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­e postmanagement of an enterprise is to rationally and scienti�cally arrange the talents who meet the postrequirements and are
suitable for the development of the enterprise in their suitable posts through testing, selection, and employment. ­e job re-
cruitment information published on the recruitment website is the data that best re�ects the market demand for data analysis
talents. However, as online recruitment information is mostly presented in the form of text, this paper explores the information
contained in the recruitment information through text mining technology, which has reference value for data analysis job seekers.
Based on text mining andmulticriteria decision-making, this paper studies job matching.­e technical jobs under text mining are
mainly distributed in the Internet industry, and the number of recruits accounts for 66.45%. Other industries have less demand for
technical data analysis, all of which are below 15%. However, the market of business data analysis is scattered and extensive, and
education still occupies the largest demand provider, accounting for 30.53%. However, real estate and media are closely followed,
accounting for 24.28% and 22.34%, respectively. Besides these three industries, compared with technical talents, service industries
will also need business data analysis talents more. In the stage of data collection, through the data analysis of the recruitment
website, the job recruitment information is crawled, as well as other job information such as job salary, job quali�cations, work
experience requirements, and the number of recruits. ­is paper carries out the data collection stage and crawls the job re-
cruitment information through the data analysis of the recruitment website. And, other position information, such as position
salary, position quali�cation, and work experience requirements, as well as the number of recruits. ­e research of this paper can
help the data released by the recruitment website to analyze the recruitment information and quickly re�ect the market demand
data for data analysis talents.

1. Introduction

­e core of human resource management is the so-called
job-matching. ­e human resource management strategy
based on job-matching adopted by enterprises can realize
the e�ective human resource management of enterprises to a
certain extent. ­e traditional person position matching
theory focuses on selecting the right person for a speci�c job,
which has some defects. ­e postmanagement of the en-
terprise is to reasonably and scienti�cally arrange the talents
who meet the postrequirements and are suitable for the
development of the enterprise on their suitable posts

through testing, selection, and employment and carry out a
series of management activities such as training, perfor-
mance appraisal, salary feedback, and position adjustment,
so as to realize the comprehensive management of the
employees where the post is located [1, 2]. Person organi-
zationmatching emphasizes thematching, mutual in�uence,
and interdependence between employee characteristics and
organizational characteristics, which is conducive to im-
proving employee loyalty and organizational e�ciency [3].
Enterprises should innovate the traditional mode of
matching between people and positions, realize that the
internal positions of enterprises are more inclined to the
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matching between people and organizations, and maximize
the effectiveness of enterprise human resource management.
Organically combine the characteristics of the post with the
characteristics of the individual to achieve the ideal effect of
human resources management [4]. It includes four aspects:
(a) each job has special requirements. (b) If an individual
wants to be competent for a job, he must have certain
knowledge, skills, and talents. (c) How to match the job
characteristics with personal characteristics has a problem of
suitability. (d) For everyone, job-matching means some kind
of result.

With the improvement of enterprise’s awareness of
human resource management, the matching between people
and posts has gradually become a new topic in the research
of enterprise management. +rough the matching between
people and posts, the quality of enterprise’s postmanage-
ment can be comprehensively improved, and the smooth
development of enterprise’s management can be ensured.
+is is of great help to the improvement of enterprise’s
market competitiveness and the implementation of enter-
prise’s strategic objectives. +is is analyzed in depth below
[5, 6]. +e recruitment information of data analysis posts
published on the recruitment website is the data that can best
reflect the market demand for data analysis talents. How-
ever, as the online recruitment information is mostly dis-
played in the form of text, it is difficult for job seekers to
search for the key information they want in the massive job
information. +erefore, this paper explores the information
contained in the recruitment information through text
mining technology, which has reference value for data
analysis job seekers [7]. Text mining technology involves
many disciplines, including data mining, natural language
processing, mathematical statistics, and visualization tech-
nology. Specifically, it refers to the process of using related
technologies to discover and extract implicit knowledge
from text data and form understandable information for
users. It usually includes three stages: text preprocessing, text
mining, and quality evaluation [8]. As an important carrier
of information transmission in human society, the text
shows a high degree of unstructured and discontinuous
internal data relations. Each document takes words as the
basic unit, and complex phrases and sentences are formed by
the combination of words, thus forming the whole docu-
ment. Not only are there ever-changing syntactic levels, but
there are also many variants and synonyms, near meanings,
ambiguities, and other relationships in words themselves
[9, 10]. It is a necessary process of text mining to standardize
and desensitize the original text data, and only keep the data
useful for subsequent research.

