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Abstract. As the science and technology rapidly growing, business English produces ex-
ponential growth of text data, how to analyze its clustering is of great significance. This
article offers a business English text clustering method relied on the optimized Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm to address
the issues of existing study on the sensitivity of noisy data and the single shape of clus-
tering. The DBSCAN algorithm is first optimized using nearest-neighbor assignment
(EDBSCAN) to assign unassigned points to the most probable clusters, making full use
of the information of the assigned clusters within the nearest-neighbor to avoid chaining
errors. Then the Skip-gram model is introduced to learn the text word vector representa-
tion, and the TF-IDF algorithm is optimized by inter-class and intra-class discretization
to achieve efficient extraction of text features. Finally, the obtained text feature words
are subjected to a weighting operation, and by calculating the feature similarity between
the text feature words, it is judged whether the threshold condition is satisfied or not, and
the text that satisfies the threshold is subjected to EDBSCAN clustering, which clusters
the similar text into one class. The experimental outcome indicates that the clustering
accuracy of the offered method is 91.2% and the Adjusted Mutual Information (AMI) is
0.4246, which verifies that the clustering effect of the suggested approach is better than
other methods.
Keywords: DBSCAN algorithm; Text clustering; Nearest neighbor assignment; Skip-
gram model; TF-IDF algorithm.

1. Introduction. As one of the important branches of English for Specialized Purposes,
Business English is an important foundation and guarantee for the development of for-
eign communication activities, and its important position in related activities cannot be
ignored [1]. As the science and technology growing, the amount of business English text
data is growing exponentially [2]. Therefore, in the huge amount of data, it is very im-
portant to analyze these data and mine the hidden information in them. Data mining
technology can mine valuable information from massive data for all walks of life and bring
great economic benefits to people [3]. Cluster analysis is an essential tool commonly used
in data mining with the aim of dividing a dataset consisting of obtained information into
multiple clusters consisting of similar objects, with a high degree of variability between
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different clusters [4]. Thus, how to efficiently use cluster analysis methods to mine useful
information from massive business texts has become an urgent problem.

1.1. Related work. The study of business English text clustering belongs to the field of
text clustering. Naeem and Wumaier [5] combined the bee colony optimization algorithm
and introduced the “fair operation” and “clone operation” for refining the K-means cen-
ter of gravity, which was finally applied to the text clustering of English text clustering.
Ahmed et al. [6] reconstructed the text clustering center iterative formula and measure-
ment function to improve K-means by maximum distance selection of centers method.
Suryanarayana et al. [7] found that optimizing K-modes using genetic algorithms pro-
duces better clustering outcome for high dimensional data sets encountered in the field of
clustering English text. Das et al. [8] used an improved artificial bee colony algorithm to
select suitable clustering centers, and merged with the conventional K-means approach
for text clustering, but there are still problems such as local optimal solutions. In addition
to the K-means, K-modes algorithm, some scholars have combined the nearest neighbor
propagation algorithm and hierarchical clustering, using the idea of “divide and conquer”,
firstly dispersing the dataset, and then combining the text clustering results [9, 10]. Ran
et al. [11] proposed a hierarchical based BIRCH method for text clustering, but the time
complexity is large and it is not possible to make human interventions and corrections
in the process of clustering. Lang et al. [12] step-by-step optimize BIRCH in terms of
the distribution of feature terms within classes, between classes, and across different texts
within classes, respectively. Soares et al. [13] proposed a hierarchical text clustering
algorithm with self-learning ability by combining word frequency weights and cosine sim-
ilarity to enhance the clustering performance by updating the category keywords, but the
clustering results are not stable.

