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In order to realize efficient data processing in wireless network, this paper designs an automatic classification algorithm of
multisearch data association rules in a wireless network. According to the algorithm, starting from the mining of multisearch
data association rules, from the discretization of continuous attributes of multisearch data, generation of fuzzy classification
rules, and the design of association rule classifier and other aspects, automatic classification is completed by using the mining
results. Experimental results show that this algorithm has the advantages of small classification error, good real-time
performance, high coverage rate, and high feasibility.

1. Introduction

Along with the computer science and technology, especially
the rapid development of database technology, as well as
the expansion of the scope of human activities and life
rhythm speeding up, people can more quickly and more
easily, in a more cheap way, obtain and store data, making
people increase the ability of generating and collecting data;
this makes the data and information indices increase [1].
However, in the face of these extremely inflated numbers of
data, it is difficult to see the real valuable information con-
tained in the search, so that people constantly feel the huge
pressure from “information explosion” and “data surplus.”
The proliferation of data hides a lot of information that plays
a great role in the progress of human society. Wang proposes
a secure data aggregation algorithm for a multidata query,
which solves the problem of data missing by tracking the
query data and safely tracking multiple data [2]. If these mas-
sive data are not used effectively, they will only become
“data garbage.” Therefore, how to find really useful informa-
tion from a large number of wireless network multisearch
data has become the focus of attention. Yogarajan and
Revathi proposed an optimal mobile data collection method
for wireless sensor networks. This method studies the classi-

fication and collection of mobile data, solves the problem of
data classification, and simultaneously searches and clas-
sifies data globally, and provides technical support for data
confidentiality [3].

In the face of “data explosion and lack of knowledge,”
data mining technology arises at the historic moment and
develops vigorously, showing its strong vitality day by day.
Data mining is the process of extracting or “mining”
knowledge from a large amount of data, that is, extracting
hidden information and knowledge that people do not know
beforehand but are potentially useful from a large number of
incomplete, noisy, fuzzy, and random data. Data mining
bridges the gap between data and knowledge. It can not only
describe the development process of historical data but also
infer the current data and further predict the development
trend of the future. Compared with traditional decision tree
algorithms, association rules have higher classification and
prediction accuracy. Therefore, in the field of data mining,
association classification has been widely concerned. At pres-
ent, China, Canada, the United States, and other countries
have established the National Natural Science Foundation to
study the classification of association rules. There are more
scholars engaged in this field. With the deepening of research,
association rules have become one of the cornerstones of data
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mining and have been widely used in decision analysis, busi-
ness management, and other fields. For example, today’s data-
base vendors, Oracle, IBM, and Microsoft, have also inherited
the correlation analysis functionality in their products.

At present, the relevant research in China started
relatively late, beginning in the early 1980s. At present, the
research on text classification in China mainly has three
stages,: the first is the feasibility study, the second is the
auxiliary classification, and the last is the automatic classifi-
cation. At the beginning, there were few researches on
Chinese text classification, which mainly applied English
classification technology to the Chinese research field. At
the end of the 1990s, the taxonomy of textual texts began to
be studied gradually. However, in the specific research, the
characteristics of the Chinese text should be considered com-
prehensively in order to form a Chinese classification system.
There are still many institutions in our country, such as
Tsinghua University, Shanghai Jiao Tong University, Harbin
Institute of Technology, Northeastern University, Institute of
Computing Technology, Chinese Academy of Sciences, and
Fudan University, which have done a lot of work in this area.
Since 1951, many automatic classification systems have been
developed in China. For example, Wu Jun et al. at Tsinghua
University used weighted words as features of textual data
and then used classification algorithms to construct classi-
fiers. Using the SVM method, Zou Tao et al. from Nanjing
University designed an automatic Chinese text classification
system CTDCS. Liu Zhengying of Shanxi University and
others developed an automatic financial classification system.
Based on the neural network optimization algorithm, Wang
Yongcheng et al. from Shanghai Jiao Tong University studied
the Chinese text classification system. The important role of
data mining technology in various fields has been increas-
ingly prominent. Classification is an important analysis
method in the field of data mining, while association rule
mining and classification are an important research direction
in the field of data mining. As two highly active research
fields in data mining, they share certain similarities. Since
then, the combination of these two important technologies,
that is, the mining of association rules for the task of classifi-
cation, will open a new journey of data classification, namely,
association classification. Literature [4] puts forward the con-
cept of “mutual confidence,” highlighting the research results
of association rules, making the research results of one-
dimensional association rules more meaningful and attract-
ing the attention of data mining workers. On the basis of
studying the theory of negative association rules, this paper
uses reverse thinking to improve the data mining algorithm
based on negative association rules and gives examples, ideas,
and experimental verification. The proposed algorithm is a
useful supplement to the study of negative association rules.
In literature [5], a new learning method called RMTFL is pro-
posed. Firstly, a matrix is used to explain the correlation
between multitasks and different features, and the feature
space of related tasks is calculated by Group Lasso. According
to the results, isolated tasks can be obtained. Aiming at the
cross-domain text classification, Jin Xiaoming et al. from
Tsinghua University proposed the cross-domain active learn-
ing method. Zheng Mingling et al. from Southeast University