Costa et al. discuss teacher evaluation from a compre-
hensive perspective of innovation. Based on the concept and
method of multicriteria value measurement, it proposes a
new teacher evaluation model.+emodel involves the whole
academic activities and can be applied in different scientific
fields and across different scientific fields. At the same time,
respect its particularity [11]. Combined with the actual
background of scientific research personnel performance
evaluation, this paper establishes a performance evaluation
index system. +e performance of scientific researchers is

comprehensively evaluated by the combination of qualita-
tive evaluation and quantitative evaluation. At the same
time, the key information in the text is often hidden in many
noisy data. Removing noise from text data is also the key to
determine the quality of modeling results. In the data col-
lection stage, by crawling the recruitment information of the
data analysis post of the recruitment website, we can not
only get the demand description text of each data analysis
post. You can also get the location, industry, company size
and attributes of the position corresponding to the enter-
prise that published the recruitment information, as well as
other information about the position. Such as postsalary,
posteducation, work experience requirements, and number
of recruits. [12].

+e research innovation of this paper is that it can help
the data published by the recruitment website to analyze the
recruitment information. Quickly reflect the market demand
for data analysis talents. A multicriteria decision analysis
model is used to comprehensively evaluate the performance
of scientific researchers by combining qualitative evaluation
and quantitative evaluation. +is model can accurately get
the performance evaluation value of researchers and then get
the performance classification grade of researchers in the
evaluation cycle according to the performance evaluation
interval of researchers. Compared with the method of
converting comments into scores, the algorithm of directly
using performance comments for recommendation can
make full use of the hidden information in comments.
Describe users’ multicriteria preferences and generate more
satisfactory recommendation results.

