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ABSTRACT. The Internet contains a large number of information resources, and it is an
important way for people to obtain the information they need. However, the amount of
information data on the Internet is huge and its sources are diverse, so data integration
is required. Clustering algorithm is an important way to realize data integration. Aim-
ing at the defect of initialization sensitivity in the K-medoids, an initialization strategy
founded on improved Granular computing (IGC) is proposed. Aiming at the defect of poor
convergence of the K-medoids, a granular iterative search strategy is proposed, and the
fitness function of the K-medoids is improved. Finally, the research builds a multi-source
information data integration model founded on the improved K-medoids. Using the da-
ta set in UCI to test the model, the average clustering precision of the model reaches
95.22%, the average time-consuming is 0.129 s, the average Rand index is 0.911, and
the average F-measure value is 0.829, which are remarkablely better than other models.
The above data verified the precision, productiveness and robustness of the proposed data
integration model. It shows that the model can help people better integrate multi-source
information data, so as to obtain the required information resources more efficiently and
accurately.

Keywords: K-medoids, Clustering algorithm, Multivariate information, Data integra-
tion, GC

1. Introduction. Nowadays, with the highly developed Internet, there are massive in-
formation and data resources. Information and data come from different websites, and
the data formats are diverse, which makes it difficult for people to obtain the informa-
tion they want from the data pile [1]. Therefore, a multi-source data integration model is
constructed to unify, standardize and complete multi-source information data. It can lift
the productiveness of Internet information [2,3]. The K-medoids is an improved algorithm
founded on the K-means algorithm. It has better clustering effect and performance, and
plays a better role in multi-source information data integration. However, the K-medoids
has defects such as initialization sensitivity, poor convergence, and excessive iterations.
GC can simplify problems and decrease the difficulty of solving complex problems [4].
The research combines GC with K-medoids, uses GC to find the initial center point of
K-medoids, and solves the sensitive problem of K-medoids initialization. However, in the
process of obtaining coarse-grained sets in traditional GC, it is easy to cause repeated
classification of objects and duplication of some particles [5]. The study proposes strate-
gies to improve GC. Finally, the study builds a multi-source information data integration
model founded on the K-medoids optimized by IGC to help people obtain the required
information resources more efficiently and accurately. There are two main innovations
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in the research. One is to initialize the central point of the K-medoids by using IGC to
improve the clustering precision and productiveness of the K-medoids. The second is to
use the optimized K-medoids to realize data integration, which improves the utilization
productiveness of information data. Compared with the most advanced data integration
models at present, the data integration efficiency and data integration accuracy of the
data integration model proposed in the study are significantly improved, and can play a
better role in obtaining the required information resources. The test results show that the
average clustering accuracy of the proposed model is 95.22%, the average time is 0.129 s,
the average Rand index is 0.911, and the average F-measure value is 0.829, which are
significantly better than other traditional data integration models. The test proves the
advantages of the proposed model. The main content of the study is divided into four
parts. The first part is to summarize the relevant research results. In the second part, a
multi-source information data integration method is proposed based on K-medoids clus-
tering algorithm. The third part is to verify the performance of the proposed multi-source
information data integration method. The last part is the carding and summary of the
article.