described the correlation between class criteria by referring to
the Bayesian network, so that the learning problem of multi-
ple class criteria was changed into a series of classification
problems of single-class criteria, which made the mining
performance of this algorithm on multiple data sets exceed
the performance of existing methods. By Tsinghua Univer-
sity’s Wang Jianyong discriminant model by studying the
uncertainty data mining problems, in literature [6], the
HARMONY algorithm is proposed; the algorithm has time-
consuming features that do not need to choose, and from
the database, directly find the discriminant model, which
makes HARMONY a classic uncertainty than the SVM
classification algorithm; the usage effect of the algorithm
has larger ascension.

The innovation of this paper lies in the fact that associa-
tion classification is based on association rules, which not
only reflects the application characteristics of knowledge
but also reflects the intrinsic correlation characteristics of
knowledge. This process is mainly embodied in two aspects:
the mining method of multisearch data association rules in
a wireless network and how to analyze and classify the min-
ing rules. Based on the above background, this paper designs
an automatic classification algorithm for multisearch data
association rules in wireless networks.

The research contributions of the thesis include the
following:

(1) This paper designs an automatic classification
algorithm for multiple search data association rules
in wireless networks

(2) According to the automatic classification algorithm,
the discretization of the continuous attributes of the
multisearch data starts from mining the association
rules of the multisearch data

(3) Fuzzy classification of fuzzy data and related design
of association rule classifier

The organization structure of this article is as follows.
The first section discusses the introduction part of the

paper; the second section discusses the classification algo-
rithm; the third section conducts an experimental analysis;
and the fourth section summarizes the paper.

2. Algorithm Design

2.1. Multisearch Data Association Rule Mining. Association
rule mining technology is an important research content in
the field of data mining. Its purpose is to find the correlation
between various data items in the multisearch data set of a
given wireless network, that is, to find out the frequently
occurring items or attributes in the data set [7, 8]. Generally
speaking, the mining process of association rules mainly
includes two steps: first, generate all the frequent item sets
in the wireless network multisearch data set, and second,
generate association rules with the generated frequent item
sets. Among them, generating frequent item sets is a key step
that affects the quality of association rule mining results.

Figure 1 shows a basic association rule mining process.
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Excavation was carried out in two steps:

(1) Firstly, the wireless network multisearch database G is
scanned to store the identity TID of each item set, and
a candidate set E1 is generated. Then, the item set that
does not meet the minimum support threshold is
deleted from E1 to generate the frequent item set L1

(2) The loop executes until Li−1 is empty. Then, Li and
Li−1 are connected first to generate Ei, and a new
identifier list can be obtained through the intersec-
tion of the identifier list. The count of the item set
can be obtained from Ei, and then, the size between
the count of Ei and the minimum support threshold
min sup is compared. The item sets greater than or
equal to min sup are kept, the rest are deleted, and
the final output is frequent item set L

In the process of generating frequent item sets of the
Apriori algorithm, there are two factors that affect the perfor-
mance of the algorithm [9, 10]. First of all, in the process of
iteration, the frequent i item set generated each time needs
to scan the original wireless network multisearch database,
so the database is scanned too many times, resulting in the
algorithm performance decline. Secondly, in the process of
tree pruning, it is necessary to scan the frequent i − 1 set for
the occurrence of candidate item sets, so the frequent item
sets need to be scanned for many times, resulting in the
decrease of algorithm efficiency.

