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Abstract

[Purpose/Significance] To help university teachers and students make full
use of web recruitment information, this paper proposes a curriculum knowl-
edge model and its automatic construction method based on large-scale web
recruitment text mining. [Method/Process| This paper proposes a three-
level curriculum knowledge model containing “position—curriculum—knowledge
point,” uses natural language text mining technology to achieve automatic con-
struction of the curriculum knowledge model, and verifies and analyzes the
construction process through experiments. [Result/Conclusion] Experimen-
tal results demonstrate that the proposed model and method are highly feasible
and effective, providing teaching and learning references for universities and
students.
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Introduction

In recent years, with the rapid development of higher education and the ex-
panding enrollment scale, the difficulty of college graduates finding jobs and
enterprises recruiting talent has become a hot social issue. To some extent, the
mismatch between talent cultivation in Chinese universities and social demand
has created this dual dilemma. Particularly in the information age, enterprise
demands for talent change rapidly, while university talent cultivation cycles
are long and professional curriculum settings lag behind, resulting in student
training that deviates from actual needs. Therefore, in the rapidly developing
information age, quickly and accurately understanding the knowledge require-
ments of enterprises for recruited positions is extremely important.

With the popularization of the Internet, online recruitment has become the
mainstream method for enterprise hiring. Web recruitment texts often contain
specific descriptions of enterprises’ professional knowledge requirements for po-
sitions, reflecting current market demands for talent expertise. Therefore, web
recruitment text analysis is a technique for understanding society’s knowledge
requirements for talent in specific fields. This paper proposes automatically con-
structing a curriculum knowledge model to adapt to the characteristics of large
data volumes and rapid data changes in the big data era. Finally, an empirical
analysis of web recruitment texts for computer-related majors is conducted. The
empirical results demonstrate the feasibility and effectiveness of the proposed
model and construction process. The curriculum knowledge model can help
universities continuously optimize professional curriculum systems and syllabi
according to society’s skill demands for talent in specific fields, providing intelli-
gence decision support for developing professional talent training programs that
meet enterprise needs. The model can also help students focus on strengthening
certain professional courses and knowledge points based on their interests and
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desired positions.

1 Related Research

Web recruitment text analysis typically includes two steps: recruitment entity
information extraction and recruitment entity analysis. Recruitment entity in-
formation extraction refers to extracting structured recruitment entity informa-
tion (such as position, skills, major, etc.) from semi-structured web recruitment
texts. Based on extraction methods, these can be divided into manual and
automatic approaches.

Manual methods directly extract position, required skills, and other informa-
tion from web recruitment texts through human effort. For example, C. Chao
and S. Shih [1] collected information from the Monster recruitment website and
manually extracted recruitment positions and skills; I. Wowczko [2] manually
extracted and mapped skills in recruitment advertisements; J. Y. Kim and C. K.
Lee [3] manually analyzed data scientist recruitment information; D. A. Mauro
et al. [4] manually extracted skills required for job types; Lii Bin et al. [5]
and Li Guogqiu [6] surveyed 300 intelligence professional recruitment webpages,
manually extracting intelligence professional requirements, job types, responsi-
bilities, and functions; Xia Huosong and Pan Xiaoting [7] manually extracted
talent demand information from Chinese big data enterprises; Huang Yue et
al. [8] manually extracted requirements for talent positions, knowledge, and ca-
pabilities for library and information positions from web recruitment texts; Jia
Donggin and Tan Bo [9] manually extracted recruitment entities from three
recruitment websites: ALA Joblist, IFLA’s LIBJOBS Mailing List, and ACRL.

