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 a b s t r a c t

Random forest (RF) clustering uses decision trees to extract similarity information for clustering, but existing 
methods often suffer from high computational costs and the equal treatment of decision trees regardless of their 
contributions. To address these limitations, we propose a random forest clustering method based on anchor graph 
(RFAG). The method comprises two phases: training and clustering. During training, representative anchors are 
generated to build an anchor graph, reducing computational cost. A binary random forest classifier is trained 
on a pseudo-labeled dataset formed by anchors and generated negatives. For clustering, anchor similarities are 
extracted via a virtual-path-based measure from the trained trees. A stability-aware ensemble selection strategy 
selects high-contribution trees to partition the anchors, and clustering results are mapped to data points through 
the anchor graph. Experiments on 8 real-world datasets show that RFAG significantly reduces computation time 
while maintaining or improving clustering performance compared to 7 baselines.

1.  Introduction

A random forest (RF) [1] is an ensemble learning model composed 
of numerous decision trees, widely recognized for its robustness and ef-
fectiveness in pattern recognition and machine learning. This advantage 
arises from the randomness introduced during the training of individual 
trees, which are subsequently aggregated into a powerful final model. 
While RFs perform well in regression and classification tasks, their po-
tential in clustering applications remains relatively underexplored.

As an unsupervised learning method, RF clustering does not directly 
utilize category labels information. A common approach to address this 
limitation is to generate negative samples through marginal random 
sampling, subsequently transforming the clustering task into a binary 
classification problem. RF clustering extracts similarity information be-
tween samples using its ensemble of decision trees, converts this in-
formation into a similarity matrix, and ultimately produces clustering 
results through a consensus clustering algorithm. However, existing RF 
clustering methods still face several challenges. First, similarity infor-
mation in RF clustering is obtained by tracing the path of each data 
point across all decision trees, which requires traversing the entire tree 
structure for every data point. This process significantly increases com-
putational time and memory consumption. Additionally, these methods 
use all decision trees, neglecting the contribution of individual decision 
trees to the final clustering result.

To address these issues, this paper proposes a novel random forest 
clustering based on anchor graph, called RFAG. The proposed method 
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is divided into two main phases: the training phase and the clustering 
phase. Specifically, in the training phase, the hierarchical K-means ap-
proach based on balanced K-means is first used to generate representa-
tive anchors. These anchors, being significantly fewer in number than 
the original data points, help reduce the computational complexity of 
subsequent similarity calculations [2]. Subsequently, a parameter-free 
neighbor assignment strategy is implemented to construct an anchor 
graph based on the anchors. Negative samples are generated through 
marginal random sampling of the anchors and, along with the anchors, 
are used to train the RF. In the clustering phase, the trained decision 
trees serve as the base clusterers to extract the similarity information 
between anchors, which are then converted into similarity matrices 
and clustered. Next, two clustering ensemble selection strategies are de-
signed based on the dataset’s stability and instability. These strategies 
are used to select specific decision trees, which are then combined to 
construct a new RF. Finally, the newly formed RF clusters the anchors. 
The anchor graph, combined with these clustering results, establishes 
a hierarchical association that links data points to anchors and then to 
clusters.

The contributions of this paper are summarized as follows.

• We develop an anchor-driven random forest training approach that 
constructs a pseudo-labeled dataset from representative anchors and 
generated negative samples, enabling efficient binary classifier train-
ing with significantly reduced computational cost.
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• We propose a virtual-path based similarity measure for anchors, 
which captures more nuanced relationships between them than con-
ventional leaf co-occurrence, improving the quality of the similarity 
matrix and enhancing clustering performance.

• We introduce a stability-aware ensemble selection approach, which 
designs two strategies based on the stability and instability of the 
dataset to overcome the negative impact of low-contribution deci-
sion trees on clustering quality.

The remaining parts of the paper are organized as follows: Section 2 
discusses the related work, Section 3 includes the methodology, Sec-
tion 4 presents the experimental evaluations, and Section 5 concludes 
the paper.

2.  Related work

2.1.  Random forest clustering

RF clustering extracts similarity information between samples and 
applies it to clustering algorithms. Compared to traditional distance-
based clustering methods, this method uses the structural characteristics 
of decision trees instead of directly calculating distances. Specifically, 
this method uses the partitioning information from each decision tree 
in the RF to capture the similarity between samples.

This elegant concept is first proposed by [3]. In this method, when 
two samples ultimately fall into the same leaf node, it can be inferred 
that they are similar because they have undergone the same partition-
ing process along their respective paths. On this basis, [4] extends the 
definition of RF similarity proposed in [3], arguing that the condition 
of considering two samples as similar only when they are in the same 
leaf node is overly strict and does not fully utilize the structure of the 
decision tree. Specifically, they propose to use the length of the com-
mon path between two samples when traversing to the leaf node as the 
similarity between the two samples. This improvement overcomes the 
limitation of using leaf node co-occurrence as the only measure of simi-
larity. Recently, [5] further refines this concept by acknowledging that 
samples deeper in the decision tree may still have potential similarities. 
This enhancement can capture more subtle relationships in the data, 
thereby improving the performance of RF methods in a wider range of 
applications. In addition, [6] proposed an innovative solution that ef-
fectively overcomes the inherent limitations of random forest clustering 
when dealing with non-vector data by using a measure of the differ-
ence between paired samples instead of the traditional vector represen-
tation. However, despite these advances, the high computational cost of 
RF clustering remains a significant challenge, particularly when applied 
to large datasets, limiting its practical performance.

2.2.  Anchor-based model

In recent years, anchor-based models have gained great attention in 
large-scale spectral clustering and multi-view clustering [7,8], mainly 
because they can accelerate the clustering process. These models reduce 
the computational complexity by selecting a small number of represen-
tative anchors, eliminating the need to calculate pairwise affinities be-
tween all data points. Typically, anchor-based models select 𝑚 anchors 
from a set of 𝑛 data points and construct a matrix 𝑩 ∈ ℝ𝑛×𝑚 to capture 
the similarities between data points and anchors.

Two traditional approaches for generating anchors are the K-means 
strategy and the random selection strategy [9]. Among them, K-means is 
the most widely used, and the centers obtained from the algorithm serve 
as the anchors. This strategy efficiently captures the global structure of 
the data, using a limited number of anchors to represent key features. 
Several studies have expanded on the strategy. For example, Zhang and 
Kwok [10] propose a K-means-based sampling technique for large man-
ifold learning and dimensionality reduction, which reduces computa-
tional costs by selecting representative anchors; Cai and Chen [11] intro-

duce a spectral clustering approach that uses landmark-based sparse rep-
resentation, where landmarks are selected through K-means, and data 
points are expressed as sparse linear combinations of these landmarks, 
improving clustering efficiency. Liu et al. [12] combine anchor graph 
clustering and sparse projection to enhance efficiency and robustness 
in large-scale, high-dimensional data. Wang et al. [13] use high-density 
anchor points to automatically select clustering strategies, effectively 
handling clusters of various shapes and densities. Nie et al. [14] develop 
an unsupervised graph embedding algorithm for large data, where an-
chors are created using K-means, followed by the construction of a dou-
bly stochastic and positive semi-definite similarity matrix for clustering. 
However, the K-means strategy is computationally expensive because se-
lecting anchors through this strategy has a time complexity of 𝑂(𝑛𝑑𝑚𝑡), 
where 𝑛 represents the number of data points, 𝑑 the dimensionality, 𝑚
the number of anchors, and 𝑡 the number of iterations. As datasets grow 
in size, the computational cost of K-means escalates rapidly, which hin-
ders its scalability for large datasets. On the other hand, the random 
selection strategy involves choosing data points at random as anchors. 
This approach is inexpensive and simple to implement, with no itera-
tive steps required. However, because of its randomness, the quality of 
the selected anchors can be inconsistent, leading to variable clustering 
results and lower accuracy. This variability limits the application of the 
random selection method in tasks that require high-quality clustering.