2. Related Work

2.1. Research Status. In recent years, various comment
based recommendation systems have emerged in academia.
+ey transform the text comments given by users into
valuable information for the recommendation process.
According to the processing methods of user comments,
these comment based recommendation algorithms can be
divided into two categories: transformation scoring method
and semantic vector method. At present, the technical entry
threshold of data analysis posts is high. Moreover, the
position of data analysis is not like that of business mar-
keting. +ese posts need to be constantly recruited with
fresh blood. For data analysis positions, employers are
more inclined to recruit data analysis veterans with busi-
ness experience or novices with better technology. And, the
number of recruitment for data analysis posts is not large.
Bryson et al. proposed that according to the different
qualities and characteristics of individuals, the personnel
should be arranged in the most suitable posts and the most
suitable candidates should be selected for the posts, so as to
“make the best use of people and things.” +ere are two
meanings: first, the postneeds its talents, that is, the
postneeds employees with a certain quality and ability;
second, people are suitable for their posts, that is, em-
ployees can be fully qualified for the post [13]. Mukherjee
et al. proposed to explain the scope of responsibility of
postwork and its position in the organization so that
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employees can understand the main contents of work and
carry out work within the scope of postresponsibility, so as
to ensure the orderly work of each post [14]. Santis et al.
proposed that scientific and effective rational use of talents
is the key to human resource management.+e key point of
its core is that the characteristics of employees are con-
sistent with the responsibility characteristics of the post, the
needs of employees and the incentive behavior of em-
ployees are consistent with the remuneration provided by
the post and grasp the mutual integration and matching of
personal characteristics and enterprise organizational
characteristics [15]. Lozej proposed that in order to enable
employees to quickly enter the end of the post, systematic
training on the skills and related knowledge used in the
postwork is also required during the training, so as to
deepen employees’ understanding and mastery of work
skills and knowledge and improve their work ability [16].
Florez puts forward that with the change of the external
environment, the matching degree of the post will also
change. If the enterprise does not adjust the postdesign with
the development of society, the ability of employees far
exceeds the requirements of the original post, and their
career expectations far exceed the satisfaction brought by
work. +erefore, employees may choose to change jobs
[17]. Zhang et al. put forward that job matching is based on
enterprise strategy, employee quality, enterprise environ-
ment, enterprise scale, technical content, enterprise de-
velopment, and other factors and realizes job selection
through a series of process control and supervision of job
analysis, design, configuration, training, planning, evalu-
ation, incentive and restraint, adjustment, and so on [18].
Ren et al. put forward that enterprises and individuals are a
whole and have common interests. What enterprises
provide is a career platform. If employees are suitable for
any position, they will try their best to arrange them in
suitable positions, which will be of great benefit to personal
career development. For enterprises to maximize the role of
talents, enterprises will also get corresponding returns, so
as to achieve a real win-win situation [19]. Naz et al. put
forward that if employees do not make progress, make
steady progress and fail to meet the new requirements of
their posts, they will be eliminated by enterprises; Em-
ployees’ own efforts will also affect the change of job
matching. If employees perform very well in their posts,
then enterprises are likely to adjust their higher positions
[20]. Yager et al. put forward that the matching between
people and organizations emphasizes the matching, mutual
influence, and interdependence between the characteristics
of employees and the characteristics of organizations,
which is conducive to enhancing the loyalty of employees
and improving the efficiency of organizations. Enterprises
should innovate the traditional mode of matching people
with posts, realize that posts within enterprises are more
inclined to match people with organizations, and maximize
the effectiveness of enterprise human resources manage-
ment [21]. Jd et al. put forward that every job post has its
corresponding job requirement specification, and only
qualified personnel are qualified to enter this post. After
entering the post, employees will receive a series of

postmanagement processes such as training, performance
appraisal, and career planning, so as to contribute their own
strength to the post and create benefits for the enterprise
[22].

2.2.ResearchStatus of Job-MatchingBasedonTextMiningand
Multicriteria Decision-Making. Text mining is a new re-
search field in recent years. Mainly from a large number of
unstructured text information to find potential possible data
patterns, internal relations, laws, development trends, etc.
+e process of extracting effective, novel, useful, under-
standable, and valuable knowledge scattered in text files and
using this knowledge to better organize information. Text
mining has a wide range of research fields, mainly involving
natural language processing, machine learning, data mining,
information retrieval, and many other contents. Researchers
in different fields have different application purposes for text
mining. +is paper takes the web of science database as the
data source. At present, data is basically stored in the form of
structured data, while text mining deals with unstructured
data mainly recorded in natural language. Both data mining
and text mining are the process of discovering potentially
useful association rules and development trends in large data
sets. Only the processing objects are different, text mining is
still applicable to data mining related technologies and
methods after data preprocessing.+erefore, text mining can
be seen as the combination of data mining and text infor-
mation processing. It can be considered that text mining is
the expansion of data mining to support more free data
formats, and it is the breakthrough and innovation of data
mining.