2. Problem Statement and Preliminaries. K-medoids has good clustering effect and
performance, and plays a vital role in various scientific research. Johnson et al. used
K-medoids to design probe sets for targeted sequencing of nuclear genes in flowering
plants. The results showed that the probe set is valid [6]. Deng et al. proposed to use
K-medoids to optimize the general collaborative filtering algorithm because of the defect
of data sparsity, which leads to poor recommendation effect. The optimized collaborative
filtering algorithm outperforms other comparison methods on various evaluation indica-
tors [7]. Dinata et al. chose to use the purity algorithm to optimize the K-medoids for the
defect that the K-medoids needs multiple iterations to cluster large data sets. The opti-
mized algorithm validly decreases the number of iterations of the K-medoids [8]. Abbas
and others used the K-medoids to cluster the birth data of Bard City, so as to provide
a theoretical basis for medical security and medical decision-making in this area. The
average precision of the K-medoids is 2.00% beyond that of the K-means algorithm [9].
Hashemzadeh and Zademehdi used the imperialist competitive algorithm to optimize the
K-medoids to improve its robustness. And the ICA-K-medoids is applied to fire moni-
toring founded on video surveillance. The experiment proves that the algorithm has high
detection precision, and each index is better than the general fire detection method [10].
Tiwari et al. optimized the K-medoids founded on the idea of armed bandit technology to
solve the defect that the K-medoids has poor clustering effect in large data sets. Compared
with before optimization, the productiveness of the optimized algorithm is increased by 3
times [11]. Li et al. combined time series generation confrontation network (TimeGAN),
K-medoids founded on soft dynamic time warping, and convolutional neural network
(CNN) to construct a photovoltaic power prediction model. Experimental data show that
the precision of this model is beyond the other four models [12]. Wang et al. proposed a
K-medoids founded on the distribution distance measure, and applied the K-medoids to
data sequence clustering. The algorithm has a relatively good clustering effect on complex
distribution data sequences [13].

In the information age, the most common way for people to obtain information re-
sources is the Internet. However, information data on the Internet usually has multiple
sources, and their data formats are often different, resulting in poor productiveness for
people to obtain the information they need. Therefore, unifying the data format of multi-
source information through data integration technology will help users obtain informa-
tion resources more conveniently and quickly. Argelaguet et al. studied the effect of data
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integration in the analysis of single-cell multimodal data. Through data integration, single-
cell multimodal data can be analyzed more validly, thus providing a tool for the study
of cell heterogeneity [14]. Isaac et al. explored the application of data integration in the
context of the increasing volume and type of biodiversity data collected. The results
show that data integration plays a vital role in the distribution prediction of species [15].
Zipkin et al. used data integration methods to study large-scale ecological phenomena.
And for the defects in data integration in the study of ecological phenomena, such as
data size mismatch, and data imbalance, a targeted strategy is proposed [16]. Luecken
et al. relied on data integration for joint analysis of atlas-level datasets in single-cell ge-
nomics [17]. Boehm et al. used multimodal data integration to realize the integration
and analysis of cross-modal clinical data, thus promoting the development of precision
oncology [18]. Canzler et al. improved the understanding of toxicology research through
multi-omics data integration. They founded on data from published related literature,
and it was demonstrated that multi-omics data integration can remarkablely increase
confidence in detecting pathway responses [19]. He et al. proposed a coronavirus data
integration, sharing and analysis ontology. This ontology covers various aspects, such as
etiology, and transmission [20]. Founded on the advantages of data integration that can
process information from multiple datasets at the same time, Miller et al. used data inte-
gration models to predict species distribution. This method can more accurately predict
the dynamic process of species distribution [21].

The K-medoids and data integration are widely used in various fields. However, there
is almost no research on combining K-medoids with data integration technology to im-
prove the utilization productiveness of multi-source information data. To this end, the
study uses IGC to optimize the K-medoids, and proposes a multi-source information data
integration method founded on the optimized K-medoids to achieve data integration and
improve the utilization productiveness of information data.

3. Multi-Source Data Integration Founded on Optimized K-Medoids.

3.1. K-medoids initialization founded on GC. The development of Internet tech-
nology has resulted in an extremely large amount of data collection. To obtain valid
information in huge data sets, it is very necessary to conduct data mining on data re-
sources. Data mining can improve the utilization rate of data resources, improve users’
ability to mine hidden information in data sets, and facilitate data integration. Cluster-
ing analysis is an important part of data mining technology. Several common clustering
algorithms and their performance comparison are presented in Table 1.