To address these limitations, Zhu et al. [15] propose a novel ap-
proach for anchor generation called Balanced K-means-based Hierar-
chical K-means (BKHK). This approach employs a balanced binary tree 
structure to select anchors, reducing computational complexity while 
ensuring a good representation of the data structure. Compared to tra-
ditional K-means, BKHK optimizes both computational time and stor-
age, making it well-suited for large datasets [16]. It strikes an effective 
balance between computational efficiency and anchor quality, reducing 
processing time while maintaining high clustering accuracy, making it 
ideal for handling large data.

2.3.  Clustering ensemble selection

Clustering ensemble refers to combining the results of multiple base 
clusterers to achieve a more effective clustering outcome than that pro-
duced by a single clustering method [17] . The fundamental concept is 
to leverage the diversity and complementarity of different base cluster-
ers to enhance the stability and accuracy of clustering results. Clustering 
ensemble selection is a subproblem within clustering ensemble methods, 
specifically how to choose the optimal subset from a pool of candidate 
base clusterers to attain the best clustering performance [18]. The main 
challenge lies in selecting base clusterers that exhibit both high qual-
ity and sufficient diversity, ensuring clustering accuracy while avoiding 
overfitting or unstable outcomes.

In recent years, in the research on clustering ensemble selection, only 
a few studies have considered how to balance the quality and diversity 
of base clusterers. There are two common diversity and quality selection 
criteria: the first approach is to select base clusterers through a base clus-
terer selection strategy based on the Adjusted Rand Index (ARI) [19] as a 
measure. For example, some studies use median diversity or resampling 
techniques to select a subset of base clusterers [20,21]. These strate-
gies calculate the similarity between base clusterers to ensure that the 
final selected base clusterers have sufficient diversity in clustering re-
sults while maintaining high clustering quality. The second approach 
is to use Normalized Mutual Information (NMI) [22] as a measure of 
quality and diversity. For example, the clustering quality is evaluated 
by calculating the sum of the NMI of the results of each base clusterer, 
and then the results of these base clusterers are clustered again to se-
lect the base clusterer with the largest sum of NMI in each cluster [23]. 
This strategy can further refine the criteria for selecting base clusterers, 
thereby improving the overall performance of clustering results. In ad-
dition, other strategies include direct combination, cluster combination 
[24], extended evidence accumulation clustering [25], and combining 
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Fig. 1. Framework of RFAG.

transfer learning with clustering ensemble selection to optimize cluster 
member selection through a multi-objective self-evolution process [26]. 
These strategies further improve the accuracy and stability of clustering 
results through different combinations. In addition, [27] uses 5 inter-
nal evaluation indicators and NMI to evaluate the quality and diversity 
of base clusters respectively. Different from the aforementioned meth-
ods that rely on the K-means algorithm to generate base clusterers, our 
method uses decision trees as the base clusterers in a clustering ensem-
ble framework.

3.  Methodology

The proposed method is divided into two main phases: the training 
phase and the clustering phase, as illustrated in Fig. 1.

In short, the RFAG method follows a tightly integrated process, 
where each module builds naturally on the previous one to ensure effi-
cient clustering on large-scale datasets.

The process begins with Anchor Selection (Section 3.1.1), where rep-
resentative anchors are generated through BKHK. These anchors pre-
serve the global structural characteristics of the original data while sub-
stantially reducing its size, thereby providing the basis for the subse-
quent modules. The selected anchors are then used in Anchor Graph 
Construction (Section 3.1.2) to model affiliations between original data 
points and anchors, serving as a critical input for the subsequent cluster-
ing phase. In Random Forest Training (Section 3.1.3), the anchors are 
used as positive samples, and corresponding negative samples are gener-
ated through marginal random sampling. These samples together form 
a pseudo-labeled dataset that is used to train a binary random forest 
classifier, whose primary role is to learn discriminative node-level split 
thresholds and provide the basis for extracting similarity information.

In Similarity Measurement (Section 3.2.1), the trained random for-
est is used to compute similarities among anchors through a virtual-path 
strategy, which extends beyond simple leaf co-occurrence to produce an 
anchor-level similarity matrix that captures both local and global data 
relationships. This matrix serves as the foundation for Clustering Ensem-
ble Selection (Section 3.2.2), where clustering is performed and only in-
formative decision trees are retained: on stable datasets, trees with high 
SNMI scores are chosen to maximize quality, while on unstable datasets, 
diversity is promoted through a balanced k-medoids algorithm. The re-
sulting anchor-to-cluster assignments are then passed to Membership 
Mapping (Section 3.2.3), where they are propagated back to the full 
dataset through the anchor graph, generating the final membership ma-
trix between data points and clusters.

3.1.  RF training phase

3.1.1.  Anchor selection
We employ the BKHK approach for anchor selection, which is highly 

efficient and particularly well-suited for large-scale clustering problems. 
BKHK iteratively partitions the dataset into two clusters, each contain-
ing an equal number of samples, ensuring that the selected anchors 
are representative and effectively encompass the data distribution. This 
approach reduces computational complexity and mitigates redundancy 
and bias in anchor selection, thereby enhancing both clustering accuracy 
and efficiency. Specifically, given a dataset 𝑿 ∈ ℝ𝑛×𝑑 , where 𝑛 repre-
sents the number of samples and 𝑑 denotes the feature dimension, BKHK 
initially applies the biclustering K-means algorithm for preliminary par-
titioning. The objective is to segment the dataset into two clusters based 
on its inherent structure. The clustering problem can be formulated as:

min
𝑪 ,𝑮∈Ind,𝟏𝑇𝑮=[𝐾,𝐿]

‖

‖

‖

𝑿 −𝑮𝑪𝑇 ‖
‖

‖

2

𝐹
(1)

where 𝑮 ∈ ℝ𝑛×2 is the cluster label matrix, each row corresponds to a 
sample, and each 𝒈𝑖 ∈ {0, 1}2 is a one-hot vector indicating the cluster 
assignment of sample 𝒙𝑖. 𝑪 ∈ ℝ𝑑×2 is the cluster center matrix. 𝐾 and 
𝐿 represent the number of samples in each cluster, where 𝐾 + 𝐿 = 𝑛. 
Usually, 𝐾 =

⌊

𝑛
2

⌋

 ensures the balance of the clusters.

