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Abstract. When identifying the mismatch of educational resources in regional
colleges and universities, there is a certain mismatch between the elements of
resource mismatch and the measurement, which leads to the problem that the
actual recognition speed is too low. This paper constructs a data mining based
method to identify the mismatch of educational resources in regional colleges
and Universities. After determining the subject of collection, mining the data of
educational resources in Colleges and universities, using all elements of resources
to proxy variables, controlling the matching parameters between elements and
measures, measuring the mismatch of educational resources, integrating similar
teaching resources, establishing mismatch recognition rules, and finally complet-
ing the identification of educational resources mismatch. This paper simulates the
regional university resource environment, selects the information science, infor-
mation work, discipline field and related literature of CNKI as the mismatched
educational resources. Experiments are used to verify the effectiveness of this
method. The results show that the mismatch identification method designed in
this paper can identify the mismatched resources quickly maximum.

Keywords: Data mining - Regional universities - Educational resources -
Mismatch

1 Introduction

For a long time, University Library, as an academic, scientific research and service
institution, has played an important role and accumulated a lot of information. With
the development of science and technology, University Library urgently needs to use
advanced technology and means to process all kinds of data information in order to
improve service quality and resource allocation efficiency, and to promote university
library to continuously improve its own business work and management level. Although
the application of data mining technology in domestic library is still in the initial stage,
with the development of information technology and the change of user demand, data
mining technology will combine with the work of Library and play a great guiding
role. The service object of university library is relatively fixed, mainly for the different
needs of university teachers and students in learning, scientific research and work. From
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the form of service, passive service is more than active service [1]. From the level of
service, although the scope is relatively fixed, there are many levels, such as the level
of undergraduate and graduate students, as well as the scope of research, the scope
of interest and other aspects [2]. Therefore, the service of university library should be
targeted and professional.

With the development of data mining technology, foreign countries began to study
its application in the field of library, and applied the actual results to practice, and
its application mode has become increasingly mature. By the end of 1990s, with the
rapid development of the Internet, the construction of digital library, the construction
of knowledge and information resources under the network environment, intelligent
retrieval, interlibrary loan and other new topics have been emerging, and the development
and research based on the application technology of digital library has become more
detailed [3]. Foreign scholars have made some progress in the application of data mining
technology. With the rapid application of the Internet, library digitization, knowledge and
information resources construction, intelligent retrieval, interlibrary loan and so on have
become research hotspots and made great achievements [4]. Digital library application
technology has also made rapid development and wide application.

The innovation of this article is based on data mining technology. The elements in
the resource are used to represent variables. Data mining technology is used to collect
educational resources in colleges and universities. Resources are used for proxy vari-
ables. The adaptation parameters between the element and the measure are controlled.
Similar teaching resources are integrated. The identification rules are established.

2 Identification Method of Regional University Education
Resources Mismatch Based on Data Mining

2.1 Mining University Education Resource Data

Before collecting the data of university education resources, first determine the subject of
collection, select the university resources of the same specialty as the collection object of
behavior data, and collect the educational resources of colleges and universities according
to the following processing process. The collection process is shown in Fig. 1 below:
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Fig. 1. Acquisition process

As shown in Fig. 1 above, firstly, according to the teaching management system of
colleges and universities, collect and record the field of educational resources in Colleges
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and universities, formulate a data screening standard, sort out the data sets to be analyzed,
and then select the data sets related to data mining to narrow the collected data range
and enhance the mining quality of behavioral data [5]. Then this part of the data is
preprocessed to remove the noise in the original collected data, filter the redundant and
invalid data, and use the criterion function of K-average algorithm to fill in the missing
data

E=Y 3 la—nl (M

In the above formula, E is the sum of the mean square deviation of all behavior data
in the data set and the corresponding cluster center, g is the given data object, n; is the
mean value of clustering, g, n is multidimensional. The data filled with formula (1) is
combined with the previous semi-structured data to be processed into structured data [6],
and the naive Bayes classification method is used for classification. The classification
process is as follows:
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Fig. 2. Classification process

As shown in the above Fig. 2, first assume that each feature Y of the sample is
uncorrelated and in an independent state C. Set it as the set of behavior data training
tuples and corresponding class labels. Each tuple is represented by a dimensional vector
By, By, ... By, in which the attributes of teaching resources measure the tuple C;. Under
one condition, the predicted tuple belongs to a class, so that the C; has the highest
posterior probability [7], and there is the following relationship:

P(GiY) > P(GlY) 1<j=mj#i )
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From the above formula, P(C;|Y), the results can be obtained:

P(CHP(Y|Cy)
P(CilY) = ———* 3
(GilY) ) (3)
In the above formula, P(Y) is the fixed value in the known data, the above collected
and classified data are retained, and then the feature extraction processing of the col-
lected and classified college education resources [8] is used to measure the mismatch of
educational resources.