Obviously, manual methods cannot meet the requirements of analyzing web
recruitment information in large-volume, unstructured environments. Some
studies have attempted to use external resource-based, rule-based, statistical,
and deep learning methods to automatically extract information from web re-
cruitment texts. External resource-based methods utilize skill dictionaries,
Wikipedia, and other resources to build professional knowledge dictionaries for
information extraction. For instance, M. Sodhi and B. Son [10] built a pro-
fessional core dictionary for operations research; M. Zhao et al. [11] used con-
ventional phrases and various terms predefined by domain experts to analyze
recruitment webpages; T. Xu et al. [12] downloaded skill categories and specific
skills from the CSDN website, totaling 54 skill categories and 1,729 specific skills,
to build a professional knowledge dictionary; Zhan Chuan [13] built a terminol-
ogy dictionary for e-commerce based on existing knowledge and extracted skills
with frequencies above a certain threshold from recruitment texts; Xia Lixin et
al. [14] used China Education Online Career Encyclopedia, recruitment website
position classifications, and paper keywords to build dictionaries for majors, po-
sitions, and knowledge points, extracting information on majors, positions, and
skills. However, external resource-based methods suffer from slow updates and
narrow coverage.
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Rule-based methods manually construct rule templates to achieve information
extraction. For example, M. Bastian et al. [15] used commas for matching to ex-
tract skill information from LinkedIn recruitment texts; Wang Zhaoyi et al. [16]
used four words—*“possess,” “familiar with,” “proficient in,” and “ability”—as
proximity words to build extraction rules for extracting position-required skills.
Rule-based methods have issues such as overly simplistic approaches and unsat-
isfactory results.

Statistical methods primarily use corpus statistics on probability information
of certain words to extract recruitment entities. For example, Liu Ruilun et
al. [17] used word frequency statistics to extract recruitment entities; Zhang
Junfeng and Wei Ruibin [18] crawled data from professional recruitment websites
such as 51job and Zhaopin, using word frequency and other methods to extract
recruitment entities to build recruitment dictionaries. Statistical methods also
suffer from overly simplistic approaches and unsatisfactory results.

With the rapid development of deep learning, Wang Dongbo et al. [19] used
deep learning models to design a platform for automatic extraction of data
science recruitment entities. However, deep learning methods require large-scale
manually annotated corpora as training data, and currently, there are no large-
scale annotated corpora for web recruitment skill information extraction tasks.

Network entity information analysis refers to the process of analyzing extracted
structured recruitment entity information. Current analysis mainly involves
statistics on extracted positions, skills, majors, and other information, without
fully utilizing web recruitment text information. For example, J. Y. Kim et
al. [3] analyzed the requirements for data scientist positions; D. A. Mauro et
al. [4] combined expert judgment to analyze 2,700 big data-related position in-
formation, evaluating the skills and proficiency requirements needed for each job
type; Li Bin et al. [5] and Li Guogiu [6] surveyed 300 intelligence professional
recruitment webpages, analyzing the demand for intelligence professionals in
social organizations, as well as job types, responsibilities, and functions; Huang
Yue et al. [8] analyzed the knowledge and capability requirements for big data po-
sitions from three perspectives: basic position information, job responsibilities,
and qualification requirements; M. Sodhi and B. Son [10] studied differences in
operations research professional skill demands across different industries; Zhan
Chuan [13] analyzed the skill requirements for various e-commerce positions,
overall skill demands, and specific skills required for each position; Wei Lai and
Zheng Huamin [20] investigated domestic and international university library re-
cruitment information, analyzing data librarians’ professional capabilities from
five aspects: statistical knowledge background, comprehensive quality, job re-
sponsibilities, professional skills, and special skills; Jia Dongqin and Tan Bo [9]
analyzed foreign university library position requirements, including job quanti-
ties, job responsibility requirements, entry qualifications, and bonus qualifica-
tions; Tian Ye [21] conducted an empirical analysis of library and information
professional recruitment demand data from 1,359 institutions in 2016, exam-
ining recruiting institution types, numbers, regions, educational requirements,

chinarxiv.org/items/chinaxiv-202307.00504 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00504

ChinaRxiv [$X]

and position preferences; Chen Yuanyuan and Dong Wei [22] used social network
analysis to analyze the employment skills of library and information graduates
under social demand orientation.

Although some scholars have recognized the importance of web recruitment
text analysis and conducted relevant research, current studies still have two
main problems: (1) research mainly conducts statistics on skills and knowledge
required for positions without further utilizing web recruitment text informa-
tion; (2) analysis primarily relies on manual methods, which cannot meet the
requirements of large data volumes and rapid changes in recruitment network
data in the big data era.

