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Abstract: In recent years, the issues of the talents introduction have attracted more and more researchers' and college
administrators' attention. In the era of big data, data mining technology is widely used in various fields and has achieved
remarkable results. The application of data mining technology in the introduction of university talents is in the ascendant. This
paper uses the effective information of 245 teachers recruited by Zhejiang University of Finance & Economics since 2011 to
explore and model the association rules. It preprocesses the raw information data by hierarchical clustering, and use Apriori
algorithm to obtain a set of rules for the paper score and the situation of receiving the National Foundation of China (NFC) in 3
years. These rules will provide a constructive guiding significance for the introduction of talents in Zhejiang University of

Finance & Economics.
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1. Introduction

The basic national condition that China is the largest
developing country in the world determines that China must
take the strategy of "Reinvigorating China through Human
Resource Development". Through implementing this strategy,
it will strive to create more high-quality socialist builders and
transform China from a large population resource country to
a large human resource country. Only in this way, can China
enhance its core competitiveness and comprehensive national
strength, complete the historical task of building a
moderately prosperous society in all respects and realize the
great rejuvenation of the Chinese nation.

Higher education plays a very significant role in the
development and progress of a country. Since the Reform and
Opening-up, Chinese higher education has been developing
rapidly. The vigorous development of education has made
more universities recognize the key role of talents in the
competition of universities, and the introduction of talents
has become a strategic measure for the development of
colleges and universities. However, the introduction of

college talents is a very complicated project. In this process,
colleges and universities is often faced with all kinds of risks
and various losses. This survey finds that the risks mainly
focus on recruitment risks, matching risks, talent loss risks
and so on. The first step to avoid these risks is to make more
accurate selection in the process of recruiting talents.
However, in view of a lot of resume information, it is
extremely difficult to be able to select real talents with more
precision. The reason is that the rapid development of
information  technology  has  brought tremendous
conveniences to anthropic life, however, the development has
also brought about explosive data growth in all fields. As the
number of customer data collected and stored daily by the
enterprise increases, Leeflang et al. [1] pointed out that the
so-called “data explosion” has been identified as one of the
major challenges for marketers in both online and offline
channels. Similarly, colleges and universities have
established a perfect set of personnel information
management system, which has accumulated a large amount
of data. However, the system lacks trend analysis which is
more important. What needs to be done in the big data era is
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to dig up useful knowledge from huge and messy databases,
and make it better for anthropic production and life. Based on
the talent database about Zhejiang University of Finance &
Economics, this article tries to find useful knowledge to
explore the regularity of wuniversity human resources
development and management using association rule analysis
in R Language. It will not only provide more accurate basis
for the subsequent talents introduction to find the real talents
from a large number of candidates, but also provide support
for the establishment of wuniversity human resources
management policy.

The remainder of this article is organized as follows. In
section 2, some related work is reviewed. What introduced in
section 3 is the data preprocessing and association rule
mining. The results and analysis of association rule mining
are showed in section 4. And the conclusion and future works
are showed in the last section.

2. Related Work

As is known to all, data mining technology is a relatively
advanced research direction in the world. It has a leading
position in databases, data warehouses and information
decision fields. Among the well-known IT technologies, data
mining technology has a great impact on human life and its
application in many fields has made remarkable
achievements. The ultimate goal of data mining application is
to find wvaluable information, which mainly includes
association analysis, classification and prediction, clustering
analysis and so on. Altaf et al. [2] argued that association rule
mining is an effective data mining technique which has been
used widely in health informatics research since it was
introduced. The concept of association rule mining was first
proposed by Agrawal et al. [3]. Its general form is A=> B (s,
¢), s and ¢ are two important indicators of rule measurement,
the former is called support and the latter is the confidence.
The Apriori algorithm is one of the most popular algorithms
for association rule mining, which has been applied in many
areas. This study refers to relevant studies as researching this
issue below and its review here is relatively brief. Through
critical analysis of applications of association rule mining
literature about health informatics, Altaf et al. [2] explored
that the Apriori algorithm is still a widely used frequent
itemset generation technique for application of association
rule mining for health informatics. Chalmers et al. [4] used
Apriori algorithm to find the association rules between
preseason scores and injuries of football players. Tripathi et
al. [5] introduced a new architecture for web fraud detection
using Apriori algorithm for association rule mining and phish
box database in web advertising network. To improve the
service ability of the library, Zhang [6] used Apriori
algorithm in library personalized service field. Lakshmi and
Vadivu [7] suggested a novel approach to pick up association
rules from medical records by choosing the best association
rule mining algorithm using multiple-criteria decision
analysis.

