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Abstract

Objective: To address the issue that the CFSFDP (Clustering by Fast Search
and Find of Density Peaks) algorithm produces unsatisfactory clustering results
due to its utilization of the product of local density and distance for cluster
center selection. Method: This paper proposes a CFSFDP algorithm based
on particle swarm optimization, which employs particle swarm optimization to
seek optimal thresholds for local density and distance in the CESFDP algorithm,
thereby obtaining cluster centers characterized by relatively high local density
and distance values and reducing the impact of outlier points on cluster cen-
ter selection, with experiments conducted on datasets randomly selected from
a question bank of examinees provided by a college entrance examination con-
sultation platform. Results: Experimental results indicate that across different
datasets, the proposed algorithm exhibits significant improvements in accuracy,
recall, and F-value compared to the basic CFSFDP algorithm. Limitations:
Semantic relationships were not considered in the text processing stage. Con-
clusion: The proposed method demonstrates effective clustering performance,
and its application to the college entrance examination consultation database
can effectively reduce the workload of consultants and facilitate rapid responses
to examinees’ inquiries.
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Abstract

[Objective] This paper addresses the unsatisfactory clustering results of the
CFSFDP (Clustering by Fast Search and Find of Density Peaks) algorithm,
which selects cluster centers based on the product of local density and distance.
[Methods] We propose a CFSFDP algorithm based on particle swarm optimiza-
tion that searches for optimal local density and distance thresholds to identify
cluster centers with relatively high local density and distance, thereby reduc-
ing the influence of discrete points on center selection. The proposed method
was evaluated on randomly selected datasets from a college entrance examina-
tion consultation platform’s question database. [Results] Experimental results
demonstrate that our algorithm achieves significant improvements in accuracy,
recall, and F-measure compared to the basic CFSFDP algorithm across different
datasets. [Limitations] The semantic relationships were not considered during
text processing. [Conclusions] The proposed method demonstrates effective
clustering performance and can substantially reduce the workload of consulta-
tion staff while helping to quickly answer candidates’ questions when applied to
the college entrance examination consultation database.

Keywords: CFSFDP, Cluster Centers, Particle Swarm Optimization Algo-
rithm
Classification Number: TP391

1 Introduction

With the advent of the information age, data on the Internet has grown ex-
plosively. How to extract useful information from these massive datasets and
process them effectively has become a hot research topic. Clustering [2], a
popular branch of data mining [1], is an unsupervised learning method that re-
quires no prior knowledge. It identifies commonalities among data points based
on some similarity metric and partitions datasets into distinct clusters. Data
within the same cluster exhibit high similarity and low variation, while data
across different clusters show low similarity. Research on clustering methods
has spanned several decades, with widespread applications in medicine, pattern
recognition, image processing, user interest recommendation, and other fields,
driving societal development and improving people’ s lives.

Currently, clustering algorithms are mainly divided into five categories [2-3]: hi-
erarchical methods, partitioning methods, density-based methods, model-based
methods, and network-based methods. Each category includes several classical
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algorithms [3] that have been widely applied in text processing. However, given
the diversity and complexity of data, no single clustering algorithm can be uni-
versally applicable to all datasets. Fach method has its own advantages and
disadvantages, and different clustering algorithms produce different results.

In our comparative experiments, Agglomerative Clustering and DBSCAN repre-
sent hierarchical and density-based methods, respectively. The basic CFSFDP
algorithm, proposed by Rodriguez and Laio [4], is a novel density-based cluster-
ing algorithm capable of discovering clusters of arbitrary shape with simplicity
and efficiency. Zhang Wenkai studied density-based hierarchical clustering al-
gorithms [5], Mehmood et al. investigated fuzzy clustering based on CFSFDP
[6], and Ma Chunlai et al. proposed a density peak clustering algorithm with an
automatic cluster center selection strategy [7].

Since CFSFDP selects cluster centers based on the product of data point density
and distance—where larger products indicate higher likelihood of being centers
—data points with high density but small distance, or low density but large
distance, may also have large products and be mistakenly identified as cluster
centers. Therefore, this paper introduces particle swarm optimization to find
a pair of density-distance thresholds. Data points whose density and distance
both exceed these thresholds are selected as centers, reducing the influence of
discrete points on center selection and enabling automatic determination of
cluster centers with less manual intervention.

The experimental data in this study originates from a college entrance examina-
tion consultation platform’ s automatic Q&A application, containing students’
questions about university admission policies, basic school information, and re-
lated topics. Clustering these texts helps improve the robot knowledge base and
enhance the accuracy of answering student inquiries. Applying the proposed al-
gorithm to datasets extracted from this platform demonstrates its effectiveness.

