.seed(42)

print("Random Forest Unsupervised Clustering (Breiman's Method)")

print("=" * 56)

# Dataset 1: Well-separated blobs (should work well)

X_blobs, y_true_blobs = make_blobs(n_samples=150, centers=3, cluster_std=1.0, random_state=

# Dataset 2: Non-linear structure (challenging for K-means)

X_moons, y_true_moons = make_moons(n_samples=150, noise=0.1, random_state=42)

# Dataset 3: Mixed data types simulation (categorical + numerical)

# Create a dataset where some features are clearly categorical

X_mixed = X_blobs.copy()

# Convert first feature to categorical-like (discretize)

X_mixed[:, 0] = np.round(X_mixed[:, 0] / 2) * 2  # Round to nearest even number

datasets = [

    (X_blobs, y_true_blobs, "Well-Separated Blobs"),

    (X_moons, y_true_moons, "Non-Linear Moons"),

    (X_mixed, y_true_blobs, "Mixed Data Types")

]

results = {}

for X, y_true, name in datasets:

    print(f"\nDataset: {name}")

    print("-" * 40)

    # Apply Breiman's Random Forest clustering

    proximity_matrix, oob_score = random_forest_clustering_breiman(X, n_estimators=100)

    print(f"Data shape: {X.shape}")

    print(f"True clusters: {len(np.unique(y_true))}")

    print(f"OOB Score: {oob_score:.3f}")

    # Interpret OOB score

    if oob_score > 0.7:

        structure_quality = "Strong structure detected"

    elif oob_score > 0.6:

        structure_quality = "Moderate structure detected"

    else:

        structure_quality = "Weak structure detected"

    print(f"Structure assessment: {structure_quality}")

    # Convert proximity to distance matrix
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    distance_matrix = 1 - proximity_matrix

    # Apply hierarchical clustering on the distance matrix

    # Try different numbers of clusters

    best_score = -1

    best_n_clusters = 2

    for n_clusters in range(2, 6):

        clustering = AgglomerativeClustering(n_clusters=n_clusters,

                                           metric='precomputed',

                                           linkage='average')

        cluster_labels = clustering.fit_predict(distance_matrix)

        # Calculate silhouette score using original data

        sil_score = silhouette_score(X, cluster_labels)

        if sil_score > best_score:

            best_score = sil_score

            best_n_clusters = n_clusters

        if n_clusters == len(np.unique(y_true)):

            # Calculate ARI when we know true number of clusters

            ari_score = adjusted_rand_score(y_true, cluster_labels)

            print(f"  {n_clusters} clusters: Silhouette={sil_score:.3f}, ARI={ari_score:.3f

        else:

            print(f"  {n_clusters} clusters: Silhouette={sil_score:.3f}")

    print(f"Best clustering: {best_n_clusters} clusters (Silhouette={best_score:.3f})")

    # Store results for visualization

    final_clustering = AgglomerativeClustering(n_clusters=best_n_clusters,

                                             metric='precomputed',

                                             linkage='average')

    final_labels = final_clustering.fit_predict(distance_matrix)

    results[name] = {

        'X': X,

        'y_true': y_true,

        'y_pred': final_labels,

        'proximity_matrix': proximity_matrix,

        'distance_matrix': distance_matrix,

        'oob_score': oob_score,

        'best_silhouette': best_score

    }

# Demonstrate proximity matrix properties

print(f"\nProximity Matrix Properties")

print("-" * 27)

example_prox = results["Well-Separated Blobs"]['proximity_matrix']
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This implementation demonstrates Breiman's original Random Forest clustering method in action. The

algorithm creates synthetic data by destroying correlations between features—sampling each feature's

marginal distribution independently to create a null hypothesis version of your data. It trains a classifier to

distinguish real from synthetic data, forcing the forest to learn which feature combinations are natural and

which are artificial. Then it extracts a proximity matrix from tree co-occurrences—points that consistently

land in the same leaves across many trees must be genuinely similar. The resulting distance matrix captures

complex data relationships that traditional metrics miss entirely, enabling effective clustering on challenging

datasets with non-linear structures or mixed data types that would confuse simpler approaches.