Density-based clustering algorithms divide class clusters according to the density of
data points, do not require to specify the amount of clusters in advance, can recognize
class clusters of random shapes, and is with a strong capability to deal with noisy data.
The main representative algorithm is Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) [14], which not only improves the speed and accuracy of text
clustering, but also enhances the stability and reliability of the algorithm in coping with
diverse data sets [15]. Yin et al. [16] introduced an improved idea of determining the
truncation distance and clustering centers based on the approximate distance from the
point of maximum density to the point of minimum density as well as the change of
similarity between the points that may become the clustering centers, which realized the
optimization of DBSCAN, but the accuracy of clustering is not high. Abualigah et al.
[17] used the least squares method to reduce the high dimensional data to low dimensions
and changed the eps value in the DBSCAN algorithm to self-adjustment, and the text
clustering results were better. Sangaiah et al. [18] used the TF-IDF method for feature
word weight calculation, while in the DBSCAN algorithm to prioritize the selection of
global high-quality points as the kernel, and then gradually confirm whether there is a
conflict with other kernels, but the final clustering results show a chain. Al-Betar et
al. [19] used a document vector space model (VSM) based on neighborhood ontology
to adjust the feature word weights with semantic relations and used dynamic solving on
DBSCAN algorithm to get the optimal eps value, and the improved algorithm can find
the topics with higher relevance faster.

1.2. Contribution. Due to the advantages of DBSCAN algorithm which is insensitive
to noisy data and can divide the data into different clusters, it has received wide attention
from researchers. In this article, the defects of DBSCAN algorithm are optimized and the
improved DBSCAN algorithm (EDBSCAN) is applied to business English text clustering.
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1. Optimize DBSCAN using weighted nearest neighbor allocation, which constantly
updates the data state and fully considers the correlation between data to avoid
“chain error”. By making full use of the information of the assigned clusters in the
nearest neighbors, the clustering results will not be affected even if there is an error
point, so as to improve the robustness of the algorithm.

2. The Skip-gram model is introduced to represent the word vectors of Business English
text, and the TF-IDF does not take into account the impact of the distribution in-
formation of characteristic items between and within classes on the calculation of the
weights, and the TF-IDF method is modified by utilizing the interclass discretization
degree and the intraclass discretization degree, so as to realize the efficient capturing
of text features.

3. The similarity of text feature words is calculated based on the Hamming distance,
and the text with similarity lower than the threshold is treated as isolated points.
The EDBSCAN algorithm is utilized to cluster the text, and the similar texts are
clustered into one class to realize the efficient management of the text.

4. To estimate the clustering effect of the offered approach, taking the business English
text data of an enterprise as the experimental dataset, and taking the accuracy rate,
NMI, ARI, etc. as the evaluation indexes and discussing the clustering results, the
experiment verifies the effectiveness of the EDBSCAN algorithm in business English
text clustering.

2. Theoretical analysis.

2.1. Text clustering process. The biggest difference between text clustering as an
unsupervised learning and classification is that clustering does not need to be trained
and learned based on the features and attributes of the data. An efficient text clustering
method can finally process such messy and unstructured data as text into a data set with
high similarity within clusters, which is convenient for users to collect text information
[20]. The approximate process of text clustering is implied in Figure 1. The process of
text clustering consists of text preprocessing, invoking clustering algorithms and result
evaluation.
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2.2. TF-IDF algorithm. TF-IDF is a usually adopted text feature extraction approach,
the fundamental idea is that the more frequently a feature word occurs in a text, the more
important it is. TF-IDF consists of word frequency (TF) and inverse document frequency
(IDF) [21]. Let the text be d, and d consists of Td feature words, then the amount of times
the k-th feature word tk appears in d is Ti, then the word frequency of tk is as follows.

TFtk =
Ti

Td

(1)

The second part of the inverse document frequency is the total amount of words in the
text dataset divided by the amount of texts containing the featured word, and then take
the logarithm of the above result. Let there are a total of Dd texts in the text data set,
where tk appears in Dt texts, then the inverse document frequency of tk is as follows.

IDFtk = log

(
Dd

Dt

)
(2)

Finally, the TF-IDF for the k-th tk in text d is computed as follows.