It can be seen that each clustering algorithm has different performances in different ap-
plication scenarios, and there is no absolute distinction between good and bad. K-medoids
is an improved algorithm founded on K-means algorithm, which has good clustering effect
and performance, and plays a vital role in various scientific researches. The clustering
process of the K-medoids is shown in Figure 1. The specific process is as follows: firstly,
K data are randomly selected from n data objects as the cluster center; after initializing
K cluster centers, allocate the remaining data objects to each cluster; then replace the
original cluster center point and calculate the new variance E. The data object with the
smallest E is selected as the new cluster center. Next, whether the cluster center has
changed is to be confirmed. If there is no change, output the clustering results. If there
is a change, assign the data objects to each cluster, and continue to repeat the above
operation.

However, the K-medoids has the defect of sensitivity to initialization. The selection
strategy of the initial center point of the K-medoids is random selection. If the initial
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TABLE 1. Common clustering algorithms and performance comparison
Aleorithm K-means|K-medoids CLARANS| BIRCH DBSCAN| STING | SOM
8 [22] [23] [24] 25] | [26] | [27] | [2§]
Algorfthm Higher General Lower High General High | General
productiveness
Noise . . i " . .
e . Sensitive | Insensitive | Insensitive | General | Insensitive |Insensitive|Sensitive
sensitivity
D
. ata Less Less Very Less .. .. .
input order . . o . Sensitive |Insensitive|Sensitive
ey . sensitive sensitive sensitive sensitive
sensitivity
. . Convex or |Convex or Any Any Any
h 1 h 1
Cluster shape | Spherical | - Spherica spherical | spherical shape shape shape
. Hl,g h . Good General General Good General Good Good
dimensionality
Scalability Better Poor Good Poor Better Good Better

Replace the original cluster center and
calculate the new variance, and take the
data object with the minimum variance as
the new cluster center

N

Output clustering results

F1GURE 1. Clustering flow of K-medoids
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center point is not selected properly, the algorithm may fall into a local extremum. There-
fore, improving the initialization of the K-medoids can validly enhance the productiveness
and precision of the K-medoids. The study proposes an initialization strategy founded
on GC. Suppose there is a clustering space T' = (U, B), in which B represents the set of
attributes and U represents the set of objects. Then the object similarity S(z;,z;) can
be expressed by Formula (1).

1
(1 + 08w — le|>

In Formula (1), [ is the attribute value. w; represents the attribute resolution, which is
used to describe the weight of attribute value [ in the object set. Assuming that there
are n objects in the object set. The average similarity d of objects can be expressed by

Formula (2).
d= ZS(xi,xj)/nQ (2)

Supposing the particles in the object set are divided into { Xy, Xs,..., X, }, then the
density of the particles in the object set is gd(X;), which is expressed as Formula (3).

| Xl
19
Average density GD is represented by Formula (4).

Y gd(X
GD — Zz:l g ( ) (4)
n
Suppose there is an object set, in which particle i contains N objects, namely x;1, 29, . . .,
x;n, then the center o; of particle i is expressed by Formula (5).

0; = {xw Lij — szk } (5)

The basic calculation process of GC is to first calculate the similarity and average
similarity of all objects according to Formula (1) and Formula (2). Suppose there is a
threshold value d, and there is 92%d < d < 108%d. When two objects are compared,
S(x;,x;) > d. If there is a fuzzy similarity matrix between the objects M(i,j) = 1,
it indicates that the objects j are similar objects of the objects ¢. The fuzzy similarity
matrix between objects is in Formula (6).