2 Logical Structure of the Curriculum Knowledge Model

Current research mainly conducts statistics on skill knowledge points required
for positions, as shown in Figure 1 Figure 1: see original paper, without fur-
ther utilizing web recruitment text information. To address this problem, this
paper proposes a three-level curriculum knowledge model containing “position—
curriculum—knowledge point,” as shown in Figure 1(b).

The curriculum knowledge model includes three objects: position, curriculum,
and knowledge. A position is the sum of one or more responsibilities that an en-
terprise requires employees to complete and the authority granted to employees;
a curriculum refers to the professional knowledge and specialized skills courses
offered by universities according to training objectives; a knowledge point is
the knowledge and professional skills required for a position and also the basic
unit of knowledge contained in a curriculum. The curriculum knowledge model
also includes two types of relationships: position—curriculum and curriculum—
knowledge. There is a many-to-many relationship between positions and curric-
ula, meaning one position requires learning several courses, and one course can
be applied to several related positions. There is also a many-to-many relation-
ship between curricula and knowledge points, meaning one curriculum contains
several knowledge points, and one knowledge point can belong to several cur-
ricula. Figure 2 [Figure 2: see original paper| uses the “Big Data Engineer”
position as an example to show the main courses that should be learned for
this position and the main knowledge points included in each course, where the
thickness of the lines between objects indicates the strength of the relationship.

3 Automatic Construction of the Curriculum Knowledge
Model

Web recruitment texts typically contain information such as position, job re-
sponsibilities, and qualification requirements. Figure 3 [Figure 3: see original
paper] shows an example of a web recruitment text. Figure 3(a) displays the
web recruitment text in a browser, and Figure 3(b) shows the corresponding
HTML text. The position describes the job title for which the enterprise is
recruiting; job responsibilities describe the duties that the position needs to
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undertake; qualification requirements describe the professional knowledge and
skills that the position holder should possess, as well as other basic abilities.

Position information in the curriculum knowledge model can be directly ex-
tracted from the position section of recruitment web texts, and knowledge points
can be extracted from the text corresponding to qualification requirements. Cur-
riculum information is generated using a topic model, and position—curriculum
relationships and curriculum—knowledge point relationships are generated based
on the topic model and statistical information. Therefore, the curriculum knowl-
edge model construction process proposed in this paper is shown in Figure 4
[Figure 4: see original paper|, mainly including six steps: data crawling, po-
sition extraction, knowledge point extraction, curriculum generation, position—
curriculum relationship generation, and curriculum—knowledge point relation-
ship generation.

3.1 Data Crawling

Select appropriate recruitment websites, choose relevant majors, and use Python
scripts to first obtain the URLs of web recruitment texts and push them to
the Django Rest interface collection endpoint, then crawl web recruitment text
information one by one based on the position URLs from the collection endpoint.

3.2 Position Extraction

To extract position information from web recruitment texts, this paper uses
BeautifulSoup to convert HTML text into a tree structure, where each node
corresponds to a Python object. BeautifulSoup is a Python library that can
extract data from HTML or XML files. It provides navigation, search, and even
modification of the parse tree through a custom parser. Therefore, this paper
uses BeautifulSoup to obtain the text within the “position” tag.

3.3 Knowledge Point Extraction

Similar to position extraction, BeautifulSoup is also used to parse the text in
the “qualification requirements” tag of web recruitment texts. The text then
undergoes preprocessing including word segmentation, part-of-speech tagging,
stop word removal, and English case conversion. Figure 5 [Figure 5: see original
paper] shows a preprocessing example, where knowledge points to be extracted
are marked in bold. This paper uses the jieba extension package in Python
for word segmentation and part-of-speech tagging, and uses the stop word list
compiled by Harbin Institute of Technology to filter out stop words.