In view of the above problems, this study improves the
process of frequent item set generation and proposes an
improved Apriori algorithm, which is called as follows.

In the I-Apriori algorithm, in the process of generating
candidate set Ei every time, in addition to storing item‐set
and support count, it is more important to add identifier list
Tid‐list. After the connection operation between item sets is
completed, the list of identifiers and the count of item sets
can be obtained directly through the Tid‐list, and there is
no need to rescan the wireless network multisearch database,
thus effectively improving the performance of the algorithm.

2.2. Automatic Classification of Multisearch Data Association
Rules. As the name suggests, association rule classification
refers to the association rules used to distinguish or predict
the tags of an instance class [11, 12]. It reflects not only the
application characteristics of knowledge, namely, classifica-
tion or prediction. It also reflects the intrinsic relevance of
knowledge. General association rules can only be used to
describe concepts, while the role of classification association
rules has two concepts description and classification. Differ-
ent from most other classification methods, association
classification has better classification ability and better
description ability.

Associative classification techniques generally involve
two steps. The first step is to find all the classification associ-
ation rules whose right part is the class label. The second step
is to select the higher priority rule from the found classifica-
tion association rules to classify the test set. The priority of
rules is usually evaluated according to the confidence, sup-
port, rule length, or general quality criteria of classification
association rules [13–15].

Scan data set G

Obtain candidate set E1

Count > min_sup

Frequent item sets Li

Li is not empty

Connect Li and Li-1

Get Ei

Delete item sets

End

Figure 1: Basic association rule mining process.

Input: database (G), minimum support (min_ sup);
Output: frequent item set (L).
E1 = find_candidate_1-itemsets (G);
Int count = the number of TID in G;
For each item set s of E1 {.

s.item-set = s;
s.count = count of s in E1;
s.Tid-list = the set of all TID includes s;
If s.count<min_sup∗ count.

delete s in E1;
}
L1 = E1;
for (i = 2; Li−1 ≠∅; i++){.

for each item set 11 in Li−1.
for each item set 12 in Li−1{.

c.Tid-list =11,Tid-list;
c.count = count TID in c.Tid-list;

}
if c.count>=min_sup∗ count.

add c to Ei;
Li = Ei.

}

Algorithm 1: I-Apriori algorithm.
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In this study, we propose an improved fuzzy associative
classification algorithm, the fuzzy C-means clustering algo-
rithm for continuous attribute fuzzy interval, obtaining
high-quality fuzzy classification rules, and on this basis, to
join a new pruning strategy to avoid generating useless rules,
rules at the same time, using a new importance measure to
fusion of multiple fuzzy classification rules, in order to
improve classification accuracy.

2.2.1. Discretization of Continuous Attributes of Multisearch
Data. The association classification algorithm can only deal
with the discrete data directly, and the continuous attributes
of the multisearch data need to be preprocessed and fuzzy.
The fuzzy C-means clustering algorithm can be used to
divide the fuzzy interval according to the distribution charac-
teristics of the data. It is a clustering algorithm based on
partition. Its idea is to make the similarity between objects
divided into the same cluster maximum, while the similarity
between different clusters minimum [16]. The effect of text
classification is largely related to the characteristics of the
data set itself. In practical research and application, it is
generally believed that there is no certain method that can
be suitable for data with various characteristics. So in practi-
cal application, to apply association classification to the field
of text classification, we still have to face the following two
problems. One is to use the characteristics of the document
itself to improve the speed and performance of classification.
This includes the use of document content and organization
rules to select appropriate data sources and abstract descrip-
tion of problems. The second is to consider the form and
structure of the document itself. This includes analyzing the
content of the document. Generally, the document will
contain information such as title, author, and text, while
the scientific and technological document will contain some
key words, and the news manuscript will have a specific time,
and WEB documents will contain hyperlinks, tags, and other
information. The complaint information will contain the
identification of the handling unit of the complaint informa-
tion. So in practical application, we should decide how to pre-
process according to the form and structure of the document
itself and specifically study how to improve the algorithm to
improve the speed and accuracy of text classification. In this
paper, we will rationalize the abstract description of the
research problem and then optimize the algorithm according
to the actual situation, so as to better realize the text classifi-
cation problem based on association rules [17–20].