The transformation of the supervised Random Forest algorithm into a tool for unsupervised learning is a

clever methodological leap. This section delves into the technical mechanics of this process. We begin with

Leo Breiman's original formulation. We progress to more modern, refined approaches. The core of this

transformation lies in creating a proxy supervised task that forces the Random Forest to learn the intrinsic

dependency structure of the unlabeled data, and the proximity matrix emerges as a byproduct of this

learning process, serving as a rich measure of similarity.

print(f"Matrix shape: {example_prox.shape}")

print(f"Diagonal elements (should be 1.0): {example_prox.diagonal()[:5]}")

print(f"Matrix symmetry check: {np.allclose(example_prox, example_prox.T)}")

print(f"Value range: [{example_prox.min():.3f}, {example_prox.max():.3f}]")

# Show some high and low proximity pairs

flat_indices = np.triu_indices_from(example_prox, k=1)  # Upper triangle, excluding diagona

proximities = example_prox[flat_indices]

high_prox_idx = np.argmax(proximities)

low_prox_idx = np.argmin(proximities)

i_high, j_high = flat_indices[0][high_prox_idx], flat_indices[1][high_prox_idx]

i_low, j_low = flat_indices[0][low_prox_idx], flat_indices[1][low_prox_idx]

print(f"Highest proximity: points {i_high}-{j_high} = {proximities[high_prox_idx]:.3f}")

print(f"Lowest proximity: points {i_low}-{j_low} = {proximities[low_prox_idx]:.3f}")

# Summary insights

print(f"\nKey Insights:")

print("- High OOB scores indicate strong data structure suitable for clustering")

print("- Proximity matrix captures complex similarities beyond Euclidean distance")

print("- Method works well with mixed data types and non-linear cluster shapes")

print("- Distance matrix from proximities works with any clustering algorithm")

print("- Synthetic data generation quality affects performance")

2. Technical Deep Dive: From Supervised Predictions to

Unsupervised Proximities
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2.1 Breiman's Original Method: The Synthetic Data Approach

The seminal method for unsupervised Random Forest, as proposed by Leo Breiman, hinges on converting

the unlabeled data problem into an artificial two-class classification task. How? Through the generation of

synthetic data that serves as a contrasting "unstructured" class.

Step 1: Creating an Artificial Two-Class Problem begins with designating the original, unlabeled dataset

as "Class 1," representing authentic data with all inherent correlations and dependency structures intact.

This establishes one side of the binary classification task. This task will force the Random Forest to learn the

data's internal structure.

Step 2: Generating Synthetic Data creates a contrasting "Class 2" through careful synthetic data

generation. You preserve marginal distributions while destroying correlations. For each feature column,

sample values with replacement from the marginal distribution of that feature in the original data. Perform

sampling independently for each feature. This independent sampling creates a profound effect: the synthetic

"Class 2" data maintains identical univariate distributions for each feature but completely destroys

correlation and dependency structures among features—the very relationships that define your data's

natural structure.

Consider a two-dimensional dataset. Boron and Calcium features are positively correlated. The original

"Class 1" data shows a cloud of points elongated along a diagonal axis reflecting the correlation structure.

The synthetic "Class 2" data, created by independently sampling from Boron and Calcium values, appears as

a diffuse, circular cloud exhibiting no correlation. The synthetic data essentially represents a null hypothesis:

what would the data look like if the variables were completely independent?

Step 3: Training a Standard RF Classifier

You combine the original data (Class 1) and the synthetic data (Class 2) into a single dataset. Train a

standard Random Forest classifier on this combined dataset. The goal? Distinguish between the "real" and

"synthetic" data points. In essence, the Random Forest learns to identify the patterns, interactions, and

dependencies present in the real data but absent in the synthetic data—it learns what makes your data

natural rather than random. The splits in each decision tree are chosen to create nodes that are as

homogeneous as possible in terms of their "real" versus "synthetic" makeup.

The Role of OOB Error as a Diagnostic

The out-of-bag error from this classification task serves as a powerful diagnostic tool. It assesses the

degree of structure in the original data. The OOB error is an unbiased estimate of the model's generalization

error. You calculate it using the data points left out of the bootstrap sample for each tree.

If the OOB misclassification rate is low (significantly below 50%), the Random Forest can successfully

distinguish the real data from the synthetic data. This indicates strong, non-random dependencies in the

original data. It's well-suited for clustering.
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If the OOB rate is high, approaching 50%, the real data isn't easily distinguishable from the randomly

generated data. This suggests a lack of strong dependency structure. Any attempt to cluster the data may

yield meaningless results—you're finding patterns in noise.

This proxy task isn't an end in itself. Its primary purpose? Generate a forest whose structure is finely tuned to

the dependencies within the original data. You then leverage this structure to compute the proximity matrix.

2.2 The Proximity Matrix: Quantifying Similarity

The key output from the unsupervised Random Forest procedure isn't a set of cluster labels. It's the

proximity matrix, which quantifies the similarity between every pair of data points from the original dataset.

Figure: The proximity matrix—each cell represents how frequently two data points land in the same leaf node

across all trees in the forest.