In view of this, this paper combs a large number of
relevant literature and studies job-matching based on text
mining and multicriteria decision-making. +is paper uses
natural language processing, text mining technology, and
multicriteria decision-making to analyze the recruitment
information of data posts and mine the core requirements of
data posts. Data mining engineers need to conduct in-depth
analysis and insight into user advertising behavior through
massive data. Refine and discover business rules, guide the
construction of recommended model features, locate
product related data problems and analyze and optimize
them. In the collection and preprocessing stage of data
analysis job recruitment information, this paper selects the
nationwide data in Internet recruitment to analyze the job
recruitment data and divides the data into two parts for
processing. One part is the text information of job re-
quirements, and the other part is other short text infor-
mation of the job, such as company attribute, workplace,
industry, salary, education, and work experience. +e en-
terprise itself is a whole, and various positions of the en-
terprise are in the whole enterprise. +erefore, in practice, in
order to ensure the cohesion of the whole enterprise, the
position setting should be consistent with the overall or-
ganizational design of the enterprise. +ere are many re-
search studies on post-talent demand. With the
development of information technology, text mining tech-
nology is gradually mature, which makes the information
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acquisition and mining of postdemand free from the time-
consuming and labor-consuming of manual collection and
labeling. +e postdemand analysis is automated through
network information crawling and text mining technology,
which makes the research on post-talent demand develop
greatly.

3. Algorithm and Model of Text Mining and
Multicriteria Decision Making

In this era, a large amount of information on the Internet is
presented in the form of web pages, and the content of web
pages is mostly expressed in text. +e traditional information
retrieval technology has been difficult to adapt to massive text
data processing. How to efficiently extract data that meets the
needs from large-scale text resources involves text mining. Big
data in reality is often expressed as unstructured, overlapping,
and dynamically changing text data. By combining large-scale
text data without domain constraints with a knowledge base
with domain constraints. We can give full play to the ad-
vantages of large-scale text data to deal with the problem of
transforming unstructured data into structured data. Assign a
numerical weight to each word in the document space to
indicate the role of each word in describing a document di.
+e weight of words in a document di can be regarded as the
coordinates of di in the document space. Here, the document
di is regarded as a point in the document space, and then di
can be regarded as a vector from the origin of the document
space to the point determined by di. For example, we can
directly extract the product features mentioned most fre-
quently by users in reviews and then use them as classification
criteria after screening and summarizing. +is method has
universal expansibility and can be applied to various sce-
narios, but whether the criteria are reasonable or not needs
manual verification. Its main idea is to input one text in turn
to judge the matching degree between the current text and the
existing cluster, that is, to calculate the similarity between the
current text and the cluster center. If the current text matches
an existing cluster, the current text will be classified into the
cluster, otherwise, a new cluster will be created. Take the text
mining clustering of postrequirements in the following figure
as an example to explain the algorithm principle of text
mining. +e flow chart of the text mining algorithm is shown
in Figure 1.

Measuring the effect of the text mining algorithm is
mainly to verify whether the result of the model is consistent
with the category of the original text. Since the category of
each text data of the text is unknown, the effect can be
verified by manually labeling the category label of each text
or selecting according to the topic category when taking the
text data. Firstly, we manually split part of the comment data
into small sentences according to punctuation and then
judge whether the sentence has a clear criterion description
tendency according to semantics. Finally, we divide the
human into the comment subsets of different criteria and
give them corresponding criterion labels, so as to obtain the
training set of a classification model. Firstly, the perfor-
mance evaluation index system is constructed, and then the
quantitative and qualitative calculation of performance is

carried out, the weight of the evaluation index, performance
benchmark, and performance upper limit are determined.
On this basis, the performance value of the evaluation object
can be calculated according to the given formula, and then
the performance evaluation result of the evaluation object
can be obtained according to the determined performance
classification interval. +e schematic diagram of multi-
criteria decision analysis model is shown in Figure 2.

After the initial fuzzy decisionmatrix X(k) is normalized,
the decision matrix obtained is called the normalized fuzzy
decision matrix R(k)

R
(k)

�

x11k · · · x1nk

⋮ ⋱ ⋮

xm1k · · · xmnk

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, k � 1, 2, · · · i. (1)

Normalized decision fuzzy numbers have the following
characteristics.