When fuzzy C-means clustering algorithm is used for
fuzzy classification of attributes, it is necessary to set the num-
ber of fuzzy intervals, which is often given manually and has a
great impact on classification accuracy. In order to achieve
better fuzzy partition effect, the validity index of the PBM
index is adopted to select the optimal interval number:

PBM Kð Þ = 1
K

×
E1
Ei

×G
� �2

, ð1Þ

wherein K represents the number of fuzzy intervals. On
this basis, the PBM index is calculated iteratively, and the

maximum PBM index is selected as the final result of the
fuzzy interval discretization.

2.2.2. Generate Fuzzy Classification Rules. After fuzzy C
-means clustering algorithm is used to fuzzy the continuous
attributes of wireless network multisearch data, each contin-
uous attribute is related to a group of fuzzy sets and has a
corresponding fuzzy degree. From the definition of fuzzy
classification rules, it can be seen that the rules used for fuzzy
association classification are only a small subset of the whole
set of fuzzy association rules, and the following items only
have a single language value as a category label. In order to
improve the efficiency of the algorithm, the following prun-
ing strategies were added in this study:

(1) When the candidate frequent 2-item set is connected
by the Apriori algorithm, the candidate set that does
not contain classification label is deleted. At the same
time, the classification label of each frequent 2-item
set is moved to the head of each frequent 2-item set
when the frequent 2-item set is connected by the
Apriori algorithm

First, this policy ensures that each classification rule
contains a unique classification label. When generating a can-
didate frequent 2-item set, this strategy first checks whether
each generated candidate frequent 2-item set contains a clas-
sification tag, and if it does not, it removes it, thus ensuring
that useless rules that do not contain a classification tag are
removed. Then, for the generated frequent 2-item set, you
reorder it, moving each category label to the head of the rule.
According to the attributes of the Apriori algorithm, the fre-
quent item sets generated after that will have at least one clas-
sification label, avoiding the generation of useless rules and
thus effectively reducing the number of candidate item sets.

(2) When generating the candidate frequent i-item set,
the item set that has more than one language values
for an attribute in the candidate frequent i-item set
is deleted. This policy ensures that each attribute in
the candidate frequent i-item set corresponds to only
one language value. If a certain attribute in a classifi-
cation rule corresponds to multiple language values,
it is easy to cause uncertainty in classification

The goal of the above two strategies is to reduce the
generation of useless candidate sets as early as possible,
thereby directly generating useful classification rules. They
can greatly reduce the number of candidate sets, thus reduc-
ing the database scan time and ensuring the generation of
effective fuzzy classification rules.

The process of mining fuzzy association classification
rules is as follows:

(Step 1) get frequent 1-item set L1

(Step 2) the candidate frequent 2-item set is generated
and pruned

(Step 3) scanning the wireless network multisearch
database, computing the support of candidate
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frequent i-item sets, deleting the items that do
not conform to the minimum support, and
obtaining frequent i-item sets

(Step 4) generate candidate frequent item set Ei from
frequent item set Li−1

(Step 5) pruning and reordering candidate frequent item
sets

(Step 6) return to Step 3 until no new candidate i-item
sets are generated

(Step 7) delete frequent item sets whose trust level does
not meet the minimum trust level set by the
user.

There are many algorithms for association rules, but
there is a classic algorithm, the Apriori algorithm, and most
other algorithms are refinements or deductions of this algo-
rithm. In essence, the Apriori algorithm is analyzed and con-
sidered to be a wide priority algorithm. The essence of the
whole algorithm is that it needs to scan our transaction data-
base, and then, in the scanning process, frequent transaction
items are found, that is, frequent transaction item sets. It is
worth noting that the algorithm is to find all the frequent
item sets. Therefore, there will be multiple scans, and in each
scan, only a set of items of the same length will be considered.
That is, the number of items contained in the item set. This is
what is called the k-item set. To give a concrete example, for
example, during the first scan, the algorithm first finds all the
item sets in the database that meet the minimum support of 1
item set and therefore has length 1 frequent item sets. Every-
body knows it is L1. After the first step, we need to further
mine out the frequent 2-item set based on L1, i.e., L2. Con-
tinue the loop with this method to find the frequent 3 item
sets until the frequent N item sets. The algorithm works until
it can no longer find frequent item sets. One problem with
this approach is that each time a frequent item set is gener-
ated, the entire transaction database needs to be scanned.