Definition and Calculation

After you train the forest on the combined real-and-synthetic dataset, pass all of the original data points

(Class 1) down each tree. The proximity between any two data points, i and j, is defined as the proportion of

trees in the forest in which these two points fall into the same terminal (leaf) node—a simple but powerful

concept.

The mathematical formulation is as follows:

prox(i,j) = (1/N_trees) × Σ(t=1 to N_trees) I(leaf(i,t) = leaf(j,t))
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Here N_trees is the total number of trees in the forest, leaf(i,t) is the index of the terminal node for data point

i in tree t, and I(⋅) is the indicator function, which equals 1 if the condition is true and 0 otherwise.

Visual Description: Consider a single decision tree in the forest and ten original data points. Suppose points

{1, 5, 8} land in leaf node A, points {2, 9} land in leaf node B, points {3, 4, 6} land in leaf node C, and points

{7, 10} land in leaf node D. For this single tree, the partial proximity matrix has a 1 at entry (1, 5), (5, 8), (1, 8),

(2, 9), and so on—indicating shared leaves. It has a 0 at entry (1, 2), (5, 9), and other non-shared

combinations. The final proximity matrix is the element-wise average of these binary matrices over all trees

in the forest, smoothing out individual tree idiosyncrasies.

Properties and Conversion to Dissimilarity

The resulting N×N proximity matrix has several important properties. It's symmetric (prox(i,j)=prox(j,i)). It's

positive definite. Its values are bounded between 0 and 1. The diagonal elements are always 1, as every point

is always in the same leaf node as itself—perfect self-similarity.

Most clustering algorithms operate on distances or dissimilarities rather than similarities. You typically

convert the proximity matrix into a dissimilarity matrix. The most common transformation?

dist(i,j) = 1 - prox(i,j)

This dissimilarity matrix, where values closer to 0 indicate higher similarity and values closer to 1 indicate

lower similarity, can then serve as input for a subsequent clustering algorithm—hierarchical clustering, PAM,

DBSCAN with precomputed metrics, whatever you prefer.

2.3 The sidClustering Method: A Modern Alternative

Breiman's method is foundational. But it has a significant theoretical weakness. Its performance can be

highly dependent on the method you use to generate the synthetic data. An inappropriate choice for the

reference distribution leads to a suboptimal proxy task. You get a less meaningful proximity matrix. The

sidClustering method was developed to address this limitation. How? By reframing the unsupervised

problem in a way that avoids synthetic data generation entirely.

Core Idea and Critique of Breiman's Method

The core idea of sidClustering? Transform the unsupervised problem into a multivariate regression problem,

rather than a binary classification problem. This shift eliminates the dependency on an external, artificially

generated dataset. It makes the process more self-contained. It's potentially more robust.

Sidification: A Novel Feature Engineering Process

The method is based on a two-step feature engineering process called "sidification" (Staggered Interaction

Data):
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Staggering (SID Main Features): You transform the original features, X=(X₁,…,Xₐ), into a new set of

features, Y=(Y₁,…,Yₐ), called the SID main effects. You do this by shifting and "staggering" the features so

their value ranges become mutually exclusive. For example, if X₁ ranges from [0, 10] and X₂ ranges from [5,

15], you could transform them such that Y₁ is in [0, 10] and Y₂ is in [15.01, 25.01]—no overlap whatsoever. This

is a monotonic transformation. Since decision trees are invariant to such transformations, you lose no

information.

Interaction Features (SID Interaction Features): You create a new set of predictor variables, Z, by forming

all pairwise interactions of the staggered main features (e.g., Z_jk = Y_j × Y_k). The non-overlapping ranges

of the Y features ensure a unique relationship between the original features and these new interaction terms

—each interaction value uniquely identifies which original features contributed to it.

Multivariate Random Forest (MVRF) for Structure Learning

You train a multivariate random forest (MVRF) to solve a regression problem: predicting the SID main

features (Y) using the SID interaction features (Z) as predictors. The underlying logic? If the original data has

strong internal structure (the features aren't independent), then the interactions between features (Z) will be

predictive of the features themselves (Y). The MVRF finds splits on the interaction features (Z) that

effectively reduce the variance (impurity) in the main features (Y). These splits naturally separate data points

into groups with distinct structural relationships, thereby identifying clusters without ever seeing labels or

synthetic data.