TF − IDFtk = TFtk ∗ IDFtk (3)

Therefore, TF-IDF prefers to eliminate the words that occur many times in the text
dataset, so that the feature words have more obvious words.

2.3. DBSCAN clustering algorithm. The DBSACN approach is a classical represen-
tative of density-based clustering approaches that can handle not only spherical clusters,
but also non-convex data and clusters of arbitrary shapes found [22]. Compared to clus-
tering approaches for example K-means and K-modes, DBSCAN is able to deal with noisy
datasets, and can be adjusted by parameters to determine the degree of noise tolerance,
with strong stability. The important concepts of the DBSCAN algorithm are as follows,
and a schematic of each concept is shown in Figure 2.
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Figure 2. Schematic conceptualization of the DBSCAN algorithm: (a) direct
densities up to; (b) density up to; (c) density connection

1. Neighborhood ξ: Given an object p in space, a circular region with p as the center
and ξ as the radius.

2. Density: the number of all data points in the ξ-neighborhood of data point p.
3. Core Objects (Core Points): Given MinPts (Minimum Density Reachable Points),

an object is a core object if it contains at leastMinPts of objects in its ξ-neighborhood.
4. Boundary point: If a non-core object is in the ξ-neighborhood of a core object, the

core object is said to be a boundary point.
5. Density Reachability: If p, q, r are core objects, q is a direct density reachable point

of p, and object r is a direct density reachable point of q, then r is a density reachable
object of p in terms of ξ and MinPts.
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6. Density connected: if q, r are core objects and s is a non-core object, q and s are
reachable from the density of r with respect to ξ and MinPts, then s is density
connected to q.

The algorithm, for any data xi, only needs to compute the local density ρi and the
relative distance δi, which are only related to the distance between xi. ρi and δi define as
follows.

ρi =
∑
j

χ(d(xi, xj)− dc) (4)

δi =

{
minj:ρi<ρj{d(xi, xj)}, if ∃ρi < ρj

maxj{d(xi, xj)}, otherwise
(5)

where d(xi, xj) is the Euclidean distance between samples xi and xj, dc is the cutoff
distance, specified by the user. The function χ(x) is defined as follows

χ(x) =

{
1, x < 0

0, x ≥ 0
(6)

3. DBSCAN algorithm based on nearest neighbor allocation optimization. The
DBSCAN algorithm is widely used due to its capability to handle clusters of random
shapes, automatically discover the number of clusters and recognize noise. However, after
determining the cluster centers, the allocation strategy of this algorithm may lead to error
propagation and affect the clustering results. For this reason, this article adopts the idea
of nearest neighbor assignment to optimize the DBSCAN algorithm (EDBSCAN), which
uses the obtained clustering information to calculate the probability of the sample points,
and assigns the unassigned points to the most probable clusters in order to avoid the
“chain error”.
The EDBSCAN algorithm first calculates the local gap density and distinguishes the

core and boundary points according to the threshold, then removes the cross edges and
forms the cluster backbone according to the maximum vertex base, and finally assigns the
remaining points to the formed cluster backbone using the weighted K-nearest neighbor
assignment method to form the final cluster.

1. Calculate the local gap density. For a given data point X = {x1, x2, . . . , xn}, con-
struct a K-neighborhood graph whose adjacency matrix W = [wi,j] is defined as
follows.

Wi,j =

{
di,j, xi ∈ KNN(xj) or xj ∈ KNN(xi)

0, otherwise
(7)

where di,j is the Euclidean distance between a pair of points (xi, xj), KNN(xi) is
the set of points in the K-neighborhood of point xi, k = p ∗ n, p is the percentage of
the input sample, and n is the amount of samples.

With the density calculation in DBSCAN, it is known that points with high local
density have a lot of points linked to them in the K-neighborhood picture. Therefore,
to better compute the local denseness of the data, the local denseness point should
meet an extra condition: the average weight of the edges connected to the point is
small in the K-neighborhood domain picture, and the local denseness of xi is now
defined as follows.