101 010 ... 110
M= 110 101 ... 011 ... (6)

101 110 011 001
All objects similar to objects ¢ are sorted into coarse-grained sets for numbering. A
collection of any object G and its similar objects is collectively called a particle. Calculate
the average density of all particles in the coarse-grained set using Formula (3) and Formula
(4). The particles are called valid particles, and the collection of all valid particles is
called a valid particle set H. Calculate and record the centers of all particles in the valid
particle set and the Euclidean distance between any two particles according to Formula
(5). The center of the maximum particle density in the valid particle is set as the center
point 1, denoted as o0y, and the corresponding particle is ). The center point of the
particle that is farthest away from the particle and has the highest density is taken as the

S(wi, xj) = (1)

gd(X;) = (3)

IIllIl
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second center point, denoted as 0,. The corresponding particle is (). By analogy, each
particle center and corresponding particle in the valid particle set are obtained. Find the
distance of 01, 09,...,0, to each particle center point d;;,d;s, ..., d;,, respectively. Make
d; = min(d;1, dia, . . ., dip,), and calculate max(d;). Its corresponding particle center is o;,
and the corresponding particle is @);, which is used as the first initial clustering point of
the K-medoids. By analogy, the k center of the first particle, the corresponding particle
and the initial clustering point of the K-medoids are obtained. Founded on the above
content, the K-medoids initialization founded on GC is realized.

3.2. K-medoids initialization founded on IGC. In the process of obtaining a coarse-
grained set G, it is easy to cause repeated classification of objects and duplication of some
particles. In this case, there may be some valid particles with the same number of objects
and the same object attributes but different particle numbers in the valid particle set. H
will cause the center points of the subsequent search to appear in the same cluster, which
will cause the initial center of the K-medoids to be in the same cluster. The clustering
effect of the algorithm will be impacted. In response to this defect, the study improves
GC. First of all, in the comparison of objects, the strategy of comparing one object with
the subsequent objects one by one is not adopted. Thus, an upper triangular matrix is
obtained, as shown in Formula (7).

101 010 ... ... 110
M— 110 101 ... ... OI1 (7)
101 110 011 ... 001

Through this strategy, the phenomenon of repeated classification of particle objects
can be avoided, and particles with the same number of objects and attribute values in
particles can be removed. In addition, this strategy enables the valid particles to be
arranged in order according to the number of objects, thus obtaining a fine-grained set G.
The initial centers of the final K-medoids are located in different clusters, which improves
the clustering precision. The K-medoids has poor convergence and needs more update
iterations to get the desired result. The reason for this situation is that the K-medoids
performs a global search selection every time the center point is updated, and the amount
of calculation is relatively large. Therefore, it needs to be further improved to obtain
an efficient center point search update strategy. The study proposes a granular iterative
search strategy. The core idea of this strategy is to search and update the center point in
the particles corresponding to the initial center point. That is o, and the update of the
center point is searched and selected in its corresponding valid particles Q5. This strategy
can validly decrease the search range of the center point, thereby decreasing the number
of iterations of the K-medoids. Under this strategy, the intra-cluster distance is calculated
using Formula (8).

E(w)=) > lp— ol (8)

i=1 pEc;

In Formula (8), ¢; represents the ith cluster, p is the object in the ith cluster, and o;
is the clustering center of the ith cluster. p and o; are multidimensional objects. The
inter-cluster distance is calculated using Formula (9).

K

O(w) =Y |o; — o] (9)

3,j=1
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In Formula (9), o; and o; represent cluster centers, and both are multidimensional. The
fitness function of the K-medoids is in Formula (8). The idea of the fitness function is
to assess the final clustering quality of the algorithm by using the sum of intra-cluster
distances. However, Formula (8) does not take account of the inter-cluster distance. The
optimal result of clustering quality requires the minimum intra-cluster distance and the
maximum inter-cluster distance. Formula (8) only considers the intra-cluster distance, so
using it as a fitness function may make the final clustering result of the K-medoids not
the optimal clustering result. For this reason, the study proposes an improved fitness
function, as shown in Formula (10).