2.2.3. Wireless Network Multisearch Data Association Rule
Classifier. After generating fuzzy classification rules, we need
to use these rules to build a classification system. The key
problem of classifier construction is how to determine the
importance of different rules and finally set the label of the
data to be classified.

The classification rule with the highest membership
degree and the highest confidence degree can be simply
regarded as the most important rule, so as to make use of this
rule for classification, because confidence is a probability
estimate of the importance of classification rules, and mem-
bership can be seen as the matching degree of the data to
be classified to the rules. However, such algorithms adopt a
single criterion or use a single rule to classify data, which
may lead to paranoia about some categories, resulting in a
decline in classification accuracy.

Taking the rule in Table 1 as an example, for the multi-
search data I of a wireless network to be classified, rule C
and rule D have the highest membership degree, and the
confidence degree of rule D is higher than that of rule C.

Therefore, you can use rule E to divide data I into class y.
However, although the membership degree of rules A and
B is low, their confidence and support degree are higher
than that of rule D. Therefore, it seems more reasonable to
use rule A or B to classify wireless network multisearch data
I into y1 or y2. In order to make more reasonable use of
multirules for classification judgment, a new fuzzy classifica-
tion rule judgment metric is introduced, as shown in the
following formula:

ω I,Rð Þ = F I,Rð Þ × SR × CRð Þ2, ð2Þ

where FðI,RÞ represents the membership degree, which
represents the matching degree of rule R for the pending
wireless network multisearch data association rules. SR is
support, and CR is trust.

In this study, the three parameters were used to measure
the importance of fuzzy classification rules. On the one hand,
the new measurement integrated membership, support, and

Table 1: Examples of fuzzy association classification rules.

Rules Degree of confidence Support Membership Category

A 70 70 0.8 y1
B 80 70 0.7 y2
C 30 80 0.9 y3
D 40 60 0.9 y4

Table 2: Experimental environment hardware and software
statistics table.

Name Parameter

Hardware

The processor Dual core 3.4GHz

Memory 8GB

Hard disk space 10 TB

Switches 100M

Software

The operating system Ubuntu 13.4

Hadoop 1.1.8

Java jdk 7u21 linux i586

IDE platform Eclipse 4.1

Table 3: Comparison results of classification errors of the three
algorithms (%).

Number of
experiments
(times)

Algorithm of
reference [4]

Algorithm of
reference [5]

Algorithm of
this paper

1 3.9 4.2 1.0

2 3.2 4.1 1.5

3 2.8 3.8 1.8

4 2.7 3.5 1.7

5 2.5 4.5 1.2
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trust to measure the importance of fuzzy classification rules,
rather than simply relying on a certain parameter, which can
better avoid the paranoid about some categories. On the
other hand, on the basis of this determination measure, the
classification data can be classified by using the whole fuzzy
association classification set, which can effectively improve
the classification accuracy of the classifier and avoid the
occurrence of overfitting problem.

According to the new determination measure obtained
above, rule B has the highest importance ωhI,Ri = 0:3136, so
the data to be classified is classified as y2.

After using Equation (2) to calculate the importance of
each rule, the following formula is used to calculate the aver-
age weight of each category. Finally, the category with the

largest average weight is selected as the classification category
to complete the classification process.

δyj =
∑rω I,Rh i

N
, where r ∈ R and cons rð Þ = yj: ð3Þ

In conclusion, the automatic classification algorithm for
multisearch data association rules in wireless network is
designed.

3. Experiment and Analysis

In order to verify the feasibility of the automatic classification
algorithm of multisearch data association rules in wireless
network, a simulation experiment is designed to prove it.

Start

Wireless networks search for more data

Classification 
rules

Fuzzy sets

Small subset

Apriori algorithm

Frequent item sets

Language value

Classification rules

fuzzing Fuzzy association rule sets

The end of the

Figure 2: Mining of fuzzy association rule set.
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3.1. Experimental Environment Design. The software and
hardware information of the simulated experimental envi-
ronment is shown in Table 2.