2.2 Measuring the Mismatch of Educational Resources

To measure the mismatch of educational resources, the total elements of resources [9]
are used as surrogate variables to calculate the stock of educational resources in regional
colleges and universities.
Ki = Kir—1 + 1y (4)
Dj,

Among them, K;; represents the resource stock of regional colleges and universities
in the region, /;; represents the introduction of educational resources by colleges and uni-
versities in the region, and D, represents the configuration parameters. In order to elim-
inate the inconsistency of resource estimation among different university individuals, a
resource update function is constructed

o
v, = 2 )
L;

Among them, Y}, refers to the number of resources replaced in Colleges and uni-
versities, A;; refers to the updating parameters of educational resources, Lg represents
the number of types of educational resources, § and « respects represents the renewal
elasticity of educational resources. In order to further estimate the elements of educa-
tional resources, the above calculation formulas (4) and (5) are combined to calculate
the logarithm, which can be expressed as follows:

nY, = aiy + o InKj; ©)
BInL;

Among them, the logarithm a;; of represents, and the meaning of other parameters
Aj; remains unchanged. The regional distribution of colleges and universities and the
distribution of their educational resources have the characteristics of non degradation,
and the relationship between the two in different regions or countries is not completely
the same. A significant positive relationship between the mismatch rate and the size
of regional colleges and universities was found, which shows that the universities in
large regions tend to have higher mismatch rate of resources. OP covariance [10] can
be a good measure of resource mismatch. Therefore, the size of the university area is
used as a surrogate variable for the size, and use OP decomposition method to calculate
the covariance difference between university education resources and mismatch. The



A Data Mining Based Method for Identifying the Mismatch 295

op covariance is used as a measure of resource mismatch. To a large extent, it makes
up for the possible defects in the mismatch method in the literature. The static OP
decomposition method is adopted, which does not consider the dynamic changes of
university education resources, that is, it does not take the new form of educational
resources into consideration. This paper mainly decomposes the mismatch rate of each
university in the same period

O =3+ (Su—5) (7)

Among them, @; represents the renewal rate of educational resources, S;; repre-
sents the share of educational resources in Colleges and universities, and S represents
the average value of educational resources in Colleges and universities. Taking time
as an independent variable, the change of university education resources mismatch is
calculated, as shown in Fig. 3.
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Fig. 3. The mismatch of educational resources in Colleges and Universities

As shown in Fig. 3, with the increase of OP covariance difference [11-13], the
mismatch value of educational resources is also increasing, and the mismatch value
almost reaches the value of 4 at the end of the statistical cycle. According to the numer-
ical changes caused by the above mismatching process, the complexity of university
education resources is defined.

2.3 Establish Mismatch Recognition Rules

Before establishing the recognition rules, the similarity teaching resources are integrated
[14], and the similarity matrix is constructed by similarity evaluation method

vk SSD(d,', dj), l'fd,'dj e DT
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Among them, DT represents the set of mismatched information data and v is the
weight parameter. Suppose the mismatched resource is g;. The weights g; between the
two mismatched resources are calculated

LLS (gi,8j) — LLSmin
LLSax — LLSmin

Where, LLS(g;, gj) denotes the weight between mismatched resources, and repre-

sents the minimum LLSi, and LLSy.x maximum log likelihood scores of mismatched

resources, respectively. Then the functional similarity [15] between the two genes can
be expressed as follows:

LLSN (gi»8j) = )

I, g=g
FSG(gi»g) =10, e(gi g) ¢ HumanNet (10)
LLSN (gi, g) € HumanNet
Among them, e(g;, g;) represents the boundary value between the regional university
education resources g; and. using the similarity calculation results, the final mismatch

identification results are for g; mulated, and the module information recognition rules
are finally calculated, as shown in Table 1.