Flw) = 22 (10)

As shown in Formula (10), during the experiment, the fitness function continuously adjusts
the function value. When the function value reaches the maximum value, it indicates that
the algorithm has obtained the optimal clustering result, and the iteration can be stopped.
The basic flow of the improved K-medoids is shown in Figure 2. The specific process
is as follows: input a dataset containing n objects and k clusters, initialize k cluster
centers o;~o; with improved granularity calculation, and record the particles Qq~Qy
corresponding to the center point. Divide the remaining objects into clusters represented
by the center point of the nearest object, mark them as w, and calculate F'(w). Select a
non-representative object O,qndom from the corresponding particles ()1 ~Qy to replace the

he fitness function value no
longer changes

F1GURE 2. Basic flow of improved K-medoids
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representative object O;. Update the center point of each cluster and re-cluster it, mark
it as w’, and calculate F'(w'). Calculate AF = F(w') — F(w), if AF is less than or equal
to 0, continue to update the cluster center and calculate AF' after re-clustering. If AF
is greater than 0, replace O; with O,4n40m and record w’ as w. Judge whether the fitness
function value changes. If it changes, update the cluster center and cluster again. If it
does not change, output the cluster result.

3.3. Multi-source information integration model founded on improved K-med-
oids. In the information age, the most common way for people to obtain information
resources is the Internet. However, information data on the Internet usually has multiple
sources, and their data formats are often different, resulting in poor productiveness for
people to obtain the information they need. To this end, the study builds a multi-source
information integration model founded on the improved K-medoids. The multi-source
information integration model founded on the improved K-medoids is mainly divided into
two parts: data extraction module and data integration module. The data extraction
module is mainly composed of a parser and an extractor. The data integration module
mainly clusters and filters the extracted data by improving the K-medoids to obtain valid
information.

In the part of the parser, since the internal structure of the HTML web page is similar
to a tree structure, the HTML document can be constructed into a tree structure through
special attribute tag items. The parser is used to connect to the URL. All the table nodes,
tr nodes, and td nodes of the webpage through the parsing tool are parsed to save them
in a tree structure, and perform structural filtering and semantic pruning on them.

After the parser obtains all the td nodes of the webpage, it transmits them to the
extractor. In the extractor part, these td nodes are traversed, and the corresponding text
information and link information are extracted. In the process of extraction, the initial
identifier of the data source code is mainly used as a marker, and it is realized through
string matching. The extracted data is stored in the corresponding memory data table
after marking attributes to avoid data confusion.

The data in the data table of the memory is not all the information data required by
the user, so it needs to be screened and the information required by the user needs to
be integrated. However, the amount of information and data in the Internet is extremely
large, and manual screening of data is basically impossible. The improved K-medoids is
used to cluster the information data to obtain similar information data. The implemen-
tation method is to cluster the attributes of the extracted data founded on the improved
K-medoids, and integrate the data corresponding to each matching attribute and provide
it to the user. The similarity of attributes is generally calculated in two ways. The first is
to compute the linguistic similarity of attributes. The second is calculated by the linear
sum of the numerical type similarity of the data and the product of the weight. The flow
of the data integration module is shown in Figure 3. The specific process includes: clus-
tering attributes according to known database style sheet attributes; then the obtained
clustering result information is transferred to the data storage; finally, the matching data
is sent to the database according to the clustering results.

Founded on the above contents, a multi-source information integration model with
the improved K-medoids is constructed. The basic flow of the multi-source information
integration model is shown in Figure 4.

In Figure 4, firstly, the parser is used to connect to the URL seed, and the corresponding
web page is parsed and positioned, so as to collect table points, tr points, and td points,
and obtain the information data required by the user. Secondly, the extractor is used
to extract the data information in each leaf node of the EC tree, and store the data
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Add known database
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Send the matching data into
the database according to the
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clustering results

FIGURE 3. Process of data integration module
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FI1GURE 4. Basic process of multi-source information integration model

information in the memory. Finally, because the various data in the memory are not all
the data required by the user, the improved K-medoids is used to cluster the data and
integrate them into data corresponding to each matching attribute.
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4. Performance Analysis of Multi-Source Information Integration Model. To
verify the performance of the proposed multi-source information integration model found-
ed on the improved K-medoids, a comparative experiment was designed. The experimental
environment is as follows: Intel(R) Core(TM) i5-8265U CPU, memory 8G, the operating
system is windows10. The integrated development softwares are Microsoft Visual C++
6.0 and Matlab7.0. The data set used in the experiment is the data set in UCI, as shown
in Table 2.