To extract knowledge points from preprocessed text, traditional methods typ-
ically use word frequency to extract frequently occurring words in the corpus
as knowledge points. However, word frequency-based methods have low extrac-
tion accuracy and often include non-knowledge-point words such as “ability”
and “experience.” Knowledge points have professional relevance, appearing fre-
quently in certain majors but rarely in others. Therefore, this paper introduces
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an auxiliary set containing other major collections and proposes measuring the
importance of words in a major based on Auxiliary Set Importance (ASI) to
extract knowledge points. The basic principle is: the higher the frequency of a
word in the target set and the lower its frequency in the auxiliary set, the more
likely it is to be a knowledge point of the target major.

Specifically, let TS be the target set to be analyzed, and AS be the auxiliary
set containing recruitment information from other majors. The professional
importance ASI(wi, TS) of a word wi in target set TS is defined as:

df(w, TS)+1 |TS|

ASI(w,TS) = A8 1 |AS|

where df(w;,TS) represents the number of texts containing w, in the TS col-
lection; df(w,;, AS) represents the number of texts containing w, in the AS
collection; |T'S| represents the number of texts in the TS collection; and |AS]|
represents the number of texts in the AS collection. Since skills are typically
nouns, this paper selects nouns in the “qualification requirements” as candidate
words, measures their professional importance, and extracts knowledge points
by ranking them according to professional importance.

3.4 Curriculum Generation

This paper uses the Latent Dirichlet Allocation (LDA) model to generate im-
plicit curriculum information. The LDA topic model [23] is a commonly used
three-layer Bayesian probability model in natural language processing. The
model consists of three layers: words, topics, and texts, as shown in Figure 6
Figure 6: see original paper. The model assumes that each text contains several
implicit topics, and each topic contains specific words. The relationship between
texts and words is reflected through implicit topics. Implicit topics are shared
by all texts in the corpus, while each text has a specific topic distribution. The
construction process of a text first selects a topic with a certain probability,
then selects a word under this topic with a certain probability, thus generating
the first word of the text. Repeating this process continuously generates the
entire document.

Similarly, meeting the requirements of a position requires learning multiple
courses, and each course contains several knowledge points, as shown in Fig-
ure 6(b). Therefore, this paper proposes using the LDA topic model to generate
implicit curriculum information.

The LDA topic model typically uses Gibbs sampling inference methods to es-
timate the posterior distribution of topics, calculated as shown in Formula (2)
[24]:

Yk +a ) i)k + /B
M) T K neor+VH

p(z;; = klz_;;w, a, B) o
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where z;; represents the curriculum variable of knowledge point w; in position
d;; —ij represents excluding knowledge point w; in position d;; n,;;, represents
the number of times knowledge point w; in position d; is assigned to curriculum
25 (+) represents the sum of all counts in the corresponding dimension (posi-
tion, curriculum, knowledge point); 8 represents the Dirichlet prior distribution
of knowledge points; « represents the Dirichlet prior distribution of curricula; K
represents the number of curricula; and V represents the total number of knowl-
edge points in the collection. Once the curriculum for each knowledge point in
each position is obtained, the posterior estimates of 8 and ¢ in the LDA model
can be obtained, calculated as shown in Formula (3) [24] and Formula (4) [24]:

Nk + &
= Tka
N T

b = Ny, + 0
ki TL(.)(.)k + Vﬂ

where 0, represents the probability that position d; contains curriculum z;
and ¢,,; represents the probability that curriculum z;, contains knowledge point
w;.

3.5 Position—Curriculum Relationship Generation

The correlation r is used to represent the relationship strength between position
d; and curriculum z;, indicating the ratio of the average probability that position
d; contains curriculum z;, to the average probability that all positions contain
curriculum z;. It is defined as follows:

EdiEDi Hik
r<di7 Zk) = E 0
d;eTs ik
where D, = {d;|d; € TS} represents the number of web recruitment texts

in collection T'S that contain position d;. From Formula (5), it can be seen
that a larger r value indicates a stronger relationship between position d; and
curriculum z;; conversely, the relationship is weaker.