Table 1. Identification rules established

Rule name Resource name Number
Recognition rule 1 | Learning video 127
Recognition rule 2 | Open class 48
Recognition rule 3 | TV open class 145
Recognition rule 4 | Video open class 40
Recognition rule 5 | Excellent course 32
Recognition rule 6 | Video conference system 11
Recognition rule 7 | Electronic library resources 127
Recognition rule 8 | Online teaching course 62
Recognition rule 9 | Documentary of teaching resources | 139
Recognition rule 10 | Teaching materials 4

After establishing the recognition rules in the Table 1, the rules in Table 1 are used to
realize the recognition of the mismatch of educational resources of regional universities
[16, 17], and finally complete the research on the mismatch recognition.

3 Simulation Experiment

3.1 Experimental Preparation

The spider web system is prepared as the experimental environment of mismatch identifi-
cation method. In the actual deployment, the system is refined into front-end processing,
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distributed storage and recognition display. In order to deal with the massive network
traffic in large-scale network environment, the front-end processing part is further divided
into: front-end packet capture machine and front-end processor. The front-end packet
capturing machine is mainly responsible for capturing data packets in the network, and
sending multiple packets with the same quintuple to the same front-end processor; The
front-end processor is responsible for the processing of data packets, including flow table
management, IP fragmentation reorganization, TCP reorganization, etc. at the same time,
according to the traffic characteristics of complex applications, the statistical character-
istics are extracted based on influenza knowledge model, and the complex application
traffic is identified by saimmf method, and the logs are sent to the distributed storage
subsystem.

Distributed storage uses multiple servers to build a distributed storage cluster based
on Hadoop framework to ensure the storage reliability of data; at the same time, spark
and shark are used to achieve efficient distributed computing. Analysis and display is
divided into data analysis machine and data display machine. Among them, the data
analysis machine is responsible for mining massive log data, modeling from multiple
dimensions using network flow field method, and constructing private network. Data
display machine is responsible for displaying the results after mining, and its display
content mainly includes statistical information and real-time animation. The deployed
verification experiment environment is shown in Fig. 4.

Front end processor

Front end bag trap

Front end processor

s
S
SO
Point 2 Data recognition  Identification
machine display machine

Front end processor

g
Front end bag trap

Front end processor

Fig. 4. Test environment of experimental deployment

In the test environment as shown in Fig. 4, the degree of association between knowl-
edge nodes is the representation of resource aggregation, and the aggregation group is
the collection of nodes with strong connection. The higher the unit requirements of the
aggregation group, the higher the aggregation depth, and the more likely the knowledge
nodes within the aggregation group will converge. The research sample of this paper is
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from CNKI database. The subject field of “information science and information work”
subordinate to “library, information and digital library” in the database is selected, and
the publication time of the sample is 2017-2019 (Due to the time lag of articles included
in CNKI, the data was obtained in 2017. To ensure the accuracy of the data, the 2017
data was not selected as the research sample.). Based on the above conditions, a total of
12815 papers were retrieved, and 11288 papers were obtained after the critical reports
and index articles were screened out. After the above resources are used as the educa-
tional resources of regional colleges and universities, the mismatch recognition methods
in literature [4], the mismatch identification methods in literature [6] and the mismatch
recognition methods designed in the paper are used to compare the performance of the
three methods.

3.2 Results and Analysis

Based on the above experimental preparation, the size of educational resource packet is
set to 64 bytes. Since it is impossible to manually label the complex application network
traffic captured in the real network, it is difficult to accurately evaluate the identification
performance of spider web system for specific complex applications. In order to solve
this problem, manual access is used to generate network traffic for specific applications in
the laboratory environment, and tcpdump tool is used to capture the corresponding appli-
cation data packets. After that, the network traffic is injected into the spider web system
by playback to identify and record the identification results. In the above experimental
environment, control the wire speed of 100Mbps, 200Mbps, 500mbps and 800Mbps
to send university education resources to the mismatch module. Finally, the number of
data packets identified by the three mismatch identification methods is calculated and
the recognition rate is calculated. The results are shown in Fig. 5.
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Fig. 5. Recognition rate results of three recognition methods
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It can be seen from the experimental results shown in the above figure that under the
same experimental environment, different recognition methods are controlled to identify
educational resources with different linear speeds. According to the experimental results
shown in the above figure, the average recognition rate of the recognition method in
reference [4] is 60% on the left and right under four thread conditions, and the final
average recognition rate of the identification method in reference [6] is about 70%,
while the recognition rate designed in this paper is The average recognition rate of each
method is about 97%. Compared with the mismatch recognition methods in the two
literatures, the final recognition rate of the proposed method is the highest.