New technologies should serve for education optimization.

In recent years, data mining technology has been applied to
university research, but the basic problems involved are
varied. Zhang et al. [8] employed rule mining methods to
excavate the relationship among all kinds of curriculums, and
aimed to realize the goal of reasonable -curriculum
arrangement and improve the quality of education. Romero et
al. [9] used a variety of data mining methods to improve the
prediction of students' final performance. Asif et al. [10] used
data mining technology to study the performance of
undergraduate students in order to enhance the management
level of the school and the quality of the educational
processes. Zhu [11] used different data mining approaches to
build models to predict the engineering students' performance.
Zhang et al. [12] used various data mining methods to dig up
the information of educational management system, in
particular, the Gradient Boost Decision Tree model performs
outstanding in predicting the grades of graduation thesis from
university course grades. Sael et al. [13] proposed a new
approach to help in learning evaluation by applying
clustering and association rule mining techniques to analyze
learners' behaviors.

Among them, data mining technology is also applied to
human resources management in universities. Liu et al. [14]
analyzed the data mining technology and processes applying
on college human resources management, which is the
closest to this research. Based on an actual dataset of college
human resources, they used association rule analysis to show
the relationship among teaching, research and social practices.
Sael et al. [13] adopted the feature selection process and
multilevel clustering to confirm the importance of these new
data preprocessing methods. This literature you are reading
benefited from the above approach since it attempt to find
possible relationships between the different parts of the
relevant content.

Have to admit it, however, this research cannot perfectly
solve all problems, and the deficiencies will be showed in the
section of conclusion. The justification for contributing to
this literature is that it will provide a constructive guiding
significance for the introduction of talents in Zhejiang
University of Finance & Economics.

3. Data Preprocessing and Association
Rule Mining

This section is aim to explore the attributes that
universities should consider when introducing talents. The
original data used in this case contains information of 245
teachers who were introduced by Zhejiang University of
Finance & Economics from 2011 to 2017, including their
numbers of papers published and their situation of getting the
National Foundation of China (NFC) in 3 years.

3.1. Data Preprocessing and Discretization

In order to protect the personal information of teachers, it
is essential to conduct a desensitization treatment. Then the
schools were transformed into C9, 985 (excluding C9), 211
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(excluding C9 and 985) and ordinary university to improve
the accuracy of mining association rules. According to the
index system of academic scholarship selection of Zhejiang
University of Finance & Economics, it is suitable to make a
score of 8: 2 for the first author or corresponding author (note
the first author and correspondent are treated as such), and
the second author, and the ratio of scientific research ability
and comprehensive ability to national, provincial and
university grade is 5: 3: 2 to calculate the score; and the total
scores of the published papers of SCI, SSCI, EI, IC, 1A, 1B,
2A, 2B are used to measure the writing ability of the
introduced talents. Then in order to make the data conform to
the data type of association rule mining in R Language, the
hierarchical clustering method was used to discretize the
continuity values. The clustering results of some important
variables are shown in Table 1.

Table 1. The clustering results of some important variables.