3.6 Curriculum—Knowledge Point Relationship Generation

The curriculum—knowledge point relationship indicates the main knowledge
points contained in a specific curriculum. Since the LDA topic model can ob-
tain ¢, representing the probability of knowledge point w, in curriculum z;, the
top several knowledge points are selected for each curriculum to generate the
curriculum-knowledge point relationship, using ¢, to represent the relationship
strength of knowledge point w; in curriculum z;,.
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4 Empirical Analysis
4.1 Data Crawling

To verify the feasibility and effectiveness of the proposed method, exper-
iments selected computer-related majors from the mainstream domestic
recruitment website 51job (www.51job.com). 51job is a web recruit-
ment service provider and one of the most influential talent recruitment
websites in China. According to job functions, data was crawled from
the “Computer/Internet/Communication/Electronics”  category on the
51job website (crawling dates: March 19-26, 2018). To obtain the aux-
iliary set, data was sequentially crawled from the “Sales/Customer Ser-
vice/Technical Support,” “Accounting/Finance/Banking/Insurance,” “Produc-
tion/Operations/Purchasing/Logistics,” “Biology /Pharmaceuticals/Medical /Nursing,”
“Advertising/Marketing/Media/Arts,” “Construction/Real Estate,” “Human
Resources/Administration/Senior Management,” and “Service Industry”
categories on the 51job website (crawling dates: March 19-26, 2018). After
crawling, recruitment texts with education below bachelor’s degree, duplicate
content, full English text, and those without qualification requirements were
removed. The basic information of the final dataset is shown in Table 1 .

Table 1 Basic Dataset Information

Dataset Type Number of Recruitment Texts
Computer/Internet/Communication/Electronics 10,000
Sales/Customer Service/Technical Support 10,000
Accounting/Finance/Banking/Insurance 10,000
Production/Operations/Purchasing /Logistics 10,000
Biology/Pharmaceuticals/Medical /Nursing 10,000
Advertising/Marketing/Media/Arts 10,000
Construction/Real Estate 10,000

Human Resources/Administration/Senior Management 10,000

4.2 Position Extraction

Through statistical analysis of word frequencies in position names from recruit-
ment webpages, after removing words such as “development,” “R&D,” and “en-
gineer” that cannot represent clear positions, the top 10 high-frequency words
forming positions and the standardized position names provided in this paper
are shown in Table 2. As can be seen from Table 2, computer science technology
changes very rapidly. Although there are consistently popular positions such as
Java Engineer, C++ Development Engineer, and .NET Engineer, there are also
new positions with rapidly growing demand, such as Front-end Development
Engineer, Big Data Engineer, and Algorithm Engineer.

Table 2 Top 10 Positions in Computer-Related Majors
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Position Names Containing Keywords

Standardized Position Name

Java Software Engineer, Java Engineer,
Java Development Engineer

Big Data Engineer, Big Data R&D
Engineer, Big Data R&D Personnel
C++ Development Engineer, C++
Software Engineer, C4++ Software
Development Engineer

.NET Development Engineer, .NET
Engineer, .NET Software Development
Engineer

Web Front-end Development Engineer,
Front-end Development Engineer

Test Engineer, Software Test Engineer

Java Engineer
Big Data Engineer

C++ Development Engineer

.NET Engineer

Front-end Development
Engineer
Test Engineer

Operations Engineer, System Operations  Operations Engineer
Engineer

Embedded Software Engineer, Embedded
Software Development Engineer

IOS Development Engineer, IOS Mobile
R&D Engineer

Algorithm Engineer, AT Algorithm
Engineer, Image Processing Algorithm

Engineer, NLP Algorithm Engineer

Embedded Software Engineer
10S Development Engineer

Algorithm Engineer

4.3 Knowledge Point Extraction

Knowledge point extraction is generated by ranking ASI values, with manual
verification used for judgment. To avoid subjectivity and limitations of pro-
fessional knowledge, knowledge websites such as Baidu Baike, Wikipedia, and
Hudong Baike are used to check whether corresponding knowledge point entries
exist to verify the correctness of extracted knowledge points.

Table 3 shows the top 10 words extracted using the TF method and the method
proposed in this paper, along with their corresponding values, where bold words
indicate non-knowledge-point words. As can be seen from Table 3, among
the top 10 words from the TF method, non-knowledge-point words appear fre-
quently in the target set and cannot effectively extract knowledge points from
the target set. In contrast, the top 10 words identified using the ASI method
are all skills, significantly outperforming the TF method, because high-frequency
words in the target set such as “experience” and “ability” also appear frequently
in the auxiliary set, making their ASI values smaller.