(1) Decision fuzzy number is a dimensionless index
(2) +e decision fuzzy numbers are positive and have:

rij ∈ [0, 1]

(3) Decision fuzzy numbers are benefit indicators, that
is, for decisionmakers, the larger the value, the better

To determine the weight vector of attributes, this process
is divided into two steps.

+e first step is the group integration of the scheme.
In order to obtain group opinions, you can use

rij � 􏽘
L

k�1
υk rijk􏼐 􏼑. (2)

+e individual language fuzzy decision matrix R(K) �

(rijk)m×n(k � 1, 2, ..., L) is integrated into the group language
fuzzy decision matrix R � (rij)m×n.

Based on the group language fuzzy decision matrix
R � (rij)m×n, the comprehensive attribute value of schemeAi

can be expressed as follows:

Zi(w) � 􏽘
n

j�1
wjrij. (3)

+e second step is to determine the weight vector of the
attribute.

If the weight information of the attribute is completely
known, the schemes can be sorted according to the attribute
value Zi(w)(i � 2, 2, ..., m). +e attribute weight informa-
tion considered in this model is a completely unknown
decision-making problem, and the attribute weight needs to
be determined in advance.

Let 􏽥M � (a1, b1, c1), 􏽥N � (a2, b2, c2) any two triangular
fuzzy numbers, then

d( 􏽥M, 􏽥N) �

�������������������������������
1
3

a1 − a2( 􏼁
2

+ b1 − b2( 􏼁
2

+ c1 + c2( 􏼁
2

􏽨 􏽩

􏽲

. (4)

Is the distance between 􏽥M and 􏽥N. In particular, when
a1 � b1 � c1 and a2 � b2 � c2, 􏽥M and 􏽥N degenerate into two
real numbers, there is
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d( 􏽥M, 􏽥N) �

������������������������������
1
3

a1 − a2( 􏼁
2

+ a1 − a2( 􏼁
2

􏽨 􏽩 � a1 − a2
􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌

􏽲

. (5)

Based on the above theory, under attribute Cj, the de-
viation measure between scheme Ak and all other schemes is

dkj(w) � 􏽘
m

i�1
d rij, rkj􏼐 􏼑wj, i � 1, 2, . . . m; j � 1, 2, . . . n. (6)

+en, for the j attribute Cj, the total deviation between
all decision schemes and other decision schemes is

dj(w) � 􏽘
m

k�1
dkj(w) � 􏽘

m

k�1
􏽘

m

i�1
d rij, rkj􏼐 􏼑wj. (7)

So as to construct the deviation function

d(w) � 􏽘
n

j�1
􏽘

m

k�1
􏽘

m

i�1
d rij, rkj􏼐 􏼑wj. (8)

Obviously, a reasonable weight vector
ω � (ω1,ω2, ...,ωn)T should make the deviation d(w) as

Post matching
index system

Determine post index weight

Determine position matching

Determine text benchmark and
text upper limit

Calculate position matching

Position classification interval

Position matching

Post evaluation
results

Figure 2: Schematic diagram of multi-criteria decision analysis model.

Start

Enter positions in
order

Create a new
cluster

Is the cluster
list empty?

Similarity between
position requirement text

and each cluster center

Similarity
measure

The text is classified into a
cluster with the greatest

similarity and the center of the
cluster is updated

Create a new
cluster

Category of each
text data

Figure 1: Flow chart of text mining algorithm.
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large as possible. +erefore, the following objective opti-
mization models can be established.

ω � ω1,ω2, ...,ωn( 􏼁
T
,

Max d(w) � 􏽘
n

j�1
􏽘

m

k�1
􏽘

m

i�1
d rij, rkj􏼐 􏼑wj.

(9)

To solve the model, the following Lagrange functions can
be constructed.Here, λ is Lagrange parameter.