3.1.2.  Anchor graph construction
After selecting anchors, an undirected weighted graph can be con-

structed to represent the affiliations between data points and anchors. 
The nodes in this graph include both data points and anchors, while the 
weights of the edges represent the similarity between a data point and an 
anchor [28]. Specifically, the dataset 𝑿 ∈ ℝ𝑛×𝑑 consists of 𝑛 data points, 
each of which is connected to 𝑚 anchors 𝑨 ∈ ℝ𝑚×𝑑 , where 𝑚 represents 
the number of samples and 𝑑 denotes the feature dimension. The affil-
iation probability 𝑏𝑖𝑗 , an element of the matrix 𝑩 ∈ ℝ𝑛×𝑚, reflects the 
similarity between sample 𝒙𝑖 and anchor 𝒂𝑗 . To optimize the affiliation 
probabilities 𝑏𝑖𝑗 , we solve the following optimization problem to mini-
mize the distance and regularization terms:

min
𝒃𝒊𝑇 𝟏=1,0≤𝑏𝑖𝑗≤1

𝑚
∑

𝑗=1

(

(‖𝒙𝑖 − 𝒂𝑗‖22)𝑏𝑖𝑗 + 𝛾𝑏2𝑖𝑗
)

(2)

where 𝑏2𝑖𝑗 is the regularization term and 𝛾 is the regularization parame-
ter. Follow [29], 𝛾 can be set as

𝛾 = 𝑘
2
‖𝒙𝑖 − 𝒂𝑘+1‖22 −

1
2

𝑘
∑

𝑗=1
‖𝒙𝑖 − 𝒂𝑗‖22. (3)
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The solution to problem (2) is

𝑏𝑖𝑗 =
‖𝒙𝑖 − 𝒂𝑘+1‖22 − ‖𝒙𝑖 − 𝒂𝑗‖22

∑𝑘
𝑗′=1

(

‖𝒙𝑖 − 𝒂𝑘+1‖22 − ‖𝒙𝑖 − 𝒂𝑗′‖22
)
. (4)

Finally, the matrix 𝑩 ∈ ℝ𝑛×𝑚 is obtained by calculating the similarity 
of each data point with the anchor.

3.1.3.  Random forest training
Since no true labels are available for the clustering task, we adopt a 

pseudo-labeling strategy, which is commonly used in random forest clus-
tering [5], to enable the supervised training required by random forests. 
Following this principle, representative anchors are treated as positive 
samples, while negative samples are generated through marginal uni-
form random sampling, ensuring they do not structurally align with any 
anchor point. Algorithm 1 demonstrates the process of generating neg-
ative samples. The combination of positive anchors and generated neg-
atives constitutes the pseudo-labeled training set. The resulting dataset 
is then used to train a binary random forest classifier. In this way, the 
model learns underlying data structures and relationships that are es-
sential for subsequent similarity extraction.

Algorithm 1: Negative sample generation.
Input: Data matrix 𝑿 ∈ ℝ𝑛×𝑑 , where 𝑛 is the number of samples 

and 𝑑 is the number of features
Output: Negative sample matrix 𝑿′ ∈ ℝ𝑛×𝑑

1 Initialize 𝑿′ ← 𝟎𝑛×𝑑
// Randomly shuffle each feature column independently

2 for 𝑗 = 1 to 𝑑 do
3 Let 𝒙𝑗 ← 𝑿∶,𝑗
4 Generate a random permutation 𝐼𝑗 of {1, 2,… , 𝑛}
5 Set 𝑿′

∶,𝑗 ← 𝒙𝑗 (𝐼𝑗 )

6 return 𝑿′

To train the decision trees in an RF, we employ a resampling tech-
nique on the training set 𝑿̂ to generate multiple data subsets. Training 
individual decision trees on these subsets of the data introduces diver-
sity and helps mitigate overfitting. The decision tree grows starting from 
the root node, which represents the entire dataset. This root node is then 
divided into two subsets based on the selection of specific features and 
their corresponding binary split thresholds (𝑇 ). The resulting subsets are 
assigned to the left and right child nodes. The splitting process is guided 
by a greedy algorithm that aims to optimize the Gini index. Once the 
root node is split, the recursive process continues. At each node, the best 
feature and corresponding threshold are selected to further divide the 
data, creating two additional subsets. This iterative process refines the 
decision tree by determining the threshold for each node until the tree is 
fully developed. After the decision tree training is completed, multiple 
such trees are combined to form an RF.

3.2.  Clustering phase

3.2.1.  Similarity measurement
In decision tree-based clustering, after training a binary random 

forest classifier, extracting similarity information between anchors be-
comes a critical step. Traditional random forest clustering measures the 
similarity between two data points based on the length of their com-
mon path in the decision tree: the longer the shared path, the higher 
the similarity, and vice versa. However, this approach assumes that two 
points with identical paths are equally similar, regardless of potential 
differences in other features, which can lead to inaccurate similarity 
judgments, as illustrated in Fig. 2.

Fig. 2 shows three samples: 𝒙1(0.4, 0.4), 𝒙2(0.6, 0.4) and 𝒙3(0.7, 0.8). 
The first feature is selected with a threshold 𝑇1 = 0.5 to split the dataset, 
and the second feature is then selected with a threshold 𝑇2 = 0.5 for 

further splitting. As shown in Fig. 2, 𝒙1 and 𝒙2, as well as 𝒙1 and 𝒙3, share 
the same common path length (zero), resulting in identical similarity 
measures, which is clearly inadequate.

To address this limitation, we adopt the approach described in [5] 
for the anchor similarity metric. Specifically, virtual paths are generated 
by comparing a data point with the thresholds at each node along the 
path of another data point, enabling more accurate similarity computa-
tion between data points. As shown in the right subfigure of Fig. 2, when 
computing the similarity between 𝒙1 and 𝒙2, 𝒙1 is compared with the 
threshold 𝑇2 = 0.5 of the second feature, generating a left branch (since 
the second feature value is less than 0.5) and forming a virtual path. The 
virtual path of 𝒙1 overlaps more with 𝒙2 than with 𝒙3, indicating that 
𝒙1 is more similar to 𝒙2 than to 𝒙3 under this similarity measure. There-
fore, this similarity measure can extract the real similarity information 
between anchors more precisely.

The similarity measure is defined by the following formula:

𝑠(𝒚, 𝒛) = |𝒀 ∩𝒁|

|𝒀 ∩𝒁| + |𝒀 −𝒁| + |𝒁 − 𝒀 |
(5)

where |𝒀 ∩𝒁| denotes the number of times samples 𝒚 and 𝒛 share the 
same partition on all nodes along their respective paths to each other. 
|𝒀 −𝒁| represents the number of times sample 𝒚 does not share the same 
partition as sample 𝒛 on all nodes along the path to 𝒛 , while |𝒁 − 𝒀 |
indicates the number of times sample 𝒛 does not share the same partition 
as sample 𝒚 on all nodes along the path to 𝒚.