Table 3 Comparison of Top 10 Words Identified by Different Methods
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TF Method ASI Method

Word Value
Python 2054.952
MySQL 2442.615

JavaScript 2194.096
Experience  1502.328
Ability 3950.752

4.4 Curriculum Generation

To generate curricula, the LDA model is used. According to common parameter
setting methods [23-24], the topic model is set with a = 50/K, § = 0.01,
Gibbs sampling iteration parameter of 2000, and saving iteration parameter
of 1000. The selection of curriculum number K uses perplexity calculation
and expert evaluation to select the optimal value, employing five-fold cross-
validation. Based on calculations, the experiment sets the curriculum number
K = 11. Table 4 lists the top 5 knowledge points for each curriculum and the
corresponding curriculum names summarized.

Table 4 Curriculum Name Generation

Curriculum Top 5 Knowledge Points  Curriculum Name
Web HTML JavaScript CSS HTML5 Web Development

Java J2EE Spring Framework Hibernate Java

C# .NET Winform Object-Oriented C#

Software Architecture Programming Software Engineering
C++ C Linux Unix C/C++

Database Oracle SQL MySQL Stored Procedures Database

Linux Bottom Layer Process Shell Communication Protocol Linux

TCP/IP HTTP Communication Network Communication
Bug Test Case Unit Testing White Box Software Testing

Python C++ Vision Al Algorithm

Data Analysis MapReduce Storage Modeling Data Mining Data Analysis

Among these 11 curricula, some are computer professional courses that many
universities have offered for many years, such as “Java,” “C++.,” “C#,”
“Database,” “Linux,” “Network Communication,” “Software Testing,” and
“Software Engineering.” There are also courses that have emerged with big
data, such as “Web Development” and “Data Analysis.”

4.5 Position—Curriculum Relationship Generation

Based on the calculation of correlation between positions and curricula, the
relationship strength between positions and curricula is obtained. Table 5 lists
the relationships between positions and curricula.
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Table 5 Position—Curriculum Relationships

Web Network
Devel- Software Software Data  Com-
op- Engi- Test- Anal- munica-

Positiofava C# C/CHEd4nuwDatabasent  neering  ing Algoritymis tion

Java
En-
gi-
neer
Big
Data
En-
gi-
neer
C++
De-
vel-
op-
ment
En-
gi-
neer

NET

gi-
neer
Front-
end
De-
vel-
op-
ment
En-
gi-
neer
Test
En-
gi-
neer
Operations
En-
gi-
neer
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Web Network
Devel- Software Software Data  Com-
op- Engi- Test- Anal- munica-

Positiofava C# C/C-EdnuwDatabasent neering  ing Algoritysis tion

Embedded
Soft-

ware

En-

gi-

neer

10S

De-

vel-

op-

ment

En-

gi-

neer
Algorithm
En-

gi-

neer

Note:  indicates position—curriculum correlation r € [0.9,1), indicates r €
[1,1.5), indicates r € [1.5,3).

Through the results in Table 5, the main courses required for each position can
be identified: “Java Engineer” uses the Java development language to complete
software product program design and development, mainly responsible for de-
signing and developing core backend business and external service interfaces
for the operation platform, typically requiring learning Java, J2EE frameworks,
databases, front-end development, software engineering, and other courses.

“Big Data Engineer” uses modern data warehouse technology, online analytical
processing technology, data mining, and data visualization technology for data
analysis to achieve commercial value. Therefore, in addition to mastering tra-
ditional database technology, big data engineers need to be familiar with the
principles of distributed data storage, distributed computing, and data mining.

“C++ Development Engineer” mainly engages in C++ software programming
on Windows or Linux platforms, primarily needing to master C++, Linux op-
erating systems, network communication, and databases.

“NET Development Engineer” uses Microsoft’s .NET to develop Web programs,
Windows applications, and WAP wireless network applications. .NET develop-
ment engineers mainly need to learn C#, databases, front-end development,
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software engineering, and other courses.