The "RF Distance": A More Sensitive Metric

Instead of the binary proximity score, sidClustering introduces a more nuanced, topology-based distance

metric. This "RF distance" measures the dissimilarity between two data points based on their path

separation within a tree, not just their final destination. It's calculated based on the number of splits

separating the two points' terminal nodes from their lowest common ancestor node, relative to the number

of splits from the root node—a continuous measure of how long two points traveled together before

diverging. For example, two points that split apart high up near the root node are considered more dissimilar

than two points that travel far down the tree together before splitting into adjacent leaf nodes. Even though

in both cases their traditional proximity for that tree would be 0, the RF distance captures the difference.

This refined metric can capture finer-grained cluster structures that the original proximity measure might

miss entirely.

The evolution from Breiman's method to sidClustering represents a significant conceptual advance. You

move from a proxy task based on an external and potentially biasing reference distribution (synthetic data)

to a self-referential, regression-based task focused purely on learning the internal dependency structure of

the data—a more principled approach that makes the method theoretically more robust and less susceptible

to arbitrary modeling choices that could skew your results.
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Translating the theory of Random Forest clustering into practice requires familiarity with specific libraries

and workflows. They differ significantly between popular data science environments like R and Python. This

section provides a practical guide to implementing these methods. We'll highlight the key packages, code

structures, and common datasets used for benchmarking. Your choice of implementation has considerable

implications for both ease of use and computational efficiency—choose wisely.

3.1 Implementation in R

The R programming language, particularly through the randomForest package developed in part by Breiman

and Cutler, offers the most direct and native implementation of the original unsupervised Random Forest

method. The functionality is built directly into the core function. This makes the workflow straightforward.

Core Package and Workflow

The primary tool? The randomForest package. You trigger the unsupervised mode by setting the response

variable y to NULL and enabling the proximity=TRUE argument.

A typical workflow in R proceeds as follows:

Load Data: Begin by loading the dataset into a data frame. The iris dataset is a common choice for

demonstration purposes—simple, well-understood, available everywhere.

Instantiate and Train the Model: Call the randomForest() function. The key is to provide only the feature

matrix x and set y = NULL. The proximity = TRUE flag instructs the function to compute and store the

proximity matrix. Recommend a large number of trees (ntree) for stability—10,000 is common.

Extract the Proximity Matrix: The computed proximity matrix is stored as an element within the returned

model object—easy access.

3. Practical Implementation and Workflow

library(randomForest)

iris_data <- iris[,1:4]

rf.fit <- randomForest(x = iris_data, y = NULL, ntree = 10000, proximity = TRUE, oob.prox =

proximity_matrix <- rf.fit$proximity
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Convert to a Distance Matrix: Convert the similarity scores into dissimilarities for use in clustering

algorithms.

Apply a Clustering Algorithm: Use the distance matrix as input for a clustering method. Hierarchical

clustering (hclust) is a natural choice—it works beautifully with precomputed distances.

Extract Cluster Assignments: Cut the resulting dendrogram at a specified number of clusters (k).

Visualize Results: Multidimensional Scaling (MDS) is an excellent technique. It visualizes the high-

dimensional relationships captured in the distance matrix in a 2D plot.

This streamlined workflow makes R the environment of choice for quick, exploratory analysis using this

technique. The integration is seamless. The code is concise. You get results fast.

3.2 Implementation in Python

In Python, the implementation is less direct. The most popular machine learning library, scikit-learn, doesn't

have a built-in option for calculating the proximity matrix. However, the necessary components are available

to compute it manually. More modern libraries like TensorFlow Decision Forests have reintroduced this

functionality in a highly efficient manner—a welcome development.

Scikit-learn Workflow

The sklearn.ensemble.RandomForestClassifier requires a manual post-processing step to derive the

proximity matrix. The key is the .apply() method—your gateway to leaf node indices.

distance_matrix <- as.dist(1 - proximity_matrix)

hclust.rf <- hclust(distance_matrix, method = "ward.D2")

rf.cluster <- cutree(hclust.rf, k = 3)

mds.stuff <- cmdscale(distance_matrix, eig=TRUE, x.ret=TRUE)

mds.values <- mds.stuff$points

mds.data <- data.frame(X=mds.values[,1], Y=mds.values[,2], Cluster=as.factor(rf.cluster), S

ggplot(data=mds.data, aes(x=X, y=Y, color=Cluster, shape=Species)) + geom_point()
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Train a Random Forest Model: First, train a standard RandomForestClassifier or RandomForestRegressor.

While the ideal approach involves setting up the "real vs. synthetic" proxy task, you can also generate a

proximity matrix from a supervised model to explore the data structure with respect to the target variable.

Get Leaf Indices: Use the .apply(X) method on the trained model and the data X. This method returns an

integer array of shape [n_samples, n_estimators], where each element [i, j] is the index of the leaf node that

sample i was sorted into in tree j—exactly what you need.