Attributes Discretization results

SCI. score 0; (0, 2.4]; (2.4, +)

SSCI. score 0; (0, 17; (1, +0)

EL score 0; (0, 2.4]; (2.4, +)

IC. score 0; (0, 0.8]; (0.8, 2.4]; (2.4, +o0)
1A. score 0; 0.2; [0.8, +o0)

1B. score 0; (0, 2.8]; (2.8, +)

2A. score 0; (0, 1.4]; (1.4, 2.6]; (2.6, +o0)
2B. score 0; (0, 1]; (1, 4]; (4, +0)

Score 0; (0, 52.8); (52.8, +o0)

Scientific Research Award Score 0; (0, 0.6]; (0.6, +o0)
Comprehensive Award Score 0; (0, 0.7]; (0.7, 1.6]; (1.6, +o0)
Age [28, 32]; [33, 40]; [41, 44]; [49, 53]

After data preprocessing and discretization, it is easy to
obtain the data containing 245 teachers' information and 29
attributes, including the situation of getting the NFC in 3
years and their paper scores.

3.2. Association Rule Mining

In this part, this paper uses the association rule analysis to
further excavate the clustering results. By using the Apriori
breadth-first algorithm based on the two-phase frequency-set
theory, this part uses the frequent itemsets’ nonmonotonicity
to search the entire data source from the bottom to the top
and iteratively retrieves all frequent itemsets of the
transaction database, and then uses the frequent itemsets to

construct the association rules that meet the preset conditions.

The association rule has the form of A => B, where A € 1,
B € L, A N B=0, and I is the set of items. The support
and confidence are two key parameters for association rule
mining. The support of the association rule A => B is the
probability that both A and B occur in all observations. Thus,
the support of the association rule A => B is equal to the
support of the association rule B => A. The confidence of
association rule A => B is the probability that both A and B
occur in the observations that contain the item A. The
mathematic equations of support and confidence in
association rule mining are showed in equation (1) and
equation (2), respectively [15]. In this article, item A is a
collection of various teachers’ attributes, in particular the

scores published for various types of papers, item B for the
NFC of 3 years, and the ability to publish papers.

Support(A => B) = P(A N B) (1)
Confidence(A => B) = P(B | A) 2)

Based on the introduction of support and confidence above,
it is noticeable that there is no point in finding rules of support
or confidence that are too small because of the high
probability of misjudgment. After a series of tests, this paper
sets the support and confidence to 0.04 and 0.5 respectively
when the consequence is Receive the NFC in 3 years, and to
0.02 and 0.3 when the consequence is Score. In addition, lift is
another indicator of association rules that is calculated in
Equation (3) [15]. According to equation (3), when the lift of
association rule A => B is equal to 1, there is no correlation
between A and B. Therefore, the subset that the degree of lift is
greater than one from the rule is suitable. Finally, after
considering these three indicators, it is preciseness to select
the appropriate rules.

Lift(A = B) = P(B | A) / P(B). 3)

Then, there is a map of item frequency (relative) to
understand the basic situation of teachers of Zhejiang
University of Finance & Economics. From Figure 1 which
shows the top 10 frequent items, you can see that there are
nearly half of female teachers, and over 70 percent of teachers
don't have the experience of overseas study. These phenomena
have so strong similarities with other universities in China that
the database used in this article is universal.
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Figure 1. The top 10 most frequent 1-itemsets.

4. Result and Analysis

In the process of considering the introduction of talents, it is
emphatically considered what qualities can prompt them to get
the NFC more likely in 3 years, and what qualities can make the
paper score higher. This study respectively, therefore, uses
Receive the NFC in 3 years and Score as consequents in R
Language, draw two scatterplots in Figure 2 and Figure 3. The
X-axis shows the support and the Y-axis shows the confidence.
Each point represents an association rule and different colors
represent different degrees of lift. Generally speaking, when the
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lift is high, the support is low. Because unique qualities often
influence things to a greater extent, while ordinary qualities do
not have such charm. Specifically, as shown in Figure 2, when
lifts of the association rules are bigger than 1.6, their supports are
around 0.1, probably because only some talents have distinctive
qualities that are vital for access to the NFC in 3 years. There are
also some points with high degree of lift between 1 and 1.5 have
high support, probably because the qualities that most talents
have cannot largely determine whether these talents will be able