ρi =
|Lk

i |
Ak

i

(8)
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where Lk
i is the set of all points linked to point xi in the K-neighborhood picture,

and Ak
i =

∑
xj∈Lk

i
Wi,j/|Lk

i | denotes the average weight of edges connected to xi in

the K-neighborhood graph, so ρi can be recalculated as follows.

ρi =
|Lk

i |2∑
xj∈Lk

i
Wi,j

(9)

Since the densities of different datasets are different, in order to better obtain their
densities, the above local densities are normalized and defined as local gap densities.

gi =
ρi

max{ρm|xm ∈ Lk
i }

(10)

2. Delete the crossing edges to form the cluster backbone. Set τ as the threshold to
distinguish between core and boundary points, if gi ≥ τ , then xi is an essential point,
and vice versa, the point is a boundary point, denoted by B. In a K-neighborhood
graph, there may be some crossed cluster edges, and the following definition is made
to better remove these crossed clusters. Let li,j be an edge of xi and xj in the
K-neighborhood graph, and if li,j satisfies Lk

i ∩ B ̸= ∅, Lk
j ∩ B ̸= ∅, and wi,j ≥

max{wi,u, wv,j}, then it is a potential cross-over edge, which is removed. Deleting
the crossing edges results in a new graph in which all points in the first c components
with maximum vertex bases are assigned to c subclusters, where c is the amount of
clusters.

3. K-nearest neighbor assignment strategy. After determining the initial c sub-clusters,
the K-nearest neighbor approach is used to assign the unassigned points to the most
likely clusters. First, calculate the probability pci of each point belonging to each
of the c clusters, and find the largest probability pci . If pci > 0, assign the point
to the cluster with the largest probability, and then re-calculate the point and loop
the above steps, and if pci = 0, increase the value of K by 1, and then continue to
calculate and assign the point until all the points have been assigned.

pci = e
−

∑
j∈KNN(xi),yj=c λi,j∗wi,j (11)

where λi,j is the weight as shown below.

λi,j =
wi,j∑

j∈KNN(xi)
wi,j

(12)

With the above assignment strategy, the latest state of the data is used to assign labels,
and the robustness of the algorithm is greatly improved by taking into account the effect
of the occurrence of error points on the clustering results of the “chain error”, so that
even if there is an isolated error point, the labeling of that point will not be affected.

4. A Study on business English text clustering based on improved DBSCAN
algorithm.

4.1. Word vector representation of business English text based on Skip-gram
modeling. To improve the clustering effect of business English text, this paper firstly
utilizes Skip-gram model to learn the distributed representation of text words. Then the
inter-class and intra-class discretization are introduced to modify the TF-IDF method
to realize the efficient extraction of text features. By calculating the feature similarity
between text feature words and judging whether it meets the threshold condition, the
text that meets the threshold is subjected to EDBSCAN clustering, which makes full use
of the information of the assigned clusters within the nearest neighbors and improves the
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robustness of the algorithm. The clustering process of the offered method is shown in
Figure 3.
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Figure 3. The clustering process of the offered method

Business English texts are natural language descriptions that are easily understood by
humans, and it is difficult for computers to process their semantics directly. Therefore, in
order to cluster the text, it is necessary to represent the business English text in a data
format that can be recognized and processed by computers. Classical text representation
models include Vector Space Model (VSM) [23], CBOW [24], Skip-gram [25], in which
the algorithmic idea of Skip-gram model predicting the context with the help of a central
word makes its input layer contain only the word vector of a central word, which not only
improves the speed of the model training, but also improves the effect of the word vector.

Positive samples are constructed for the center word of the text by selecting words
from the context within an appropriately sized window, with each positive sample corre-
sponding to k negative samples. Negative samples can be generated randomly from the
dictionary, given a central word wt, any word wi from the dictionary can be selected ac-
cording to a certain probability distribution to form a pair of negative samples (Wt,Wi).
The probability density function used is as below.

p(wi) =
f(wi)

3
4∑n

j=1 f(wj)
3
4

(13)

where f(wi) is the frequency of occurrence of word wi in the dataset and n is the total
amount of words in the corresponding dictionary.