TABLE 2. UCI dataset

Data set name|Number of samples/ Number of attributes|Cluster number

Wine 178 13 3
Bupa 345 7 2
Ionosphere 351 34 2
Iris 150 4 3
Wavaform40 5000 40 3
Heart 270 13 2
Wdbc 569 30 2

In the above data set, trial the precision of several traditional data integration models
founded on clustering algorithms, including PAM (partitioning around medoid), genetic
fuzzy clustering algorithm (GAFKM), K-means algorithm and the proposed model (Model
1). Each data set is trialed 10 times, and the final result is the average value of 10 trial
values. The accuracies of several traditional data integration models are presented in
Table 3.

TABLE 3. Precision of several common clustering algorithms

Data set name Algorithm name
PAM | GAFKM | K-means | Model 1
Wine 0.7752 | 0.9314 0.7612 | 0.9693
Bupa 0.8214 | 0.9144 0.7844 | 0.9840
Ionosphere 0.8011 | 0.9008 0.7820 0.9304
Iris 0.8514 | 0.8941 0.8145 0.9515
Wavaform40 | 0.8135| 0.9106 0.8233 | 0.9211
Heart 0.8942 | 0.9255 0.8536 | 0.9310
Wdbc 0.8709 | 0.9417 0.8331 0.9778
Average 0.8325 | 0.9169 0.8074 | 0.9522

As can be seen in Table 3, in each data set, the clustering precision of Model 1 is
remarkablely beyond that of the other three models. The clustering effect of the proposed
algorithm is better than the general clustering algorithm. Among them, Model 1 has the
highest average clustering precision of 95.22%; the average clustering precision of PAM is
83.25%, which is 11.97% below Model 1. The average clustering precision of K-means is
80.74%, which is 14.48% below Model 1. The average clustering precision of GAFKM is
91.69%, which is 3.53% below Model 1. The above data sets are used to test the clustering
productiveness of the models, as shown in Table 4.

As can be seen in Table 4, in each data set, the clustering time consumption of Model
1 is remarkablely below that of the other three models. The average time consumption
of Model 1 on each data set is 0.129 s. The average time-consuming of PAM on each
data set is 0.200 s, which is 0.071 s more than Model 1. The average time-consuming of
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TABLE 4. Time consuming for clustering of several algorithms (s)

Data set name Algorithm name
PAM | GAFKM | K-means | Model 1
Wine 0.233| 0.125 0.144 0.110
Bupa 0.184| 0.138 0.161 0.135
Ionosphere |0.182| 0.133 0.156 0.124
Iris 0.210 | 0.151 0.175 0.145
Wavaform40 |0.191 | 0.146 0.157 0.133
Heart 0.196 | 0.153 0.189 0.142
Wdbc 0.203| 0.129 0.162 0.116
Average 0.200 | 0.139 0.163 0.129

GAFKM on each data set is 0.139 s, which is 0.010 s more than Model 1. The average
time-consuming of K-means is 0.163 s, which is 0.034 s more than Model 1. Five sets of
artificial data sets were generated using Matlab tools to verify the robustness of several
models. Each artificial dataset is divided into 4 categories, the sample data size of each
category is 500, and the attribute dimension is 10 dimensions. Add 15%, 20%, 25%,
30%, and 35% noise data to the five artificial datasets, and the final artificial datasets are
presented in Table 5.