58

to obtain the NFC in 3 years. According to the distribution of the
rules in Figure 2, for Receive the NFC in 3 years, this paper sets
the following support as 0.04 and the confidence as 0.5. As
shown in Figure 3, when lifts of the association rules are bigger
than 4.5, their supports are around 0.05. The obvious difference
indicates that only rare qualities can determine whether more or
less outstanding papers can be published or not. According to the
distribution of the rules in Figure 3, for Score, the following
support will be set as 0.02 and the confidence will be set as 0.3.
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Figure 2. Rules of talents being awarded the NFC in 3 years.
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Figure 3. Rules of Score.

Figure 4 and Figure 5 are graphs of association rules about
Receive the NFC in 3 years and Score. Each of these circles
represents a rule. The color of the circle represents the lift of
the rule, and the deeper it is, the higher the lift. The size of the
circle indicates the support, and the larger the circle, the higher
the support. Because there are tens of thousands of rules for
each consequence, it is inevitable to choose the first few rules
that with high support. As shown in Figure 4, the rules of
receiving the NFC in 3 years have less support and higher lift
than not receiving the NFC in 3 years. This phenomenon may

be due to the difficulty of receiving the NFC, which only a few
people can achieve. In terms of access to the NFC, those with
comprehensive award score below 0.7 and a faculty title of
associate professor have more opportunities than those with
comprehensive award score above 0.7, possibly because
associate professors have more pressure on their subjects, and
they are more motivated to study the subjects. As shown in
Figure 5, the majority of candidates applying for jobs scored
more than 0, less than 52.8. There are few people whose Score
is 0 or more than 52.8. This indicates that only a few have
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excellent writing skills or weak writing skills. Paper score of
talents whose educational background is engineering is higher
than whose educational background is economics and
management, this may be because talents who study

Graph for rules

engineering have higher modeling skills or talents who study
economics or management have more difficulties in
publishing papers in direction of economics and management
in recent years.
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The rules of the characteristics of the talents quality and the
probability of obtaining the NFC or paper score are shown in
Table 2 and 3. For example, two rules in Table 2 point out that
among those whose paper score are 0-52.8, those who work in
the school of information are more likely to obtain the NFC in
3 years than those who work in the school of foreign
languages. This rule suggested that research on information
technology is more likely to receive the NFC than those on
language. Another rule states that people with professional

skills level below 8 but who have published a large number of
papers are more likely to receive the NFC. It can be explained
by the fact that for the research, high paper writing ability is
more important than professional skills level. The few rules in
Table 3 show that for high writing ability, as long as a talented
person has a Ph.D. education background in engineering, the
type of undergraduate school and the experience of foreign
joint training are not important.

Table 2. The partial results of the association rules of talents being awarded the NFC in 3 years.