Find the partial derivative of Lagrange function with
respect to ωj(j � 1, 2, ...n) and λ, and set zL(w, λ)/zwj �

0(j � 1, 2, ...n) and. zL(w, λ)/zλ
Namely,

zL(w, λ)

zwj

� 􏽘
m

k�1
􏽘

m

i�1
d rij, rkj􏼐 􏼑 + λωj � 0,

zL(w, λ)

zλ
�
1
2

􏽘

n

j�1
ω2

j − 1⎛⎝ ⎞⎠ � 0.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(10)

In fact, if a person thinks that one criterion is more
important than other criteria when making a choice, he will
often use stronger emotional words to express his satis-
faction or dissatisfaction with this criterion after he has
experienced the project. +is situation means that when
faced with a more valued criterion, people will usually judge
whether the criterion meets their expectations by more strict
standards, so it will be quite different from the average
expectations of other users. Because there are not only di-
mensional differences between attribute indicators but also
different scales, these differences will bring incommensu-
rability, such as the most common attribute types, effective
benefit attribute, and cost attribute. A benefit attribute refers
to the attribute that the larger the attribute value is, the
better. Cost attribute refers to the attribute that the smaller
the attribute value is, the better.

4. Realization of Job-Matching

4.1. Overall Postsetting and Staffing. In the process of op-
eration, the company adheres to the matching between
personnel and posts and selects excellent talents for the
company according to certain postrequirements under the
mechanism of fair competition. Add fresh blood to the
company’s personnel team, fully mobilize the enthusiasm of
personnel, give full play to the potential of talents, and better
serve the development of the company. +e human re-
sources supervisor needs to have a certain basic ability to
identify excellent talents, give full play to the enthusiasm of
talents as much as possible according to the corresponding
posts and personal judgment, widely collect opinions from
all aspects when selecting talents, deeply understand the
advantages and disadvantages of talents, make scientific and
effective use of talents, fully understand talents as much as
possible, select suitable talents according to specific posts,
and give full play to the role of talents, and effectively serve
the development of the company. When setting up posts,
enterprises generally need to fully understand the text

mining and multicriteria decision-making posts that need to
be set up, and fully understand responsibility requirements.
+ey cannot set up posts simply because of events. After a
comprehensive understanding of the postneeds, we should
select talents scientifically and reasonably to maintain the
scientific matching between personnel and posts. +e post
and employee quality of the enterprise are not invariable.
With the change of social situation, the postdemand will
change. With the enhancement or degradation of personnel
quality, the postunder text mining will also be adjusted.
+erefore, the enterprise needs to pay timely attention to the
person job-matching and adjust the postsetting and per-
sonnel allocation in time, so as to ensure that the right
person in the enterprise is in the right job. If we adopt the
method of multicriteria decision-making and one post for
life, it will hinder the development of the enterprise and
reduce the work enthusiasm of employees. +erefore, we
must make the person job-matching in a circular state.

4.2. Experimental Results and Analysis. +is experiment
takes the position of human resource manager in AS
company as an example and calculates the matching degree
of people and posts before adjustment. Single channel text
clustering effect evaluation is to add category labels to each
data through manual annotation and other methods and
then use purity to evaluate clustering. +e K-means clus-
tering model is combined with the visual clustering model to
obtain the best image clustering results. First, select the most
important job requirements in the job description and give
them weights according to the importance of each job re-
quirement. +e sum of the weights of each ability is 1. +en,
all kinds of abilities of employees’ quality are scored, with the
range of 0–100 integers.+e grades are divided into excellent
90–100, good 75–90, fair 55–75, poor 40–55, and poor 0–40.
Calculate the average score scored by someone and fill it in
the scoring column. Finally, calculate the product of each
ability’s weight and score and add it.+e details are shown in
Table 1. Whether the requirements of the position given by
the enterprise match the abilities of the employees them-
selves. Often, employees’ own ability determines their
suitability for the post. +e post requires employees to have
the strong organizational ability, communication ability,
talent training ability, and adaptability.