Given a central word w and the corresponding context Content(w), the expectation is
to maximize the following target operation.

g(w) =
∏

w′∈Content(w)

∏
u∈{w′}∪NEG(w′)

p(u| w′) (14)
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where NEG(w) is the set of negative instances corresponding to the center word w.
p(u| w′) is computed as follows.

p(u| w′) =
(
σ(v(w′)T θu)

)Lw′
(u) ·

(
1− σ(v(w′)T θu)

)1−Lw′
(u)

(15)

For the whole business English text corpus E can be obtained G =
∏

w∈E g(w), which is
logarithmic and inverted, and the final loss function can be obtained by substituting into
Equation (14) as follows.

L = −
∑
w∈E

log
∏

w′∈Content(w)

∏
u∈{w′}∪NEG(w′)

p(u| w′) (16)

The final iterative solution of Equation (16) using the gradient descent method yields
the word vector d corresponding to each word in E. The word vectors are then solved
using the gradient descent method.

4.2. Business English text feature extraction based on improved TF-IDF ap-
proach. Word vector representation of business English text will get a collection contain-
ing a huge number of words, and if these texts are clustered directly, a high-dimensional
feature vector will be obtained, which will affect the clustering accuracy. To deal with
the above issue, text features need to be extracted. The calculation process of TF-IDF
is relatively simple, easy to implement and understand, and it is a commonly used text
feature extraction method, but it does not take into account the influence of the distribu-
tion information of the feature items between and within classes on the calculation of the
weights, so this paper utilizes the interclass discretization and intraclass discretization to
modify the TF-IDF method, so as to carry out the efficient extraction of text features.

1. The inter-class scatter of the feature term Dac. Dac describes the degree of equal-
ization of the distribution of the feature term t in each class and is calculated as
follows.

Dac =

√
1

m−1

∑m
i=1(tfi(t)− tf(t))2

tf(t)
(17)

where m is the amount of categories, tfi(t) is the frequency of occurrence of t in

class i, tf(t) is the average of the frequency of occurrence of t in each category, and
tf(t) is the total frequency of occurrence of t in each category.

2. The within-class dispersion of the characteristic term Dic. Dic is the degree of equi-
librium of the distribution of t in a class and is calculated as follows.

Dic =

√
1

n−1

∑n
j=1(tf

′
j(t)− tf ′(t))2

tf ′(t)
(18)

where n is the total number of documents in the class, tf ′
j(t) is the frequency of

occurrence of t in the j-th document, tf ′(t) is the average of the frequency of occur-
rence of t in each document, and |tf ′

j(t)| is the total frequency of occurrence of t in
each document.

Combining the above two considerations, together with the Sigmoid function processing
of the traditional TF-IDF formula, the following improved TF-IDF formula is obtained.

f = wi(dj) =
Dac × (1−Dic)

(1 + e−(TFij∗IDFi))
(19)

where f is the text feature, TFij is the word frequency Ttij/Td of t, d is the text, IDFi is
the inverse document frequency log(Nd/Nti), Nd is the amount of texts, Ttij is the amount
of occurrences of t, and Td is the amount of times t occurs.
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4.3. Business English text clustering based on improved DBSCAN algorithm.
After the weighting operation on the set of business English text feature vocabulary
using the TF-IDF method, a feature matrix f is obtained. The text similarity approach
is adopted to compute the similarity between document d and other documents in the
document set, if the similarity between other documents and d is greater than or equal
to a set threshold, the EDBSCAN algorithm will store the documents that satisfy the
threshold condition in the neighborhood A of d. If d does not belong to a cluster, a new
cluster will be built and d will be put into this cluster, and the algorithm will end until
all the text has been processed.