TABLE 5. 5 sets of manual data sets

Data set | Number of samples | Number of attributes | Cluster number
15% 2300 10 4
20% 2400 10 4
25% 2500 10 4
30% 2600 10 4
35% 2700 10 4

The robustness of the data integration models was assessed using Rand index and F-
measure value. The experimental results are the average of the results of each model
running 10 times on each data set. The Rand exponents of several models are presented
in Table 6.

TABLE 6. Rand index of several clustering algorithms

Algorithm name
PAM | GAFKM | K-means | Model 1
15% 0.833 | 0.923 0.854 0.934
20% 0.829 | 0.916 0.905 0.923
25% 0.825| 0.894 0.854 0.910
30% 0.893 | 0.886 0.866 0.898
35% 0.820 | 0.872 0.864 0.892
Average | 0.840 | 0.898 0.869 0.911

Data set

In Table 6, on each data set, the Rand index of Model 1 is remarkablely beyond the
other three models. The average Rand index of Model 1 on each dataset is 0.911. The
average Rand index of PAM on each data set is 0.840, which is 0.071 below that of Model
1. The average Rand index of GAFKM on each data set is 0.898, which is 0.013 below
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TABLE 7. F-measure value of several clustering algorithms

Algorithm name
PAM | GAFKM | K-means | Model 1
15% 0.724 | 0.872 0.744 0.872
20% 0.708 |  0.840 0.810 0.851
25% 0.681 | 0.818 0.741 0.822
30% 0.677 | 0.786 0.747 0.803
35% 0.675| 0.771 0.754 0.796
Average | 0.693 | 0.817 0.759 0.829

Data set

that of Model 1. The average Rand index of K-means on each data set is 0.869, which is
0.042 below Model 1. The F-measure values of several models are presented in Table 7.
In Table 7, on each data set, the F-measure value of Model 1 is remarkablely beyond
that of the other three models. The average F-measure value of Model 1 on each dataset
is 0.829. The average F-measure value of PAM on each data set is 0.693, which is 0.136
below Model 1. The average F-measure value of GAFKM on each data set is 0.817, which
is 0.012 below Model 1. The average F-measure value of K-means on each data set is 0.759,
which is 0.070 less than Model 1. The results in Table 6 and Table 7 can prove that the
proposed multi-source information integration model founded on the improved K-medoids
is more robust. In summary, the multi-source information integration model founded on
the improved K-medoids has high precision, productiveness and anti-interference ability,
and provides users with a convenient, accurate and efficient data integration approach.

5. Conclusion. The information on the Internet comes from multiple websites, the
amount of data is huge, it is difficult for people to filter out the information data that they
are interested in. To this end, the study proposes an improved K-medoids, founded on
which a source information integration model is built, and the performance of the model
is trialed using the data set in UCI. The average clustering precision of Model 1 is 95.22%,
11.97% beyond PAM. Tt is 14.48% beyond K-means, 3.53% beyond GAFKM. This shows
that the precision of Model 1 is ideal. The average time consumption of Model 1 on each
data set is 0.129 s, which is 0.071 s less than PAM; 0.010 s less than GAFKM, 0.034 s
less than K-means. This shows that the data integration productiveness of Model 1 is
higher. Construct artificial datasets and add noise data of different scales to verify the
robustness of the model. The average Rand index of Model 1 on each data set is 0.911,
which is 0.071 beyond PAM; 0.013 beyond GAFKM, 0.042 beyond K-means. The average
F-measure value of Model 1 on each data set is 0.829, which is 0.136 beyond PAM, 0.012
beyond GAFKM, 0.070 beyond K-means. This shows that the multi-source information
integration model founded on the improved K-medoids proposed by the study has bet-
ter robustness. It can be known that compared with the existing multi-information data
integration model, the research on the multi-source information integration model found-
ed on the improved K-medoids has higher precision, productiveness and anti-interference
ability, and can provide users with more convenient and efficient data integration. The
research has only verified the theoretical application of the model, and further research is
needed on the practical application of the model.
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