Select some of the most important factors in em-
ployees’ career expectations and give them weights
according to the importance of each factor. +e sum of the
weights of each ability is 1. +en, employees rate their job
satisfaction, ranging from 0 to 100, and the grades are
divided into excellent 90–100, good 75–90, fair 55–75,
poor 40–55, and poor 0–40. Calculate the average score
scored by others and fill it in the scoring column. Finally,
the product of the weight of each occupation expectation
and the score is calculated and added. +e details are
shown in Table 2.

Person-job-matching degree of other positions is cal-
culated according to the above process. 1. Take the average
for the situation of more than one post; 2. Because there are
110 specific positions of workers in 10 workshops of the
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production planning department, the number is too large, a
random survey method is adopted, and 6 people are selected
from each workshop for investigation and calculation. Fi-
nally, the matching scores of people and posts before and
after all positions adjustment in AS Company are obtained,
as shown in Tables 3–6.

According to the literature review, it is found that the
effect evaluation of text clustering using single pass is to add
category labels to each data through manual annotation and
other methods and then use purity to evaluate the clustering.
+e clustering objective function hopes to form a result of
high similarity within clusters and low similarity between
clusters. Take documents for example. Documents in the
same cluster are more similar, while documents in different
clusters are different. +is kind of objective function is used
as the internal standard of clustering quality. However, if the
internal standard gets a good score, it does not mean that it
can get good results in practical applications. +e purity is
calculated by the proportion of the coincidence part between
the category label set generated by the clustering algorithm
and the original category in the total sample size. +e closer
the purity is to 1, the more accurate the clustering result is.
However, for the single pass clustering of postrequirements,
we do not know which categories of data analysis posts are
available in advance, so it is impossible to label them
manually, so it is difficult to measure the effectiveness of the
model with this method. Combine the K-means clustering
model with the visual clustering model to obtain the best
image clustering results. Firstly, select the best word vector
model, input the results of the three word vector models into
K-means, respectively, take the number of clusters K from 2

to 70, and conduct three experiments, respectively, for
comparison. +e experimental results are shown in
Figures 3–5.

As can be seen from Figures 3–5, as the number of
clusters increases from 2 to 70, the sum of squares of errors
in the text clustering model combined with pretrained
word2vec model and K-means algorithm is always the
smallest of the three word vector models, which is signifi-
cantly smaller than the model combined with job require-
ments word2vec model, word bag model, and TF-IDF.
When the number of clusters K is small, the contour co-
efficient of using pretrained word2vec model combined with
K-means clustering is significantly higher than that of other
word vector models. When k� 2, the contour coefficient of
this model is 0.678, which is very close to 1, indicating that
the sample clustering is more reasonable at this time. When
k� 3, the contour coefficient of pretrained word2vec model
and K-means clustering model suddenly drops to 0.097.
+erefore, the results of K-means clustering also verify the
rationality of this post text being divided into two categories.

In this experiment, the industry distribution of jobs was
investigated.+e recruitment was concentrated in two areas:
technical jobs and business jobs. +e demand for data
analysis technical jobs was evenly distributed in East China
and South China, and the demand for technical jobs was
more widely distributed in East China. Secondly, Central
China, North China, and Southwest China are the second
concentrated distribution areas of these two types of jobs.
+e difference is that the distribution of business jobs is
Central China> Southwest China>North China, while the
distribution of technical jobs is North China> Southwest

Table 1: Job requirements-matching degree of staff quality.

Postrequirements Organizing ability Communication ability Talent cultivation ability Strain capacity
Weight 0.5 0.4 0.3 0.2
Employee quality Good Good Commonly Commonly
Give a mark 84 82 66 62
Weight× scoring 42 32.8 19.8 12.4
Weighted result 77.6

Table 2: Career expectation-job satisfaction matching degree.