The traditional text similarity computation is relied on the Euclidean distance, but the
text similarity computation method relied on the Hamming distance is much easier to
operate [26]. Before the text is encoded in Hamming, it is first necessary to arrange the
characteristics of the text into an n-bit sequence of code words, the information in the
text is expressed in these code words, and a one-to-one mapping relationship is established
between the text and the code words. Let the codeword of text d1 beM1 = (x1, x2, . . . , xn)
and the codeword of text d2 be M2 = (y1, y2, . . . , yn), then the similarity formula based
on Hamming distance between d1 and d2 is as follows.

sim(M1,M2) = 1−

(
n∑

i=1

xi ⊕ yi

)
/n (20)

Based on the above text similarity calculation, this paper utilizes EDBSCAN to cluster
the business English text, the steps in detail are as bellow.

1. Construct the original eigenvector matrix f , f consists of n m-dimensional random
vectors, as shown in Equation (21). Perform normalization transformation on f to
obtain the transformed matrix zij, as shown in Equation (22).

f =


fT
1

fT
2
...
fT
n

 =


f1,1 f1,2 · · · f1,m
f2,1 f2,2 · · · f2,m
...

...
. . .

...
fn,1 fn,2 · · · fn,m

 (21)

zij =
fij − fj

sj
(22)

where fj =
∑n

i=1 fij/n and sj = 1
n
(|f1j − fj| + |f2j − fj| + · · · + |fnj − fj|) are the

mean and the absolute deviation from the mean of the j-th vector, respectively.
2. The transformation of the normalized data matrix into a kernel function matrix using

the kernel function is equivalent to mapping the input data into a high-dimensional
characteristic space F via a nonlinear operation, where F = {Φ(z1),Φ(z2), . . . ,Φ(zn)},
the elements of the kernel function matrix are as follows.

Kij = K(zi, zj) (23)

3. Through the kernel function to set the neighborhood eps, using the Equation (20) to
calculate the similarity between document d and other documents in the document
set, if the similarity with d is greater than or equal to the set threshold, it will be
stored in the d eps.

4. If the similarity is less than the set threshold, scan the text dataset, find out the min
and max values of each dimensional data to calculate the size of each dimensional
interval and establish a hash table, select any one of the unprocessed data object
p, query its ξ neighborhood Nξ(p) by hash, if Nξ(p) contains objects not less than
MinPts, establish a novel cluster C, and add all the points in Nξ(p) to C.
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5. Use Equation (24) to compute the 2m objects in Nξ(p) that are furthest away from
p and extend the class as representative-seeds objects.

d(p1, p2) =
√
K(p1, p1)− 2K(p1, p2) +K(p2, p2) (24)

6. For each representative object q, if q is a core object, add Nξ(q) to C. Otherwise,
compute the probability that all points belong to each of the m clusters pmi , and al-
locate objects by determining the cluster where the maximum probability is located.

7. If q is not a core object, but the objects contained within Nξ(q) are greater than or
equal to 0.8MinPts, then the unclassified objects in Nξ(q) are added to C.

8. Repeat steps (1) through (7) until all representative objects have been processed.

5. Experiment and result analysis.

5.1. Clustering accuracy analysis. Based on the business English text data of an
enterprise, this paper tests and analyzes the practical application of the designed text
clustering method, and finds that it contains 1219 texts, 75436 total type characters
and 79,281 total class characters. The text material consists of seven sub-collections:
Point of view, Around the world, In conversation, Latest news, Special report, Zoom,
and Dossier. The experimental environment of this paper is Windows 10 64bit operating
system, MatlabR2020b execution environment, and hardware environment is Intel (R)
Core (TM) i7-8550U CPU@1.80 GHz, 16GB RAM laptop. In the experiment, eps is set
to 1 and MinPts is set to 7.