In order to avoid the uniformity of experimental results,
the association rule mining classification algorithm based
on FP-growth algorithm in reference [4] was compared with
the bit table-based association rule mining and association
classification algorithm in reference [5], and the performance
verification was completed together with the algorithm in
this paper.

3.2. Comparative Analysis of Classification Errors. The classi-
fication errors of the three algorithms are compared and
analyzed, and the results are shown in Table 3.

As can be seen from Table 2, the classification error of the
reference algorithm [4] is lower than that of the reference
algorithm [5], but higher than that of the proposed algorithm.
The maximum classification error of the algorithm in refer-
ence [5] is 4.5%, while the maximum classification error of
the proposed algorithm is only 1.8%, which can prove that
the proposed algorithm is more effective in classification.

3.3. Comparison of Time Spent in the Classification Process.
The classification process time of the three algorithms
was compared and analyzed, and the results were shown
in Figure 2.

As can be seen from Figure 3, the classification process
time of the three algorithms increases with the increase of
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Figure 3: Comparison of time spent in the classification process of different algorithms.
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the number of experimental iterations. Among them,
through the application of the algorithm in this paper,
the upward trend of classification process time is not
obvious, and it always keeps a relatively low state. The
other two methods are obviously less stable than the
method in this paper. This indicates that the proposed
algorithm has high timeliness of classification and lays a
good foundation for the subsequent multisearch data
processing in wireless networks.

3.4. Coverage Ratio. Coverage can reflect whether the classifi-
cation results are widely distributed in the multisearch data
set of wireless network. The coverage rates of the three
algorithms are compared and analyzed, and the results are
shown in Figure 3.

According to Figure 4, with the increase of K value, the
coverage rates of the three algorithms all show a downward
trend. When the value of K is greater than 60, the data curve
of the algorithm in this paper is gradually stable, while the
other two comparison algorithms do not show a trend of data
stability, and the curve is not stable. The average coverage
rate of the proposed algorithm is higher than that of the
two methods.

4. Conclusion

This paper designs an automatic classification algorithm for
multisearch data association rules in wireless networks. The
algorithm starts from the mining of multisearch data associ-
ation rules and uses parameters to measure the importance
of fuzzy classification rules. According to the new measure,
the importance of fuzzy classification rules is measured by
integrating membership, support, and trust. Automatic clas-
sification is accomplished by discretizing continuous attri-
butes of multisearch data with mining results, generating
fuzzy classification rules, and designing association rule
classifier. Through experiments, this study also proves that
the algorithm has low classification error, high classification
timeliness, and high coverage rate, indicating that the algo-
rithm can effectively realize automatic classification of data
association rules.

Data Availability

The data used to support the findings of this study are
included within the article.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

References

[1] M. Azmi, G. C. Runger, and A. Berrado, “Interpretable regu-
larized class association rules algorithm for classification in a
categorical data space,” Information Sciences, vol. 52, no. 7,
pp. 183–196, 2019.

[2] Y. Wang, “Secure data aggregation algorithm for multi-data
query in wireless sensor networks,” International Electronic
Elements, vol. 27, no. 7, pp. 138–143, 2019.

[3] G. Yogarajan and T. Revathi, “Nature inspired discrete firefly
algorithm for optimal mobile data gathering in wireless sensor
networks,” Wireless Networks, vol. 24, no. 8, pp. 2993–3007,
2018.

[4] Y. Chen, “Study on association rule mining algorithm based on
FP-GROWTH algorithm,” Wireless Internet Technology,
vol. 19, pp. 118–121+124, 2017.

[5] J. Dong, Research on Association Rule Mining and Association
Classification Based on Bit Table, vol. 42, no. 8, 2019Dalian
University of Technology, 2019.

[6] Z. Hong-Sen, L. I. Liang, A. O. Chen, P. Zhang, N. Li, and
Z. Wang, “Task classification-aware data aggregation schedul-
ing algorithm in wireless sensor networks,” Science Technology
and Engineering, vol. 27, no. 3, pp. 156–170, 2019.