Compute Proximity Matrix Manually: With the leaf indices matrix, you compute the proximity matrix by

iterating through all pairs of samples and counting the number of times they share a leaf node, then dividing

by the total number of trees.

This manual approach can be computationally intensive for large datasets. You're performing operations on

a potentially large [n_samples, n_samples] matrix within a loop. Not ideal for production.

import numpy as np

from sklearn.ensemble import RandomForestClassifier

from sklearn.datasets import load_iris

iris = load_iris()

X = iris.data

y = iris.target

model = RandomForestClassifier(n_estimators=500, random_state=42)

model.fit(X, y)

terminals = model.apply(X)

def proximity_matrix(model, X, normalize=True):

    terminals = model.apply(X)

    n_trees = terminals.shape[1]

    prox_mat = np.zeros((X.shape[0], X.shape[0]))

    for i in range(n_trees):

        tree_terminals = terminals[:, i]

        prox_mat += np.equal.outer(tree_terminals, tree_terminals)

    if normalize:

        prox_mat = prox_mat / n_trees

    return prox_mat

prox_mat_sklearn = proximity_matrix(model, X)
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TensorFlow Decision Forests (TF-DF) Workflow

TF-DF provides a more optimized and modern solution for this task in Python. It's suitable for larger-scale

problems.

Train a TF-DF Model: Train a tfdf.keras.RandomForestModel on the dataset. TF-DF works for classification

or regression tasks.

Get Leaf Indices Efficiently: Use the model.predict_get_leaves() method. This is a highly optimized

function. It returns the leaf indices matrix, similar to scikit-learn's .apply() but often much faster—particularly

on larger datasets.

Compute Proximity Matrix: Use the returned leaves array to compute the proximity matrix. The logic is

identical to the scikit-learn approach. You benefit from the faster initial step.

Visualize with t-SNE: The resulting distance matrix (1 - prox_mat_tfdf) can be passed directly to

visualization tools like sklearn.manifold.TSNE by specifying metric="precomputed".

import tensorflow_decision_forests as tfdf

import pandas as pd

train_ds = tfdf.keras.pd_dataframe_to_tf_dataset(dataset_df, label="my_label")

model = tfdf.keras.RandomForestModel()

model.fit(train_ds)

test_ds = tfdf.keras.pd_dataframe_to_tf_dataset(test_df, label="my_label")

leaves = model.predict_get_leaves(test_ds)

def compute_tfdf_proximity(leaves):

    n_examples = leaves.shape[0]

    n_trees = leaves.shape[1]

    proximities = np.zeros((n_examples, n_examples))

    for i in range(n_examples):

        for j in range(i, n_examples):

            proximities[i, j] = np.sum(leaves[i, :] == leaves[j, :]) / n_trees

            proximities[j, i] = proximities[i, j]

    return proximities

prox_mat_tfdf = compute_tfdf_proximity(leaves)
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The clear difference in implementation highlights a key consideration for practitioners. For serious

applications in Python, leverage a library with optimized, built-in support for leaf-node extraction like TF-DF.

It's vastly preferable to the manual, less efficient approach required with scikit-learn—both for development

time and computational performance.

3.3 Benchmarking Datasets

The choice of dataset is crucial for evaluating and demonstrating the capabilities of Random Forest

clustering.

Toy Datasets: The iris dataset is ubiquitous in tutorials. Why? Simplicity and well-defined three-class

structure. However, with only four numerical features, it fails to showcase the algorithm's primary strengths

in handling high-dimensional, mixed-type data. Its main utility is for pedagogical code demonstration—

learning the mechanics, not testing the limits.

Biomedical Data: This is a domain where RF clustering truly excels. Multi-omics datasets, such as those

from The Cancer Genome Atlas (TCGA), are a prime example. These datasets often contain thousands of

features (gene expression levels, DNA methylation sites, protein abundances) for a few hundred patient

samples. This is a classic p≫n problem—more features than samples. RF clustering is used for disease

subtyping—identifying patient subgroups with different molecular profiles, which may correspond to

different clinical outcomes or treatment responses.

Customer and Behavioral Data: Datasets for customer segmentation are another ideal use case. These

typically contain a mix of demographic features (categorical), transactional data (numerical), and website

interaction metrics (numerical). RF clustering can uncover non-obvious customer personas by learning a

similarity metric that balances these different data types—something geometric distance can't handle

elegantly.

Financial and Security Data: In fraud detection, you cluster datasets of transactions to find anomalous

groups. Fraudulent activities often manifest as small, distinct clusters. They have low proximity to the large

clusters of legitimate transactions. The forest naturally isolates unusual patterns.