The suggested method MO6, MO1 method [7], MO2 method [8], MO3 method [13],
MO4 method [16] and MO5 method [18] were used to analyze the clustering accuracy
of business English texts respectively, and the assessment index of clustering accuracy
was adopted as the accuracy rate, and the experimental results of the clustering accuracy
of different text categories are shown in Table 1. All six clustering methods reached
the optimal value in Latest news text, indicating that the features of Latest news are
easy to distinguish and facilitate accurate clustering. The accuracy of the offered MO6
method is higher than the other five methods on all seven business English text categories,
and the average accuracy of MO6 is 91.2%, which is 17.6%, 10.3%, 8.3%, 6.4%, and
3.7% higher than MO1, MO2, MO3, MO4, and MO5, respectively. MO1 and MO2 are
based on K-modes and K-means algorithms for text clustering, respectively, but these
two algorithms have poor ability to deal with outliers, which affects the clustering effect.
MO3 clusters text through the idea of semi-supervised learning, but does not consider the
effect of common words on the clustering effect. MO4 optimizes the clustering effect by
optimizing the distance of the density points, but it does not adequately extract the text
features. MO5 is not optimized for TF-IDF text feature extraction, and is also optimized
for DBSCAN, so the accuracy is not as good as MO6.

5.2. Clustering effect analysis. To comprehensively measure the clustering perfor-
mance of the proposed MO6 method, this paper evaluates the clustering effect using seven
commonly used metrics, namely, profile coefficient S [27], Davies-Bouldin index (DBI),
adjusted mutual information (AMI), adjusted Rand coefficient (ARI) [28], homogeneity
(H), and completeness (C) [29], which are shown in Figure 4.

Larger values of S, AMI, ARI, C and H indicate better clustering. In the evaluation
index S, MO6 has the highest value of 0.5819 and MO1 has the lowest S value of 0.3759.
In terms of the DBI evaluation index, the larger the DBI value, the worse the clustering
effect, MO1 is the highest with a DBI of 0.6869, the DBI value of MO2 is the next highest
with 0.6415, and the DBI of MO6 is the smallest with 0.2428, which indicates that the
maximum similarity between the categories of MO6 is the lowest when clustering. In the
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Table 1. Clustering accuracy of different business English text types

Categories
Accuracy (%)

MO1 MO2 MO3 MO4 MO5 MO6

Point of view 72.9 78.3 83.4 86.9 87.2 89.4

Around the world 70.2 83.6 80.9 83.2 86.1 88.3

In conversation 75.6 80.2 84.8 85.9 89.7 94.4

Latest news 75.8 84.8 85.6 87.8 90.5 95.1

Special report 74.1 81.5 80.6 82.5 85.4 91.6

Zoom 72.1 79.1 83.1 84.1 88.6 90.2

Dossier 74.7 78.9 81.7 83.7 85.3 89.1

Average accuracy 73.6 80.9 82.9 84.8 87.5 91.2

MO1 MO2 MO3 MO4 MO5 MO6
S 0.3759 0.3962 0.4538 0.4963 0.5191 0.5819
DBI 0.6869 0.6415 0.5914 0.4369 0.3172 0.2428
AMI 0.2265 0.2471 0.3093 0.3425 0.3691 0.4246
ARI 0.1593 0.1862 0.2584 0.3159 0.3521 0.3826
H 0.2296 0.2548 0.3052 0.3421 0.3795 0.4289
C 0.2341 0.2459 0.2981 0.3296 0.3854 0.4371

0
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0.4
0.5
0.6
0.7
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Figure 4. Comparison of clustering performance metrics

results of AMI and ARI, the value of MO6 is 0.4246 and 0.3826 respectively, which is the
highest among the six clustering algorithms. The AMI and ARI of MO3 are in the middle
with 0.3093 and 0.2584 respectively. In terms of H and C indexes, the H and C of MO6
are 0.4289 and 0.4371 respectively, which are still the highest among the three clustering
algorithms. Therefore, the proposed MO6 method is more accurate in clustering, with
better clustering results and better overall performance of the algorithm, fully reflecting
the advantages of MO6.
Figure 5 shows the clustering effect of the six algorithms. although MO1 and MO2

can classify the data set into seven clusters, they cannot accurately distinguish the data
points in each cluster, and the points in a cluster are mistakenly classified into different
categories, which leads to poor clustering effect. MO3 can correctly identify the number
of class clusters, but it is still insufficient in accurately clustering all data points, MO4
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Figure 5. Comparison of clustering effects of six methods

and MO5 have fewer errors and cannot accurately identify the data points in the class
clusters, so the clustering effect is not good, and MO6 can accurately identify all data
points, so the clustering effect is the best.