Keep the above experimental environment unchanged, set the data set of educational
resources mismatch, take the number of TCP flows and UDP flows in the resources as
the setting objects, and set the resource test data set as shown in Table 2.

Table 2. Set of test data sets

Data set Number of TCP streams Number of UDP streams
Resource dataset 1 176381 675531
Resource dataset 2 3194 547444
Resource dataset 3 83474 264107
Resource dataset 4 219474 1405242
Resource dataset 5 14425 1876533
Resource dataset 6 172291 451302

The test data set shown in the table above is taken as the processing object. Defining
three mismatch methods to meet the storage requirements of resource log is a pre-
cise identification process. The number of accurate identification resources is obtained
by counting the three identification methods, and the final accuracy rate of the three
mismatch identification methods is calculated. The accuracy results are shown in Fig. 6.

From the accuracy results shown in the figure above, the three identification methods
show different accuracy results after changing the resource allocation process with dif-
ferent line speeds. According to the precise value shown in the figure above, the average
accuracy value obtained by the identification method in reference [4] is about 75%, and
the accuracy value is the smallest. The average accuracy rate of the identification method
in reference [6] is about 85%. The average accuracy of the proposed method is about
97%. Compared with the two methods in literature, the recognition method designed in
this paper has the highest recognition accuracy, which meets the accuracy requirements
of Library mismatch recognition.

Keep the above experimental environment unchanged, take the number of resources
identified by the three mismatch identification methods in unit time as the comparison
index, and the data in the test data set prepared in the above table as known. Count
the final processing time of the three mismatch identification methods, and calculate
the number of resources identified by different recognition methods in unit time. The
experimental results are shown in Table 3.



300 Y. Liu et al.

100F

Accuracy /%

70 t

[P ; I |
PR

Va ) Recognition of mismatched text in design

Mismatch recognition method in reference [6]

e

—
—

— -

—_

-0

—

o~

Mismatch recognition method in reference [4]

—

100 200 500 800
Wire speed size / Mbps

Fig. 6. Accuracy results of three identification methods

Table 3. Identification speed results of three resource mismatch methods

Data set

Recognition speed/(bar/sec)

Resource dataset 1 | [gepgification methods | Identification methods | Identification methods
in reference [4] in reference [5] in reference [6]
Resource dataset 2 | 47.4 87.4 125.2
Resource dataset 3 | 49.5 86.5 158.7
Resource dataset 4 | 51.4 89.2 125.9
Resource dataset 5 | 51.1 93.9 134.6
Resource dataset 6 | 42.8 93.7 158.1
Data set 49.8 99.6 158.6

According to the results of recognition speed shown in Table 3, with the same resource
test data set as the experimental object, under the control of the three identification
methods, the recognition speed of the identification method in reference [4] is about 48
bars/second, and the speed of resource identification is relatively small. The recognition
speed of the identification method in reference [6] is about 91 pieces/second, and the
actual recognition speed is larger. The recognition speed is about 143. Compared with the
two methods in literature, the recognition method designed in this paper has the fastest
recognition speed. According to the above experimental results, the recognition method
designed in this paper has the maximum recognition rate, the maximum accuracy rate
of the recognition process, and the actual recognition speed, which is suitable for the
application in the process of university education resources mismatch recognition.
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Conclusion

With the advent of the era of big data, the amount of information is increasing rapidly.
For the resource construction of digital library, resource aggregation has become an
urgent problem. As an effective means of content aggregation, aggregation technology
plays an important role in organizing massive resources and effectively establishing
the connection between resources. With the support of data mining technology, the
construction of a regional university education resources mismatch identification method
can improve the lack of slow identification of resources in the literature, and provide
certain theoretical basis for future research work.
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