[7] U. Majeed, “Blockchain-assisted ensemble federated learning
for automatic modulation classification in wireless networks,”
in Proceeding of the KIISE Korea Computer Congress, USA,
Germany, 2020.

[8] X. Wang, Q. Liu, Z. Pan, and G. Pang, “APT attack detec-
tion algorithm based on spatio-temporal association analy-
sis in industrial network,” Journal of Ambient Intelligence
and Humanized Computing, vol. 45, no. 12, pp. 688–697,
2020.

[9] S. Mabu, T. Higuchi, and T. Kuremoto, “Semi supervised
learning for class association rule mining using genetic net-
work programming,” IEEJ Transactions on Electrical and Elec-
tronic Engineering, vol. 15, no. 3, pp. 397–404, 2020.

[10] B. Subbulakshmi and C. Deisy, “An improved incremental
algorithm for mining weighted class-association rules,” Inter-
national Journal of Business Intelligence and Data Mining,
vol. 13, no. 1/2/3, pp. 291–308, 2018.

[11] H. Hongben, “Research on feature classification method of
network text data based on association rules,” International
Journal of Computers & Applications, vol. 17, no. 4,
pp. 2235–2243, 2018.

[12] L. Jing, “Analysis and improvement of classification based on
multiple association rules,” in Proceedings of the 2018 2nd
International Conference on Artificial Intelligence: Technolo-
gies and Applications (ICAITA 2018), USA, Germany, March
2018.

[13] C. An, Y. K. An, S. M. Yoo, and B. E. Wells, “Efficient data
association to targets for tracking in passive wireless sensor
networks,” Ad Hoc Networks, vol. 75-76, no. 1, pp. 19–32,
2018.

[14] Z. Shao, Y. Li, X. Wang, X. Zhao, and Y. Guo, “Research on a
new automatic generation algorithm of concept map based on
text analysis and association rules mining,” Journal of Ambient
Intelligence and Humanized Computing, vol. 11, no. 2,
pp. 539–551, 2020.

[15] R. Agarwal and M. Mittal, “Inventory classification using
multi-level association rule mining,” International Journal of
Decision Support System Technology, vol. 11, no. 2, pp. 1–12,
2019.

[16] C.-H. Chen, F.-J. Hwang, and H.-Y. Kung, “Travel time pre-
diction system based on data clustering for waste collection
vehicles,” IEICE Transactions on Information and Systems,
vol. E102.D, no. 7, pp. 1374–1383, 2019.

[17] F. Wen, F. Min, Y. J. Zhang, and C. Yang, “Crude oil price
shocks, monetary policy, and China's economy,” International
Journal of Finance & Economics, vol. 24, no. 2, pp. 812–827,
2019.

8 Wireless Communications and Mobile Computing



[18] Z. Tingting, “Application of data mining technology based on
association rules in music classification,” Modern electronic
technology, vol. 43, no. 1, pp. 107–109, 114, 2020.

[19] A. Poordavoodi, M. Reza, H. Haj, A. M. Rahmani, and
M. Izadikhah, “Toward a More Accurate Web Service Selec-
tion Using Modified Interval DEA Models with Undesirable
Outputs,” Computer Modeling in Engineering & Sciences,
vol. 123, no. 2, pp. 525–570, 2020.

[20] L. Mingjiang, “Automatic classification technology of optical
network fault data based on support vector machine,” Laser
Magazine, vol. 40, no. 9, pp. 111–115, 2019.

9Wireless Communications and Mobile Computing


	Automatic Classification Algorithm for Multisearch Data Association Rules in Wireless Networks
	1. Introduction
	2. Algorithm Design
	2.1. Multisearch Data Association Rule Mining
	2.2. Automatic Classification of Multisearch Data Association Rules
	2.2.1. Discretization of Continuous Attributes of Multisearch Data
	2.2.2. Generate Fuzzy Classification Rules
	2.2.3. Wireless Network Multisearch Data Association Rule Classifier


	3. Experiment and Analysis
	3.1. Experimental Environment Design
	3.2. Comparative Analysis of Classification Errors
	3.3. Comparison of Time Spent in the Classification Process
	3.4. Coverage Ratio

	4. Conclusion
	Data Availability
	Conflicts of Interest