Rules Support Confidence  Lift
{Score=(0, 52.8], Department=The School of Information} => {Receive the NFC in 3 years=Yes} 0.0405 1 2.96
{Score=(52.8, +), Professional Skill Level=[4, 7]} => {Receive the NFC in 3 years=Yes} 0.0473 0.7 2.072
{Type of Doctoral School=C9, Age=[28, 32]} => {Receive the NFC in 3 years=Yes} 0.0405 0.6667 1.9733
{Age=[33, 40], Professional Skill Level=[4, 7]} => {Receive the NFC in 3 years=Yes} 0.1149 0.6296 1.8637
{Type of Doctoral School=C9, Professional Skill Level=[4, 7]} => {Receive the NFC in 3 years=Yes} 0.0946 0.6087 1.8017
{Score=(0, 52.8], Department=School of Foreign Languages} => {Receive the NFC in 3 years=No} 0.0405 1 1.5102
{Age=[41, 44], Teacher's Title=Lecturer} => {Receive the NFC in 3 years=No} 0.0608 1 1.5102
{Type of Undergraduate School=211, Professional Skill Level=[8, 10]} => {Receive the NFC in 3 years=No} 0.1216 1 1.5102
{IC.score=(0, 0.8], Score=(0, 52.8]} => {Receive the NFC in 3 years=Yes} 0.0405 0.5 1.48
Table 3. The partial results of the association rules of Score.
Rules Support Confidence  Lift
{Type of Undergraduate School=Ordinary, Ph.D. Major=Engineering, Gender=M} => {Score=(52.8, +o0)} 0.0245 0.75 6.8056
{Years of Teaching before Entering ZUFE=[1, 5], Gender=M, Teacher's Title=Professor} => {Score=(52.8, +0)} 0.0245 0.5455 4.9495
{Type of Undergraduate School=Ordinary, Ph.D. Major=Engineering, Foreign Joint Training School=None} => 0.0286 0.5385 4.886
{Score=(52.8, +0)}
nggfeif(‘) I})octoral School=Ordinary, Scientific Research Award Score=0, Professional Skill Level=[8, 10]} => 00327 03478 44851
{Type of Doctoral School=Ordinary, Years of Researching before Entering ZUFE=0, Teacher's Title=Lecturer} 0.0327 032 41263
=> {Score=0}
{Undergraduate Major=Engineering, PhD Major=Engineering} => {Score=(52.8, +0)} 0.0327 0.4211 3.8207
{Ph.D. Major=Engineering} => {Score=(52.8, +0)} 0.0449 0.44 3.9926
{Months of PhD. Overseas Study=0, Scientific Research Award Score=(0, 0.6], Gender=F} => {Score=(0, 52.8]}  0.0735 1 1.2312
{Type of Doctoral School=985, Foreign Joint Training School=None, Years of Enterprise Work=0} => 0.1633 0.976 12011

{Score=(0, 52.8]}

5. Conclusion

The aims of this article of association rule analysis are to
study what kind of quality helps talents obtain the NFC in 3
years, and what kind of characteristics will affect their level of
published papers, so as to provide suggestions for future
talents introduction and recruit more excellent talents. It uses
the effective information of 245 teachers recruited from
Zhejiang University of Finance & Economics since 2011 to
explore and model the association rules. After preprocessing
the raw information data by clustering and using Apriori
algorithm, what comes out is a set of rules for the paper score
and the situation of receiving the NFC in 3 years. Finally,
according to Table 2 and Table 3, in part, talents who work in
the school of information, obtain high teacher’s title, have
published some paper in the journal are more likely to receive
the NFC in 3 years. In addition, a graduate has a Ph.D.
education background is more capable of writing papers.

Based on association rules, this paper analyzes the talents
introduction of the Zhejiang University of Finance &
Economics, and gets some rules that have a great reference to
the introduction of talents. There is no doubt that these rules

will play an important role in the future introduction of talents.
Moreover, in this article, what is recognized is that data
mining technology plays an extremely important role in the
introduction of talents. If the data mining technology was
applied to the introduction of talents and even more areas, it
will greatly promote anthropic production and life.

6. Further Work

The previous section shows the results of data mining and
you can see a lot of interesting conclusions. However, there
are still some deficiencies in this paper. For example, this
paper uses hierarchical clustering method to perform data
preprocessing. The certain subjectivity may affect the
clustering result, and the weight of different levels of different
journals lacks a more unified standard, which may affect the
final results. In addition, since there are tens of thousands of
rules for the mining, only some typical rules were analyzed. It
would be interesting, of course, to continue to study these
issues. After mining the association rules, it is worthwhile to
envisage the clustering analysis of these rules, and then obtain
more scientific and efficient conclusions.
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