3.2.2.  Clustering ensemble selection
To mitigate the negative impact of low-contribution decision trees 

on clustering quality, we design a clustering ensemble selection ap-
proach tailored for decision tree selection. Notably, unsupervised clus-
tering tasks differ from supervised tasks, as they lack external infor-
mation (e.g., labels) to evaluate clustering quality. In order to evaluate 
the performance of clustering algorithms, predefined class labels [30] 
or similar external information are usually used instead of the true ba-
sic structure. By comparing the clustering results with the predefined 
class labels, the accuracy and consistency of clustering can be quanti-
fied, thereby evaluating the quality of the clustering solution. However, 
in clustering ensemble selection, this external evaluation approach is 
not applicable. Because ensemble selection aims to use the information 
of the clustering results themselves to determine the best set of clusters, 
rather than relying on external criteria. Therefore, in this case, internal 
evaluation approaches are usually used in clustering literature to eval-
uate the performance of clustering ensemble selection. Internal evalua-
tion approaches do not rely on external label information, but analyze 
the characteristics and clustering structure of the data itself to evaluate 
the quality of clustering. ARI and NMI are commonly used clustering 
quality evaluation criteria. This paper adopts NMI to evaluate clustering 
quality. Specifically, given a set of base clusterers 𝜫 = {𝝅1,𝝅2,… ,𝝅𝑣}, 
a good clustering ensemble should maximize the following criteria [31]:

𝑆𝑁𝑀𝐼(𝝅,𝜫) =
𝑣
∑

𝑖=1
𝑁𝑀𝐼(𝝅,𝝅𝑖). (6)

We cluster the similarity matrix extracted from a single decision tree 
and regard each decision tree as a base clusterer. From the perspec-
tive of a subset of decision trees is selected. Spectral clustering, specifi-
cally the regularized version of Ng-Jordan-Weiss [32], is employed for 
this purpose.  After obtaining the clustering results from all decision 
trees, we derive the unique clustering result (the consensus solution) 𝝅∗. 
Specifically, the core of the consensus function is to construct an 𝑚 × 𝑚
co-occurrence matrix, which is generated based on the co-occurrence 
concept in clustering ensemble. After obtaining 𝑉  clustering results, we 
construct 𝑉 𝑚 × 𝑚 matrices. Each matrix element 𝑬𝒊𝒋 indicates whether 
anchors 𝑖 and 𝑗 are assigned to the same cluster in this clustering re-
sult (1 or 0). These 𝑉  matrices 𝑬 are summed and normalized to ob-
tain the final co-occurrence matrix, where each element 𝑬𝒊𝒋 represents 
the similarity between anchors 𝑖 and 𝑗 across the 𝑉  clustering results. 
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Fig. 2. Partial path.

The co-occurrence matrix no longer uses the original features to de-
scribe the anchor but instead uses a new "relational feature" to describe 
it. The higher the similarity between two anchors, the closer their co-
occurrence value (connection strength) will be to 1. This matrix cap-
tures the intrinsic relationships between anchors from the clustering 
perspective. The co-occurrence matrix itself is then treated as a similar-
ity matrix, and clustering algorithms are applied to it to obtain the final 
consensus partition 𝝅∗. The algorithm for generating the co-occurrence 
matrix is shown in Algorithm 2. Since the consensus function needs to 
handle 𝑉  base clusterers, for each base clusterer, all possible point pairs 
need to be checked. The number of point pairs is (𝑚2

)

≈ 𝑚(𝑚−1)
2 , which 

is asymptotically 𝑂(𝑚2). Therefore, the total complexity of construct-
ing the co-occurrence matrix is: 𝑂(𝑉 𝑚(𝑚−1)

2 ) ≈ 𝑂(𝑉 𝑚2). The stability of 
the dataset is assessed by the average NMI between 𝝅∗ and the cluster-
ing results of each decision tree, as defined by the following formula
[33].

𝑁𝑀𝐼(𝝅∗,𝜫) = 1
𝑣

𝑣
∑

𝑖=1
𝑁𝑀𝐼(𝝅∗,𝝅𝑖). (7)

Algorithm 2: Consensus clustering via co-association matrix.
Input: Base clusterers {𝝅1,𝝅2,… ,𝝅𝑣}, number of clusters 𝑐
Output: Consensus clustering 𝝅∗

// Initialize co-association matrix
1 Initialize 𝑬∗ ← 𝟎𝑚×𝑚

// Accumulate co-occurrences from base clusterers
2 foreach 𝝅𝑡 ∈ {𝝅1,… ,𝝅𝑣} do
3 foreach pair of anchors (𝑎𝑖, 𝑎𝑗 ) do
4 if 𝝅𝑡 assigns 𝑎𝑖 and 𝑎𝑗 to the same cluster then
5 𝑬∗

𝑖𝑗 ← 𝑬∗
𝑖𝑗 + 1

// Normalize co-association matrix
6 𝑬∗ ← 𝑬∗∕𝑣

// Apply spectral clustering
7 𝝅∗ ← SpectralClustering(𝑬∗, 𝑐)
8 return 𝝅∗

Based on the stability assessment, if the value is greater than 0.5, 
the dataset is categorized as stable; otherwise, it is marked as unstable. 
In the stable case, base clusterers with higher NMI relative to 𝝅∗ are se-
lected for the final clustering ensemble. Conversely, in the unstable case, 
a subset of the most dissimilar base clusterers is chosen. To implement 
these principles, we propose two strategies for selecting base cluster-
ers. For stable datasets, SNMI is used to evaluate the quality of base 

clusterers, which are then sorted in descending order, and a threshold 
is applied to select the appropriate decision trees. Conversely, for un-
stable datasets, inspired by BKHK, we introduce a balanced k-medoids 
algorithm to select decision trees, ensuring the diversity of the base clus-
terers. The algorithm partitions the dataset into multiple clusters and se-
lects the medoid (center) of each cluster as the representative decision 
tree. By representing the key characteristics of their respective clusters, 
the selected medoids collectively cover different regions of the dataset, 
which enhances representativeness, reduces redundancy, and promotes 
diversity in the selection [34].

3.2.3.  Membership mapping
In this subsection, we detail how to establish the relationship be-

tween data points and clusters. Specifically, anchors are used as inter-
mediaries to connect data points and clusters.

First, we construct a membership matrix 𝑼 ∈ ℝ𝑚×𝑐 for the anchors 
through RF clustering, where 𝑢𝑖𝑗 represents the degree to which the 𝑖th 
anchor belongs to the 𝑗th cluster. In the context of hard clustering, we 
set 𝑢𝑖𝑗 = 1 to indicate that anchor 𝒂𝑖 belongs to cluster 𝑗, and 𝑢𝑖𝑗 = 0
to indicate that it does not. This means that each anchor is assigned to 
exactly one cluster, simplifying the computation while providing clear 
clustering results.