The theoretical strengths of Random Forest clustering—its ability to handle high-dimensional, mixed-type

data and capture complex feature interactions—translate into powerful problem-solving capabilities across

various domains. The primary value proposition? Its effectiveness on "messy," real-world data that violates

the assumptions of simpler clustering algorithms. You should understand it not as a universal replacement

for other methods, but as a specialized tool for complex exploratory analysis where standard approaches

fail.

4. Problem-Solving Capabilities and Use Cases
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4.1 High-Dimensional Biomedical Data Analysis

One of the most impactful applications of RF clustering is in the field of bioinformatics and computational

biology. Particularly for the analysis of multi-omics data.

Use Case: Disease Subtyping

Modern medicine is moving towards precision medicine. Diseases like cancer are understood not as

monolithic entities but as collections of distinct molecular subtypes. Multi-omics datasets, which measure

thousands of biological variables (genes, proteins, metabolites) for each patient, provide the raw material for

this stratification. These datasets are characterized by the "p≫n" problem (many more features than

samples). High levels of noise. A mix of data types. They're intractable for traditional distance-based

clustering methods—simple metrics drown in the dimensionality.

Problem-Solving Capability: RF clustering excels in this environment. Its intrinsic variable selection

process sifts through thousands of genomic features. It gives more weight to those that define coherent

structure in the data. The resulting proximity metric provides a robust measure of patient-to-patient

similarity based on complex molecular signatures, not just simple geometric distance in some arbitrary

feature space. This allows researchers to identify patient subgroups that may respond differently to

therapies or have different prognoses. You can discover these groups even when they're not apparent from

any single data type alone—the forest integrates information across all measured variables to reveal hidden

patterns. For example, you can cluster tumor samples based on gene expression profiles to discover novel

cancer subtypes that traditional clinical markers miss entirely.

4.2 Customer Segmentation and Behavioral Analysis

In the commercial world, understanding customer behavior is paramount. Targeted marketing. Product

development. Customer relationship management. RF clustering provides a sophisticated tool for this task.

Use Case: Market Segmentation

Businesses collect vast amounts of customer data. Demographics (age, location; often categorical).

Purchasing history (purchase frequency, average order value; numerical). Online behavior (time on site,

pages visited; numerical). The goal of segmentation? Group customers into meaningful personas that drive

strategy.

Problem-Solving Capability: Traditional methods like K-Means require extensive and often arbitrary

preprocessing to handle this mix of data types. One-hot encoding categorical variables. Scaling numerical

ones. It's a mess of preprocessing decisions. RF clustering bypasses this by working directly with the mixed

data. It uncovers non-obvious segments by learning how different features interact to define similarity—not

just which features are close in value, but how they combine to create distinct behavioral patterns. For

instance, it might identify a cluster of "urban, high-income, infrequent but high-value buyers" and
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distinguish them from "suburban, middle-income, frequent but low-value buyers"—segments that might look

similar on some individual dimensions but are fundamentally different in their behavior. This enables highly

tailored marketing campaigns for each group, improving conversion rates and customer satisfaction.

4.3 Anomaly and Outlier Detection

The proximity matrix generated by the Random Forest can be repurposed for anomaly or outlier detection.

This task is philosophically similar to that performed by the specialized Isolation Forest algorithm.

Use Case: Identifying Novel or Fraudulent Events

Anomalies are, by definition, data points that are dissimilar to the majority of the data. In the context of RF

clustering, an outlier is a point that has low average proximity to all other points in the dataset—it's

consistently isolated across many trees.

Problem-Solving Capability: After you compute the N×N proximity matrix, calculate an "outlier score" for

each point. Take one minus the average proximity of that point to all others. Points with high outlier scores

are candidates for investigation. In financial fraud detection, a fraudulent transaction might involve a unique

combination of merchant type, transaction amount, time of day, and location. This uniqueness causes it to

be isolated in the decision trees. It lands in terminal nodes with few other points. Consequently, it has very

low proximity scores to the vast majority of legitimate transactions. This makes it easily flaggable as an

anomaly—a signal that stands out clearly from the noise of normal transactions without requiring you to

specify what constitutes "normal" in advance.

4.4 Data Exploration and Visualization

Understanding the global structure of a high-dimensional dataset is a fundamental challenge in data

science. RF clustering provides a powerful method for creating low-dimensional visualizations that preserve

complex, non-linear relationships.

Use Case: Dimensionality Reduction for Visualization

Methods like Principal Component Analysis (PCA) are effective for linear dimensionality reduction. But they

fail to capture more intricate data structures. The dissimilarity matrix derived from RF proximities can be

used as direct input for non-linear visualization techniques like Multidimensional Scaling (MDS) or t-

Distributed Stochastic Neighbor Embedding (t-SNE).