2.1 CFSFDP Algorithm

The fundamental idea of the CFSFDP [4] clustering algorithm involves three
steps: first, computing the density and distance of each data point; second,
selecting cluster centers; and finally, assigning non-center points to clusters. The
selection of cluster centers is the critical step in this algorithm. Cluster centers
possess two important characteristics: they have relatively high local density,
surrounded by data points with lower density, and they maintain relatively
large distances from other data points with higher density.

The basic CFSFDP algorithm has significant drawbacks in selecting cluster cen-
ters: data points with high density but small distance, or low density but large
distance, may also have large products and be mistakenly identified as clus-
ter centers. Additionally, the number of cluster centers cannot be determined
automatically and requires manual intervention.
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Consider a dataset {zq,2,...,7,}. Let d; ; denote the distance between data
point z; and data point x;. For each data point z; in dataset S, we characterize it
using two variables: local density and distance. The local density p; is calculated
using Equation (1) [4]:

P = ZX(di,j —d.)
J

where x(x) = 1 if © < 0 and x(z) = 0 otherwise, and parameter d, > 0 is the
cutoff distance.

Equation (1) shows that each data point’ s density equals the number of data
points in dataset S whose distance to this point is less than d, (excluding the
point itself).

When data point x; has the maximum local density, its distance J; is the distance
to the farthest data point from z, in S. For other data points without maximum
density, the distance represents the minimum distance between z,; and any data
point with higher local density. This is calculated using Equation (2) [4]:

d; = min (d; )

. i
J:P;>P4 7

Decision Graph

Using local density p as the x-axis and distance § as the y-axis, we plot a decision
graph characterizing each data point’ s local density and distance. Figure 1
[Figure 1: see original paper] shows a scatter plot containing 28 data points, and
the corresponding decision graph is shown in Figure 2 [Figure 2: see original

paper] [4].

2.2 Particle Swarm Optimization Algorithm

In particle swarm optimization [8-9], each particle in the swarm has a velocity
that determines its direction and position, and a fitness value determined by
the fitness function. Each particle dynamically adjusts its position by moving
toward its own historically best position and the swarm’s best position, obtaining
the optimal solution through iteration.

Assume the swarm size is N and each particle’ s dimension is D. Each par-
ticle has two attributes: current position z; and flight velocity v;, denoted as
z; = (x}, 22, ... 2P) and v; = (v},v?,...,0P), where i = 1,2,..., N. P, represents
the position with the highest fitness value found by particle z; during the search
process; P, denotes the globally optimal position achieved by the entire swarm,
i.e., the position with maximum fitness among all P, values. During each itera-

tion, every particle adjusts its position and velocity based on these two extremal

chinarxiv.org/items/chinaxiv-201711.01936 Machine Translation


https://chinarxiv.org/items/chinaxiv-201711.01936

ChinaRxiv [$X]

values. The position and velocity updates are shown in Equations (3) and (4)
[9]:

v;(t+ 1) =wxv,(t)+¢; X1y x (P;—x,;(t)) + g X 19 X (Pg —x,(t))

z,(t+1)=z,(t) +v;(t+1)

where ¢; and ¢, are positive constants called acceleration factors; r; and r, are
random numbers uniformly distributed in [0, 1]; w is the inertia weight factor;
and v,,,, is the maximum particle velocity. When a particle’ s flight velocity
exceeds v it is set to v, 44-

max)

3 Text Clustering Using the Improved CFSFDP Algorithm

Due to the aforementioned limitations of the basic CFSFDP algorithm, this
paper introduces particle swarm optimization. The main idea of the improved
CFSFDP algorithm is to use PSO to regulate the selection of cluster centers in
CFSFDP. Specifically, PSO obtains a pair of density and distance thresholds;
data points whose density and distance both exceed these thresholds are desig-
nated as cluster centers. Clustering is then performed based on these selected
centers, and the fitness value calculated from the clustering results serves as
the criterion for updating PSO. When applied to text clustering, the algorithm
computes similarity between texts to calculate each text’ s density and local
distance, thereby achieving text clustering. The algorithm flow is illustrated in
Figure 3 [Figure 3: see original paper].

For the entire text dataset, we employ the most widely used text processing
method: representing texts using the Vector Space Model (VSM) [12] based
on TF-IDF (Term Frequency-Inverse Document Frequency) [10-12], where each
dimension of the vector represents the weight of a corresponding feature term in
the text. Text similarity is measured using cosine distance [13-14]; larger values
indicate greater similarity and closer proximity between two texts.

During iteration, PSO relies on the fitness function—higher fitness values indi-
cate better adaptation of a particle, influencing the evolution of the next gen-
eration to produce optimal solutions. This paper uses the inverse of the Rand
index [15] as the fitness function for PSO to evaluate clustering quality.