Next, we define a connection matrix 𝑩 ∈ ℝ𝑛×𝑚, which is computed in 
a previous section. Here, 𝑏𝑖𝑗 represents the connection weight between 
data point 𝒙𝑖 and anchor 𝒂𝑗 . This connection weight reflects the simi-
larity or association between data point 𝒙𝑖 and anchor 𝒂𝑗 in the feature 
space.

Finally, to represent the affiliation between the data points and clus-
ters, we define an indicator matrix 𝑭 = {𝑓𝑖𝑗} ∈ ℝ𝑛×𝑐 , where 𝑓𝑖𝑗 indicates 
the degree to which data point 𝒙𝑖 belongs to cluster 𝑗. The membership 
of data point 𝒙𝑖 to cluster 𝑗 is determined by the weighted sum of the 
memberships of all anchors associated with the cluster. Specifically, we 
calculate 𝑓𝑖𝑗 as:

𝑓𝑖𝑗 =
𝑚
∑

𝑘=1
𝑏𝑖𝑘 ⋅ 𝑢𝑘𝑗 (8)

where 𝑏𝑖𝑘 is the connection weight between data point 𝒙𝑖 and anchor 
𝒂𝑘, and 𝑢𝑘𝑗 is the membership of anchor 𝒂𝑘 to cluster 𝑗. In matrix form, 
the membership matrix 𝑭  is computed as 𝑭 = 𝑩𝑼 .

Once the membership matrix 𝑭  is obtained, any classical clustering 
algorithm can be applied to further process the clustering problem. In 
this method, we use the K-means clustering algorithm for the final clus-
ter assignment.
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3.3.  Time complexity analysis

The computational complexity of the proposed RFAG clustering 
method can be analyzed by examining the major procedures involved 
in anchor selection, anchor graph construction, random forest training, 
similarity measurement, clustering ensemble selection, and final mem-
bership mapping.

In the anchor selection step, BKHK obtains 𝑚 anchors by recursively 
partitioning the dataset 𝑿 ∈ ℝ𝑛×𝑑 into balanced clusters with a time 
complexity of 𝑂(𝑛𝑑 log𝑚). The anchor graph construction computes the 
similarity between each of the 𝑛 data points and the 𝑚 anchors, and thus 
the cost of this stage is 𝑂(𝑛𝑑𝑚). In the random forest training stage, a 
pseudo-labeled dataset is constructed consisting of 𝑚 positive anchors 
and an equal number of negative samples, resulting in 𝑂(𝑚) training in-
stances. Training a forest with 𝑇  decision trees on 𝑂(𝑚) samples with 𝑑
features requires 𝑂(𝑇𝑚𝑑 log𝑚) time. In the clustering ensemble selection 
stage, each decision tree is treated as a base clusterer, and spectral clus-
tering is performed on the similarity matrices derived from the selected 
trees. The eigen-decomposition of an 𝑚 × 𝑚 similarity matrix has a cost 
of 𝑂(𝑚3) in the worst case. Finally, in the membership mapping stage, 
the anchor-to-cluster membership matrix 𝑼 ∈ ℝ𝑚×𝑐 is propagated to the 
entire dataset through the connection matrix 𝑩 ∈ ℝ𝑛×𝑚. This requires 
computing 𝑭 = 𝑩𝑼 , which involves 𝑂(𝑛𝑚𝑐) operations. Since 𝑐 ≪ 𝑚, the 
cost is dominated by 𝑂(𝑛𝑚).

By combining the above analysis, the overall complexity of the RFAG 
method is dominated by the most expensive steps, resulting in 𝑂(𝑛𝑑𝑚 +
𝑇𝑚3).
3.4.  Space complexity analysis

The space complexity of the RFAG clustering method can also be 
analyzed by examining the key steps such as anchor selection, anchor 
graph construction, random forest training, similarity measurement, and 
final membership mapping.

First, in the anchor selection phase, anchors are chosen using the 
BKHK algorithm. Although the number of anchors is much smaller than 
the number of data points, the features of each anchor still need to be 
stored. Therefore, the space complexity of this phase is 𝑂(𝑛𝑑), where 𝑛 is 
the total number of samples and 𝑑 is the feature dimension of the data.

In the anchor graph construction phase, the algorithm needs to store 
the similarity matrix between each data point and each anchor. Let the 
number of anchors be 𝑚, then the space complexity of the similarity 
matrix is 𝑂(𝑛𝑚). This matrix stores the similarity information between 
each data point and anchor, and the space required is mainly determined 
by the number of data points 𝑛 and anchors 𝑚.

In the random forest training phase, the algorithm needs to store the 
structure of the decision trees. The depth of each tree is ℎ, so the space 
complexity for storing each tree is 𝑂(ℎ). For 𝑇  decision trees, the to-
tal space complexity is 𝑂(𝑇ℎ). Additionally, the training process uses a 
pseudo-labeled dataset containing 𝑚 anchors, and the space consump-
tion for storing this dataset is minimal and can be ignored.

In the clustering phase, the similarity measurement requires storing 
an 𝑚 × 𝑚 similarity matrix to compute the similarities between anchors. 
Therefore, the space complexity for this step is 𝑂(𝑚2).

Finally, in the membership mapping phase, the algorithm needs to 
store an 𝑛 × 𝑚 connection matrix 𝑩 and an 𝑚 × 𝑐 membership matrix 𝑼 , 
where 𝑐 is the number of clusters. The space complexity is 𝑂(𝑛𝑚 + 𝑚𝑐).

In summary, the space complexity of the RFAG algorithm is primar-
ily dominated by the need to store the anchor graph and the matrices 
in the final membership mapping phase, resulting in an overall space 
complexity of 𝑂(𝑛𝑚).

4.  Experimental evaluation
4.1.  Preparations

We conduct experiments to evaluate the performance of RFAG on 8 
different datasets. All experiments are carried out on a Lenovo Y9000P 

(equipped with an Intel i9-12900H processor, 14 cores, 20 threads, oper-
ating at 2.50GHz, with 32GB of RAM), running Windows 11. The RFAG 
method and the 7 comparison methods are implemented using MATLAB 
R2022b and Python.

4.1.1.  Datasets
The performance of the proposed method is evaluated on 8 real-

world datasets. The real-world datasets include Satimage, FMNIST, KM-
NIST, MNIST, Optdigits, Penbased, USPS, and YTF. These benchmark 
datasets can be found in some published benchmarks, such as the UCI 
Machine Learning Data Repository and clustering benchmark datasets. 
Table 1 summarizes the detailed information of these datasets. It is 
worth noting that FMNIST, KMNIST, MNIST, and USPS are reduced to 
5 dimensions using UMAP as in [35], while YTF is processed directly 
following [36].

4.1.2.  Comparison methods
To evaluate the performance of our method, we compare it with 7 

representative baselines, including 2 anchor-based clustering methods 
and 5 RF-based clustering methods. The methods are listed below:

• APC [13]: This method selects clustering strategies based on high-
density anchor points, combining the strengths of DPC and DBSCAN 
to handle clusters of varying shapes and densities.

• RSFCAG [12]: This method combines anchor graph clustering with 
sparse projection, where an anchor graph is constructed and a pos-
sibilistic neighbor-based similarity matrix is used to guide the clus-
tering process.