Problem-Solving Capability: Using the RF-derived distance with MDS or t-SNE produces a 2D or 3D

scatter plot. The distance between points reflects the sophisticated, model-learned similarity, not just

Euclidean distance in the original high-dimensional space. This often results in visualizations that show

clearer separation between clusters. They reveal more meaningful patterns than PCA—particularly when the

structure is non-linear. For example, a researcher could use this technique to visualize a dataset of

thousands of text documents, represented as high-dimensional TF-IDF vectors, to see how different topics



Page 27 of 31

and themes naturally group together in a 2D space. This provides an intuitive map of the document

collection that would be impossible to see in the original 10,000-dimensional space—a navigation tool for

exploring large corpora.

In all these applications, the core strength of RF clustering remains consistent. It provides a robust and

adaptive way to define similarity in complex datasets. It unlocks the ability to find meaningful structure

where simpler methods would fail—where geometric distance is meaningless, where data types mix

chaotically, where cluster shapes defy simple assumptions. Consider it a primary tool for exploratory

clustering on any tabular dataset of moderate size that contains a mix of feature types or is suspected to

have non-linear structures that standard metrics can't capture.

Like any advanced algorithm, Random Forest clustering possesses a distinct set of strengths and

weaknesses that define its optimal application profile. It's a powerful tool. Deep, exploratory analysis on

complex, medium-sized datasets? Perfect. Large-scale, low-latency production systems? Often unsuitable.

A clear understanding of this trade-off between performance on complex data and computational scalability

is crucial for any practitioner—know when to use it and when to look elsewhere.

5.1 Key Strengths

The primary advantages of RF clustering stem from its foundation in ensemble tree-based methods. This

grants it remarkable flexibility and robustness.

Handles Mixed Data Types: The algorithm can natively process datasets containing both numerical and

categorical features. The decision tree splitting mechanism works on a per-feature basis. This obviates the

need for extensive preprocessing steps like one-hot encoding, which can artificially inflate dimensionality

and create sparse, unwieldy feature spaces.

Robustness to Scaling and Outliers: RF clustering is invariant to monotonic transformations of numerical

features. This means scaling or normalization (min-max scaling, standardization) isn't required. The rank

order of values is what matters for tree splits, not the magnitude. Furthermore, the ensemble nature and the

use of bootstrap sampling make the method highly robust to outliers. Their influence is confined to a subset

of trees. It's averaged out in the final proximity calculation. Outliers don't dominate the results.

Implicit Feature Selection: During the construction of the proxy supervised model, the tree-building

process naturally prioritizes features that are most effective at reducing impurity. That means distinguishing

real from synthetic data in Breiman's method. Features that are pure noise or irrelevant to the data's

dependency structure are rarely selected for splits. They contribute minimally to the final proximity matrix.

This serves as a powerful, built-in form of feature selection—the algorithm automatically focuses on what

matters.

5. Strengths and Limitations
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Captures Non-Linearity and Interactions: The hierarchical, partitioning nature of decision trees allows the

model to capture complex, non-linear relationships and high-order interactions between features. The

proximity metric reflects this complexity. Two points are considered similar if they follow similar decision

paths through the trees—a far more sophisticated criterion than simple geometric proximity in the original

feature space. The forest learns which feature combinations matter, not just which individual features are

similar.

No a priori Assumptions on Cluster Shape: Unlike algorithms such as K-Means, which are biased towards

finding spherical clusters of similar variance, RF clustering makes no assumptions about the geometric

shape of the clusters. The final clusters, identified by applying methods like hierarchical clustering to the RF

dissimilarity matrix, can be of arbitrary shape and size—crescents, elongated blobs, nested structures,

whatever the data actually contains rather than what your algorithm expects.

5.2 Inherent Limitations

Despite its power, the method is constrained by significant computational and interpretability challenges.

These limit its applicability.

Computational and Memory Complexity: The most significant drawback is its scalability. The core of the

method involves computing and storing an N×N proximity matrix, where N is the number of samples. The

time complexity for generating this matrix is roughly O(N²⋅n_trees). Its space complexity is O(N²). This

quadratic scaling with the number of samples makes the full method computationally prohibitive for datasets

with more than a few tens of thousands of data points. The proximity matrix can easily exceed available RAM

—100,000 samples means a 10 billion element matrix, requiring 80GB just to store as double-precision floats

before you even start computing.