6. Conclusion. In this paper, for the problem that the business English text clustering
algorithm is sensitive to noisy data, which leads to poor clustering results, a business
English text clustering method based on the improved DBSCAN algorithm is proposed.
DBSCAN is optimized using weighted nearest neighbor assignment, which assigns the
label of only one sample at a time, making full use of the information of the assigned clus-
ters within the nearest neighbors, and does not affect the clustering results even if there
is an error point. Skip-gram model is introduced to predict business English text context
words to learn the distributional representation of text words, and the text features are ex-
tracted by TF-IDF algorithm optimized by inter-class and intra-class discretization. The
similarity of texts is calculated based on the Hamming distance, and texts with similarity
below a threshold are treated as isolated points. The EDBSCAN algorithm is utilized to
cluster the texts, and similar texts are clustered into one class. The experimental outcome
show that the clustering effect of the suggested method is better than other methods, and
it can efficiently realize the clustering of business English texts.

Although the suggested method has achieved some research results, whether theMinPts
parameter in DBSCAN is set appropriately or not will also affect the final clustering effect,
and how to find an optimal MinPts parameter in practical use is an important research
direction in the future.

Acknowledgment. This work is supported by the 2023 Guangdong Provincial Higher
Vocational Colleges Curriculum Ideology and Politics Demonstration Course “Spoken
English for International Trade” (No. KCSZ04249).

REFERENCES

[1] H. F. Martins, “Perspectives on business English as a lingua franca in business communication,”
Teacher Education and Curriculum Studies, vol. 2, no. 5, pp. 61-67, 2017.



Research on Business English Text Clustering Based on Improved DBSCAN Algorithm 245

[2] H. S. Sznajder, “A corpus-based evaluation of metaphors in a business English textbook,” English
for Specific Purposes, vol. 29, no. 1, pp. 30-42, 2010.

[3] P. Sunhare, R. R. Chowdhary, and M. K. Chattopadhyay, “Internet of things and data mining: An
application oriented survey,” Journal of King Saud University-Computer and Information Sciences,
vol. 34, no. 6, pp. 3569-3590, 2022.

[4] E. S. Dalmaijer, C. L. Nord, and D. E. Astle, “Statistical power for cluster analysis,” BMC Bioin-
formatics, vol. 23, no. 1, 205, 2022.

[5] S. Naeem, and A. Wumaier, “Study and implementing K-mean clustering algorithm on English text
and techniques to find the optimal value of K,” International Journal of Computer Applications, vol.
182, no. 31, pp. 7-14, 2018.

[6] M. A. Ahmed, H. Baharin, and P. N. Nohuddin, “Mini-batch k-means versus k-means to cluster
english tafseer text: View of al-baqarah chapter,” Journal of Quranic Sciences and Research, vol. 2,
no. 2, pp. 48-53, 2021.

[7] G. Suryanarayana, L. Prakash K, P. S. Mahesh, and T. Bhaskar, “Novel dynamic k-modes clustering
of categorical and non categorical dataset with optimized genetic algorithm based feature selection,”
Multimedia Tools and Applications, vol. 81, no. 17, pp. 24399-24418, 2022.

[8] P. Das, D. K. Das, and S. Dey, “A modified Bee Colony Optimization (MBCO) and its hybridization
with k-means for an application to data clustering,” Applied Soft Computing, vol. 70, pp. 590-603,
2018.
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