• 𝑚_𝑆ℎ𝑖 [3]: This method is the first to use RF to extract similarity 
information for clustering. The similarity information is measured 
by the frequency with which two samples fall into the same leaf 
node.

• 𝑚_𝑍ℎ𝑢2 [4]: This method uses the length of the common path be-
tween two samples as a similarity measure.

• 𝑚_𝑍ℎ𝑢3 [4]: This method, also referred to as ClustRF-Strct-Adp, ex-
tends 𝑚_𝑍ℎ𝑢2 by weighting each node in the common path, with the 
node’s weight being computed as the inverse of the number of points 
that reach the node.

• 𝑚_𝑇 𝑖𝑛𝑔 [37]: This method defines the distance between two samples 
as the ratio of the points in the training set that reach the lowest 
common ancestor (LCA).

• RatioRF [5]: This method applies the Tversky Axiomatic Model and 
defines the similarity between two samples as the number of times 
they respond similarly at threshold nodes during partitioning. Even 
if two samples do not share a common path, there may still be a 
possibility of similarity.

4.1.3.  Parameter setup
In our proposed method, there are four key parameters: the number 

of nearest points (𝑘), the number of anchors (𝑚), the total number of 
decision trees (𝑡), and the number of selected decision trees (𝑡′). In our 
experiments, we set 𝑘 = 20 to ensure local structure representation. To 
accurately capture the internal structure of the dataset, the number of 
anchors (𝑚) is determined based on the dataset size and set to 2𝑖, en-
suring it approximates 5% of the total number of data points. The total 
number of decision trees (𝑡) is set to 100, consistent with the recommen-
dation in [5], while the number of selected decision trees (𝑡′) is set to 25. 
All methods are executed 5 times, and the average results are recorded.

4.1.4.  Implementation details
In our approach, the RF is trained 5 times, with each training rep-

resenting an independent starting point for calculating the similarities 
between data points. After each training, we construct a relationship 
network between the data points by computing their similarities and 
dissimilarities. Once the similarity matrix is obtained, clustering is per-
formed using four different algorithms: First, spectral clustering, which 

Pattern Recognition 174 (2026) 112997 

6 



J. Li et al.

Table 1 
Datasets.

 Name  #Samples  #Features  #Clusters
 Satimage  6435  36  6
 FMNIST  10,000  5  10
 KMNIST  10,000  5  10
 MNIST  10,000  5  10
 Optdigits  5620  64  10
 Penbased  10,992  16  10
 USPS  4649  5  10
 YTF  10,000  10  41

is a typical algorithm widely used in recent RF clustering research. This 
algorithm employs the Ng-Jordan-Weiss normalized version and repeats 
the inner K-means optimization 20 times during each clustering pro-
cess to improve clustering accuracy. Next, the classic K-means clustering 
algorithm, which is a well-known and efficient distance-based cluster-
ing algorithm, is applied. Third, two hierarchical clustering algorithms, 
Complete-Link and Ward-Link, are used. These algorithms capture rela-
tionships between data points through different hierarchical structures, 
providing more refined clustering results. The implementations of these 
algorithms are based on the statistics and machine learning toolbox in 
Matlab.

4.1.5.  Evaluation metrics
In our experiments, we use three metrics to evaluate the performance 

of RFAG and comparison methods. These metrics include NMI [38], ARI 
and clustering accuracy (ACC) [39]. ARI and NMI are commonly used 
to assess the performance of clustering methods, both evaluating the de-
gree of agreement between true class labels and clustering results. Gen-
erally, higher values indicate better clustering performance. NMI ranges 
from 0 to 1, with 1 indicating perfect agreement, while ARI ranges from 
-1 to 1, where 1 indicates perfect agreement and negative values sug-
gest poor clustering. ACC measures the proportion of correctly assigned 
samples, with higher values indicating better accuracy.

4.2.  Comparison experiments

We test the clustering performance of the baseline methods and 
RFAG on the dataset in Table 1, analyzing the clustering performance 
of each method by averaging the results of the 7 clustering algorithms. 
The baseline methods are grouped into two categories: anchor-based 
methods (APC and RSFCAG) and random forest-based methods (𝑚_𝑆ℎ𝑖, 
𝑚_𝑍ℎ𝑢2, 𝑚_𝑍ℎ𝑢3, 𝑚_𝑇 𝑖𝑛𝑔, and RatioRF). Table 2 shows the ACC, ARI, 
and NMI values of the baseline methods and RFAG on 8 real-world 
datasets. The highest scores for each dataset under the corresponding 
metrics are highlighted in bold.

The proposed RFAG method outperforms or is comparable to the 
baseline methods considered in terms of ACC, ARI and NMI in most 
cases. However, we observe that RFAG does not achieve the best clus-
tering results on FMNIST dataset. This is because RFAG is based on the 
sampling idea. Although this approach is highly effective in accelerating 
the method, it inevitably loses some structural information of the data 
during the sampling process. However, compared to other methods, our 
proposed method strikes a good balance between efficiency and cluster-
ing accuracy.

For anchor-based clustering methods, both APC and RJSFCAG 
achieve competitive results. APC performs well on certain datasets, such 
as USPS, by selecting anchors away from dense regions to capture di-
verse structures. RJSFCAG enhances clustering performance by leverag-
ing anchor graphs and a fast ternary-tree clustering approach (3KHK). 
Although both methods achieve strong performance in our experiments, 
RFAG still outperforms them on most datasets due to its anchor-based 
similarity extraction and stability-aware clustering ensemble selection 
strategy.

Random forest-based clustering methods exhibit notable differences 
in performance, primarily resulting from the use of different similarity 
measures. From Table 2, it is clear that the 𝑚_𝑆ℎ𝑖 method performs rela-
tively poorly in terms of clustering effectiveness. This method primarily 
focuses on the frequency with which two samples fall into the same leaf 
node when extracting similarity information using decision trees. The 
limitation of this method lies in its failure to fully leverage the structural 
information of the decision tree, resulting in similarity information that 
does not accurately reflect the true similarity between samples. Relying 
solely on leaf node information often fails to capture subtle differences 
between samples, leading to unsatisfactory clustering results.

The 𝑚_𝑍ℎ𝑢2 and 𝑚_𝑍ℎ𝑢3 methods, as improvements on 𝑚_𝑆ℎ𝑖, en-
hance the similarity calculation by introducing the common path of two 
samples as a similarity measure. This approach not only considers the 
similarity of leaf nodes but also extends to the entire decision tree’s path 
information, fully utilizing the structural characteristics of the decision 
tree. This multi-dimensional similarity evaluation approach makes the 
clustering results more accurate, leading to significant improvements 
over mshi on several datasets.

Similarly, the 𝑚_𝑇 𝑖𝑛𝑔 method shares a similar idea with 𝑚_𝑍ℎ𝑢2, us-
ing the common ancestor of two samples as a similarity measure. This 
method fully utilizes the structural information of the decision tree, 
thereby improving the accuracy of clustering. In the experimental re-
sults, it can be observed that mting shows considerable improvement 
over mshi on certain datasets. On some datasets, the ACC, NMI and ARI 
values of 𝑚_𝑇 𝑖𝑛𝑔 are close to those of 𝑚_𝑍ℎ𝑢2 and 𝑚_𝑍ℎ𝑢3.