Job expectancy Salary situation Lifting space Team harmony Working environment
Weight 0.3 0.4 0.3 0.2
Job satisfaction Satisfied Very satisfied Common Dissatisfied
Give a mark 82 85 62 47
Weight× scoring 24.6 34 18.6 9.4
Weighted result 74.5

Table 3: Scores of person-job-matching of as company table a

Department Post Original person job-matching degree New job-matching degree
Management General manager 82 86
Department General planner 71 78

Office Director 74 81
Correspondence clerk 66 73

Standardization Manager 72 83
Department Executive director 71 74
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Table 4: Job-matching score of as company table b.

Department Post Original person job-matching degree New job-matching degree
Finance Cash register 65 83
Department Bank settlement 61 65
Human resources Manager 75 84
Department Filer 72 78

Graduate school Director of an institute 81 86
Principal investigator 68 80

Table 5: Score of as company.

Department Post Original person job-matching degree New job-matching degree

Chief engineer’s office Director 72 82
Deputy director 72 77

Production planning department Manager 71 85
Workshop director 77 82

Table 6: Job-matching score of as company D.

Department Post Original person job-matching degree New job-matching degree

Quality control department Manager 73 85
Administrators 71 75

Operating company Chief of supply section 65 75
Planner 72 72

Ministry of foreign trade Foreign trade statistician 68 82
Export salesman 73 77
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Figure 3: Different word vector models combined with K-means clustering.
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Figure 4: Different word vector models combined with K-means
clustering.
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Figure 5: Different word vector models combined with K-means
clustering.
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China>Central China. +e less distributed areas are the
northeast and northwest regions. In these two regions, there
is more demand for recruitment in the northeast region,
while the northwest region needs more technical data
analysis talents. +e experiments were compared twice, and
the experimental results are shown in Figures 6 and 7.

From Figures 6–7, it can be seen that there are obvious
differences in the industry distribution between technical
posts and business posts. Technical posts are concentrated in
the Internet industry, accounting for 66.45% of the total
number of recruits. Other industries have less demand for
technical data analysis, all below 15%; the market for business
data analysis is relatively scattered and extensive. Education
still accounts for the largest demand provider, accounting for
30.53%, but real estate and media follow closely, with 24.28%
and 22.34% respectively. In addition to these three industries,
compared with technical talents, the service industry will also
need business data analysis talents more.

5. Conclusions

+is paper studies the job-matching problem based on text
mining and multicriteria decision-making. From the per-
spective of postresponsibilities, post-talents should have
good comprehensive quality, have high requirements for
“communication,” “coordination,” “language expression,”
and other skills and have strong teamwork and decom-
pression ability. +e multicriteria decision analysis model is

used to comprehensively evaluate the performance of sci-
entific researchers by combining qualitative evaluation and
quantitative evaluation. +e model can get the accurate
performance evaluation value of researchers and then get the
performance classification grade of researchers in the
evaluation cycle according to the performance evaluation
interval of researchers. Text mining technology posts are
mainly distributed in the Internet industry, accounting for
66.45%. Other industries have less demand for technical data
analysis, which is less than 15%; the business data analysis
market is relatively scattered and extensive. Education is still
the largest demand provider, accounting for 30.53%, but real
estate and media follow closely, accounting for 24.28% and
22.34%, respectively. In addition to these three industries,
compared with technical talents, the service industry will
also need more business data analysis talents. +e post-
management of the enterprise is to reasonably and scien-
tifically arrange talents who meet the postrequirements and
are suitable for the development of the enterprise to work in
appropriate posts through assessment, selection, and use.
+e research of this paper can help the data released by the
recruitment website to analyze the job recruitment infor-
mation and quickly reflect the data of the market demand for
data analysis talents. However, there are still some problems
in this paper. +e study did not reasonably design future
employment goals, including whether to obtain more op-
portunities through improving education. How much is the
difference between the ideal monthly salary and the actual
monthly salary, and how much work experience is required
before employment. Only on the basis of fully understanding
the market situation can we better find jobs and choose jobs.

Data Availability

+e data used to support the findings of this study are
available from the corresponding author upon request.
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