Interpretability of the Proximity Metric: You can profile and analyze the final clusters. But the proximity

metric itself is a "black box." It's extremely difficult to articulate in simple terms why the forest deemed two

specific data points to be highly similar. The similarity score is an aggregated result of thousands of splits

across hundreds of trees. Making a direct, human-interpretable explanation of a single proximity value is

nearly impossible without specialized XAI techniques—you know the similarity, but explaining it requires

reconstruction of the decision paths.

Sensitivity of Breiman's Original Method: The classic approach relies on generating synthetic data to

create the proxy classification task. The performance and meaningfulness of the resulting proximity matrix

can be highly sensitive to the method you use for this data generation. A poorly chosen reference

distribution leads to a flawed proxy task. You get a useless similarity metric. This introduces a critical, and

sometimes difficult, modeling choice into the workflow—how do you generate synthetic data that properly

represents the null hypothesis for your specific domain?

Bias Towards High Cardinality Features: Like standard decision trees, the splitting criteria used in Random

Forests (such as Gini impurity) can be biased towards selecting categorical features with a large number of

unique levels. This can cause such features to have an undue influence on the tree structures and the
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resulting proximity scores—a feature with 100 categories gets many more opportunities to create "good"

splits than one with 2 categories, even if the latter is more meaningful for your actual structure.

These limitations define a clear application niche for RF clustering. It's an unparalleled tool for in-depth

analysis. You uncover robust patterns in moderately sized, complex tabular data. The insights gained from

this exploratory phase can then inform the development of simpler, more scalable models for production

environments. For instance, a practitioner might use RF clustering on a 10,000-customer sample to identify

key behavioral segments and the features that define them—an exploratory deep dive. This knowledge could

then be used to engineer a few powerful features for a logistic regression or K-Means model to be deployed

on a database of 10 million customers. The RF clustering step is for generating insight. It's not for direct,

large-scale deployment. Use it to learn, then build production systems based on what you learned.

Best Practice: Following these recommended practices will help you achieve optimal results and avoid

common pitfalls.

The application of the Random Forest algorithm to unsupervised clustering represents a significant

departure from traditional distance-based methods. By reframing the problem of finding structure in

unlabeled data as one of learning a sophisticated, data-driven similarity metric, this technique provides a

powerful solution for complex, real-world datasets that are often intractable for simpler algorithms—datasets

where geometric distance fails to capture what makes points truly similar.

The analysis reveals that the primary strength of RF clustering lies in its ability to handle "messy" data. High-

dimensional feature spaces. A mix of numerical and categorical variables. Complex non-linear relationships.

It requires no extensive data preprocessing. The proximity matrix, derived from the collective wisdom of an

ensemble of trees, captures a more nuanced and robust measure of similarity than standard geometric

distances—it learns what similarity means for your specific data rather than imposing a predefined notion.

This makes it an invaluable tool for exploratory data analysis in domains like bioinformatics, customer

segmentation, and anomaly detection, where discovering non-obvious patterns is a key objective and where

standard methods consistently fail to reveal meaningful structure.

However, this power comes at a significant computational cost. The quadratic scaling of time and memory

complexity with the number of samples renders the full method impractical for very large datasets. This

positions RF clustering not as a general-purpose, scalable production algorithm, but as a specialized

instrument for deep analysis on moderately sized data—a research and exploration tool rather than a

deployment solution. The insights gleaned from this intensive exploratory phase can then be used to

engineer features or inform the design of more scalable models suitable for deployment, creating a workflow

where RF clustering enables production systems rather than being the production system itself.

Conclusions
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The evolution of the technique from Breiman's original synthetic data approach to more modern, robust

methods like sidClustering demonstrates a maturation of the underlying theory. Furthermore, the integration

of RF clustering with cutting-edge developments in federated learning, explainable AI (XAI), and machine

unlearning signals a vibrant future for the algorithm. These advancements are mitigating its key limitations—

privacy concerns, interpretability, and fairness—transforming it from a statistical "black box" into a

component of transparent and responsible AI systems that can explain their similarity judgments and protect

individual privacy.

For the practitioner, the key takeaway is that Random Forest clustering should be a primary tool in your

arsenal for unsupervised learning on complex tabular data. Its successful application requires a shift in

mindset. Hyperparameter tuning should aim for the stability of the proximity matrix rather than predictive

accuracy—you're not predicting, you're learning similarity. The choice of implementation has significant

consequences for efficiency—R for quick exploration, TF-DF for serious Python work, never raw scikit-learn

for production proximity calculations. By understanding its unique strengths, limitations, and the emerging

ecosystem of tools for its interpretation and application, data scientists can leverage Random Forest

clustering to uncover deep and meaningful structure in their most challenging datasets—the ones where

simpler methods give up and return meaningless results.
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