The RatioRF is a further extension of the similarity measure proposed 
by 𝑚_𝑍ℎ𝑢2 and 𝑚_𝑍ℎ𝑢3. It considers that samples that are more deeply 
separated might also be similar. Compared to 𝑚_𝑍ℎ𝑢2 and 𝑚_𝑍ℎ𝑢3, it 
refines the similarity relationship between two samples. From the clus-
tering results, it can be seen that RatioRF shows some improvement over 
𝑚_𝑍ℎ𝑢2 and 𝑚_𝑍ℎ𝑢3 on most datasets.

The RFAG is consistent with RatioRF in similarity measurement, but 
there are obvious differences in the training and clustering stages of ran-
dom forest. Specifically, RFAG uses anchors that are much smaller than 
the original dataset to train the random forest, which helps to reduce 
the impact of similar feature values. RatioRF uses the entire dataset to 
train the random forest. At the same time, RFAG introduces a cluster-
ing ensemble selection strategy in the clustering stage, selecting only 
decision trees with higher gains to participate in the ensemble, thereby 
improving the performance of the model.

4.3.  Stability comparison experiment

To validate the advantages of the anchor-based approach over ran-
dom and mixed sampling, we conduct experiments comparing their 
stability and effectiveness. Specifically, we use the silhouette coeffi-
cient(SC) [40] with true class labels as the evaluation metric to assess 
whether the selected anchors maintain the cluster structure of the orig-
inal data. The silhouette coefficient, ranging from -1 to 1, measures 
cluster cohesion and separation, with higher values indicating better 
cluster structure. To quantify the closeness of the silhouette coefficients 
between sampled points and the original data, we employ the mean 
absolute percentage error (MAPE), where lower MAPE values indicate 
higher structural consistency.

We apply the three sampling approaches (anchor, random, and 
mixed) on the YTF and MNIST datasets, running each approach 10 
times. The silhouette coefficients and their corresponding MAPE values 
for each method are calculated and compared with the original data. 
Fig. 3(a) and (b) show the silhouette coefficients and MAPE for the YTF 
dataset, while Fig. 3(c) and (d) present the same for the MNIST dataset.

As illustrated in Fig. 3(a) and (c), the anchor-based approach demon-
strates superior sampling stability, yielding a structure that more closely 
approximates the one derived from the original data. Fig. 3(b) and (d) 
further confirm that the anchor-based approach produces a structure 
most similar to the original data, as indicated by the MAPE values of 
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Table 2 
Performance on real-world datasets.

 Dataset  APC  RJSFCAG 𝑚_𝑆ℎ𝑖 𝑚_𝑍ℎ𝑢2 𝑚_𝑍ℎ𝑢3 𝑚_𝑇 𝑖𝑛𝑔  RatioRF  RFAG
 FMNIST  0.551  0.51  0.263  0.565  0.463  0.564  0.525  0.564
 KMNIST  0.403  0.392  0.249  0.481  0.439  0.445  0.488  0.498
 MNIST  0.603  0.64  0.356  0.770  0.635  0.737  0.716  0.802
 Penbased  0.585  0.633  0.328  0.566  0.566  0.614  0.661  0.683
 Satimage  0.391  0.502  0.567  0.577  0.627  0.552  0.616  0.684
 Optdigits  0.45  0.685  0.269  0.486  0.399  0.489  0.599  0.766
 USPS  0.505  0.708  0.329  0.753  0.687  0.718  0.766  0.838

ACC

 YTF  0.472  0.539  0.325  0.590  0.490  0.512  0.634  0.670
 FMNIST  0.265  0.442  0.049  0.407  0.234  0.407  0.336  0.375
 KMNIST  0.232  0.284  0.029  0.269  0.158  0.251  0.260  0.284
 MNIST  0.612  0.69  0.089  0.646  0.415  0.618  0.586  0.703
 Penbased  0.48  0.516  0.057  0.420  0.208  0.381  0.475  0.525
 Satimage  0.312  0.418  0.292  0.321  0.386  0.287  0.395  0.443
 Optdigits  0.527  0.621  0.041  0.280  0.140  0.269  0.411  0.636
 USPS  0.657  0.635  0.075  0.604  0.459  0.556  0.614  0.722

 ARI  YTF  0.39  0.505  0.050  0.390  0.189  0.321  0.485  0.526
 FMNIST  0.538  0.62  0.236  0.581  0.465  0.570  0.514  0.559
 KMNIST  0.444  0.45  0.186  0.437  0.390  0.402  0.426  0.454
 MNIST  0.778  0.77  0.323  0.740  0.616  0.720  0.698  0.779
 Penbased  0.607  0.679  0.311  0.632  0.567  0.599  0.639  0.680
 Satimage  0.434  0.503  0.384  0.436  0.460  0.409  0.486  0.542
 Optdigits  0.685  0.738  0.209  0.417  0.325  0.392  0.540  0.741
 USPS  0.794  0.757  0.281  0.733  0.650  0.712  0.730  0.818

NMI

 YTF  0.736  0.736  0.364  0.676  0.554  0.615  0.720  0.748

Fig. 3. SCs and MAPEs for different datasets.

the silhouette coefficients. This validates that the anchors capture the 
key information of the data. Consequently, when constructing decision 
trees, the model can quickly learn the primary patterns.

4.4.  Ablation experiment

This subsection investigates the specific impact of introducing the 
anchor-based approach and the clustering ensemble selection mecha-
nism on the performance of the proposed RF clustering method through 
ablation experiments. In the experiment, we first remove the anchor-
based approach and the clustering ensemble selection mechanism from 
the RFAG method, resulting in two modified versions: RFAG-A (with-
out the anchor-based approach) and RFAG-CES (without the clustering 
ensemble selection mechanism). Then, both the anchor-based approach 
and the clustering ensemble selection mechanism are removed, leading 

to the RFAG-ALL method. To ensure fairness, the parameter configu-
rations for these modified methods are kept consistent with those of 
RFAG across all datasets. The experimental results, as shown in Table 3, 
present the average scores for each method on all datasets.

First, after removing the anchors, the average ACC, ARI, and NMI 
decreased to 0.641 (7.5% decrease), 0.458 (15% decrease), and 0.604 
(10.1% decrease), respectively. This may be because the number of 
anchors is relatively small compared to the number of data points in 
the dataset, which helps to mitigate the impact of similar feature val-
ues. Second, after removing the clustering ensemble selection strategy, 
the average ACC, ARI, and NMI decreased to 0.677 (1.8% decrease), 
0.515 (2.3% decrease), and 0.657 (1.2% decrease), respectively. This 
may be because some decision trees that have limited contribution to
clustering or even have a negative impact are removed during the clus-
tering ensemble selection process. Finally, the clustering performance 
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Fig. 4. ACC with different values of parameters 𝑘 and 𝑚.