The algorithm proceeds as follows:

1. Preprocess text set S, compute feature term weights for each text, obtain
vector representations, and calculate similarities between texts.

2. Treat each vector from step 1 as a data point, and compute local density
and distance for each point using Equations (1) and (2).
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3. Initialize PSO parameters, including swarm size m, inertia weight w, learn-
ing factors ¢; and ¢,, maximum iterations ¢, etc. Randomly generate initial
velocities and positions, set each particle’ s initial position as its personal
best position P;, and determine the global best position P, from all P,
(positions are defined by density and distance thresholds).

4. Compute clustering results for each particle. Pass each particle’ s position
(thresholds) to the CFSFDP algorithm: data points with local density and
distance exceeding these thresholds are marked as cluster centers. Non-
center points are then assigned using the point assignment method to
complete clustering.

5. Calculate fitness values for each particle’ s clustering results, update each
particle’ s personal best position, update the swarm’ s global best posi-
tion based on all personal bests, and update each particle’ s position and
velocity.

6. Check convergence conditions or maximum iteration count. If satisfied,
proceed to step 7; otherwise, increment iteration count and return to step
4.

7. Select cluster centers based on the swarm’ s global best position, complete
clustering via point assignment, and obtain the final clustering results for
the text set.

4 Experiments

The experimental data consists of questions posed by candidates to university
admissions offices through a college entrance examination consultation platform
APP. We randomly selected seven categories from the question database: school
and major code inquiries, military training matters, college entrance exam bonus
policies, score difference policies, admissions office phone inquiries, provincial
control line information, and withdrawal policies. From each category, we ran-
domly selected samples to construct three datasets containing seven classes:
datal050, data3100, and datab000, comprising 1,050, 3,100, and 5,000 data
entries, respectively. The distribution of categories in each dataset is shown
in Table 1 . We preprocessed the datasets using “Jieba” word segmentation
and stop-word removal, then conducted comparative experiments on different
datasets. Clustering performance was evaluated using four metrics: Accuracy,
Precision, Recall, and F-Measure [16-17].

4.2 Experimental Results Analysis

We compared the proposed algorithm against Agglomerative Clustering [18-19],
DBSCAN [20], and basic CFSFDP on the three extracted datasets. Agglom-
erative Clustering is widely used in text clustering due to its applicability to
datasets of arbitrary shape and attributes. For our experiments, we set the
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number of clusters to 7 for Agglomerative Clustering, which yielded the best
results across all three datasets. PSO parameters were set as follows: swarm
size = 50, maximum iterations = 30, acceleration factor = 2, and inertia weight
= 0.5. DBSCAN is a representative classical density-based clustering algorithm.
Through multiple experiments, we selected the following parameters that pro-
duced relatively optimal results: for datal050, eps = 0.8 and minPts = 30; for
data3100, eps = 0.8 and minPts = 70; and for data5000, eps = 0.8 and minPts =
110. The overall F-measure comparison among Agglomerative Clustering, DB-
SCAN, basic CFSFDP, and our proposed algorithm is shown in Figure 4 [Figure
4: see original paper|, demonstrating that our algorithm achieves better clus-
tering performance across different datasets. Detailed experimental results are
presented in Table 2 , confirming that our algorithm outperforms the other three
algorithms on the college entrance examination consultation text database.

The basic CFSFDP algorithm suffers from inaccuracy due to noise points caus-
ing two or more data points within the same cluster to become centers. DB-
SCAN is highly sensitive to its parameters eps (the maximum distance between
texts considered to be in the same class) and minPts (a text is considered a
cluster center if at least minPts other texts are within distance eps). When
data distribution density within classes is non-uniform, a small eps value splits
low-density classes into multiple similar clusters, while a large eps merges nearby
high-density classes into a single large cluster, resulting in suboptimal perfor-
mance. Agglomerative Clustering achieves better results than DBSCAN, but
its computational complexity--

5 Conclusion

This paper addresses the arbitrary selection of cluster centers in the CFSFDP
algorithm by proposing a CFSFDP algorithm based on particle swarm optimiza-
tion. By introducing PSO to find a pair of thresholds and selecting data points
exceeding both thresholds as cluster centers, we reduce the impact of discrete
points on clustering results and improve accuracy. Applying this algorithm to
randomly extracted questions from a college entrance examination consultation
platform validates its effectiveness and accuracy. The method helps candidates
obtain answers more accurately and efficiently while reducing the consultation
workload and saving time for both parties. However, the algorithm has limi-
tations: due to the inherent characteristics of PSO, high-dimensional problems
require a larger number of particles, resulting in high computational complexity.
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