Table 3 
Results of ablation experiments.
 Method  ACC  ARI  NMI
 RFAG  0.689  0.527  0.665
 RFAG-A  0.641  0.458  0.604
 RFAG-CES  0.677  0.515  0.657
 RFAG-ALL  0.618  0.444  0.591

Table 4 
Comparison in terms of running time (𝑠).
 Dataset 𝑚_𝑆ℎ𝑖 𝑚_𝑍ℎ𝑢2 𝑚_𝑍ℎ𝑢3 𝑚_𝑇 𝑖𝑛𝑔  RatioRF  RFAG
 FMNIST  807.69  13846.25  88678.49  71168.44  10253.44  71.67
 KMNIST  810.59  14685.33  93984.64  78864.97  10863.20  77.47
 MNIST  799.49  13095.39  83808.35  69548.23  9380.60  68.64
 Penbased  401.31  31053.85  212460.20  166669.30  19510.21  63.14
 Satimage  132.85  6025.78  41036.75  31247.32  3748.56  26.53
 Optdigits  97.76  5417.51  37425.84  29751.61  3419.15  24.01
 USPS  268.11  1854.03  11334.53  9407.97  1368.44  24.62
 YTF  2440.19  22276.10  162615.5  131428.90  22021.75  96.18

of removing the cluster anchor mechanism and the clustering ensemble 
selection strategy is significantly reduced compared with RFAG, which 
indicates that the anchor mechanism and the clustering ensemble selec-
tion mechanism play a key role in improving the clustering performance 
of our proposed RFAG method, thereby improving the accuracy of the 
clustering results.

4.5.  Running time comparison

This subsection provides a comparative analysis of runtime to eval-
uate the efficiency of the RFAG method. Since the primary focus of this 
work is to improve the efficiency of random forest clustering, the run-
time comparison is conducted against existing RF-based clustering meth-
ods. The detailed results are reported in Table 4. The recorded runtime 
includes both the training time for constructing the random forest and 
the total time spent on extracting similarity information and executing 
the clustering process. The runtime values highlighted in bold repre-
sent the fastest processing speed for each dataset. The results in Table 4 
show that the proposed RFAG method significantly optimizes runtime 
efficiency.

The performance improvement is primarily attributed to the signifi-
cant reduction in the number of anchors compared to the original data 
points. This reduction not only effectively decreases memory usage but 

also substantially lowers the computational complexity during the simi-
larity calculation and clustering stages, ultimately enhancing the overall 
speed of the algorithm. The analysis clearly demonstrates that the RFAG 
method exhibits outstanding efficiency in processing large datasets com-
pared to existing RF clustering methods.

4.6.  Parameter sensitivity

In this section, we delve into the impact of parameters on the cluster-
ing performance of the proposed RFAG method. The clustering perfor-
mance of the RFAG method is influenced by five main parameters: the 
number of neighbors (𝑘), the number of anchors (𝑚), the total number 
of decision trees (𝑡), the number of selected decision trees (𝑡′), and sta-
bility threshold (𝜃). The choice of each parameter affects the algorithm’s 
performance to some extent, so we conduct an experimental analysis of 
the sensitivity to these parameters.

The parameter 𝑘 determines the number of nearest neighbors consid-
ered for each data point when constructing the anchor graph. We test 𝑘
values in the range [5, 10, 15, 20]. The parameter 𝑚 controls the number 
of anchors used to represent the data’s internal structure, with values set 
in the range [26, 27, 28, 29]. Since the BKHK algorithm generates anchors 
using a binary tree structure, the number of anchors is a power of 2. The 
parameter 𝑡 governs the size of the random forest, with values tested in 
the range [50, 75, 100, 125, 150]. Finally, the parameter 𝑡′ determines the 
number of decision trees selected for clustering ensemble selection, with 
values set in the range [23, 24, 25, 26].

To comprehensively analyze the impact of these parameters on clus-
tering performance, we evaluate the clustering results using ACC, ARI 
and NMI as primary metrics under different parameter configurations.

The parameters 𝑘 and 𝑚, which are associated with the anchor-based 
approach, are analyzed together. Figs. 4 and 5 show the ACC and NMI 
values for different configurations of 𝑘 and 𝑚 across six datasets: FM-
NIST, KMNIST, MNIST, YTF, Penbased and USPS. The results indicate 
that clustering performance remains stable with changes in these param-
eters on most datasets, demonstrating that the method exhibits strong 
robustness with respect to 𝑘 and 𝑚.

Next, we evaluate the effect of the parameter 𝑡. Fig. 6 presents the 
ARI and NMI values for different values of 𝑡 on the same six datasets. 
The results show that RFAG’s clustering performance is also robust to 
changes in 𝑡, with minimal fluctuations across datasets.

Moreover, we examine the impact of the parameter 𝑡′. Fig. 7 illus-
trates the ACC and NMI values for different values of 𝑡′. While a slight 
upward trend in performance is observed as 𝑡′ increases, the changes 
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Fig. 5. NMI with different values of parameters 𝑘 and 𝑚.

Fig. 6. ARI and NMI with different values of parameter 𝑡.

Fig. 7. ACC and NMI with different values of parameter 𝑡′.

Fig. 8. ACC and NMI with different values of parameter 𝜃.

are minimal, indicating that RFAG is relatively insensitive to variations 
in 𝑡′.

Finally, we examine the impact of the parameter 𝜃. Fig. 8 shows 
the ACC and NMI values for different values of 𝜃. It can be seen that 
our method exhibits strong robustness with a threshold 𝜃 > 0.5 on most 
datasets, with minimal performance fluctuations. This analysis not only 
verifies the stability of the method but also supports the credibility of 
the 0.5 threshold proposed in [33].

In summary, although the parameters 𝑘, 𝑚, 𝑡, 𝑡′, and 𝜃 do have 
some influence on the clustering results, their impact on perfor-
mance is limited. This indicates that RFAG exhibits high stability and 

demonstrates strong generalization ability across different parameter
configurations.

5.  Conclusion

In this paper, we propose a novel random forest clustering, RFAG, 
which integrates anchor-based sampling and clustering ensemble selec-
tion to address the efficiency and accuracy challenges in traditional clus-
tering frameworks. Experimental results across different datasets show 
that RFAG achieves statistically significant improvements in clustering 
accuracy while reducing running time compared to existing random 
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forest clustering methods. The advantages of RFAG stem from three 
main innovations: an anchor-driven training mechanism that reduces 
computational cost while retaining essential structural information; a 
virtual-path based similarity measure for anchors that captures more 
fine-grained relationships between anchors to enhance clustering accu-
racy; and a stability-aware anchor graph ensemble selection strategy 
that improves robustness by mitigating the influence of low-contribution 
decision trees.

Despite these advances, RFAG inevitably loses part of the structural 
information during anchor-based sampling, which may limit perfor-
mance on datasets with complex topological structures. Future research 
will focus on improving the adaptability of RFAG to diverse data distri-
butions and developing more effective strategies for anchor generation 
and ensemble optimization.
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