“Web Front-end Development Engineer” is a relatively new profession, mainly en-
gaged in website development, optimization, and improvement. A qualified Web
front-end development engineer first needs to master various front-end develop-
ment courses, and additionally needs to be familiar with traditional database
knowledge, object-oriented software engineering knowledge, etc.

“Test Engineer”: China’s software testing profession is still in a developmental
stage, with many medium and large software enterprises establishing separate
testing departments that operate in parallel with development departments. As
a test engineer, one needs to master main testing principles and tools, and also
be familiar with mainstream operating systems and databases.

“Operations Engineer” is mainly responsible for maintaining and ensuring high
availability of the entire service, while continuously optimizing system archi-
tecture to improve deployment efficiency and resource utilization. The biggest
challenge facing operations engineers is large-scale cluster management issues,
so operations engineers mainly need to master operating systems, network com-
munication, and databases.

“Embedded Software Engineer” writes embedded systems. Embedded systems
are application-centered, computer technology-based, and have software and
hardware that can be tailored to meet strict requirements for functionality,
reliability, cost, volume, and power consumption in application systems. Em-
bedded software engineers mainly need to master C++, Linux, and network
communication skills.

“IOS Development Engineer” mainly develops applications for portable termi-
nals such as mobile phones based on the IOS system. This position mainly re-
quires mastering C++, Linux, network communication, front-end development,
and other courses.

“Algorithm Engineer” mainly researches robotics, speech recognition, image
recognition, natural language processing, expert systems, etc., searching for
knowledge hidden in massive data through algorithms. This position mainly re-
quires mastering artificial intelligence principles and algorithms, data analysis,
operating systems, and C++.

4.6 Curriculum—Knowledge Point Relationship Generation

Using the LDA topic model, the probabilistic relationships between the 11 cur-
ricula and knowledge points are obtained. The top 15 knowledge point words
for each curriculum are selected to form the curriculum—knowledge point re-
lationship, creating word clouds as shown in Figure 7 [Figure 7: see original
paper].

From Figure 7, it can be seen that currently widely offered computer profes-
sional courses in universities need to pay attention to new market demands
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and add new knowledge points. For example, early website content develop-
ment for the “Web Development” curriculum was mainly static, focusing on
images and text. With the development of Internet technology and the intro-
duction of technologies and frameworks such as HTML5 and CSS3, modern
web pages are more aesthetically pleasing and functionally powerful, so the cur-
riculum needs to strengthen learning of these new technologies. “Java” is an
object-oriented programming language, and J2EE is a Java platform designed
for large-scale enterprise host-level computing types, simplifying application de-
velopment and reducing programming requirements. Therefore, the curriculum
needs to strengthen J2EE and related framework learning to meet enterprise
needs. Due to the agility and code maintainability of enterprise system develop-
ment, which requires involvement in some architectures, the “C#” curriculum
needs to strengthen learning of software architecture and design patterns. In
addition to learning the language syntax itself, the “C+4" curriculum also
needs to focus on its application and development on Linux and Unix systems.
“Database” is the core part of various information systems such as management
information systems, office automation systems, and decision support systems,
and is an important technical means for scientific research and decision man-
agement. In recent years, with the rapid growth of data volume, distributed
database technology has developed rapidly. Traditional relational databases
have begun to develop from centralized models to distributed architectures.
Non-relational databases represented by NoSQL and MongoDB have developed
rapidly due to their high scalability and high concurrency advantages. In the
teaching process, teachers need to closely monitor the development trends of
these non-relational databases and introduce them. “Artificial Intelligence” is
a branch of computer science that attempts to understand the essence of in-
telligence and produce intelligent machines that can react in ways similar to
human intelligence. Current teaching and learning need to focus on recent hot
enterprise applications such as robotics, speech recognition, image recognition,
natural language processing, and expert systems.

With the rapid development of big data and the Internet, some emerging curric-
ula have also appeared. The curriculum knowledge model also provides a basis
for intelligence decision-making for the setting of syllabi and knowledge points
for these new courses. For example, the “Data Analysis” curriculum organizes
massive data accumulated over the years through online transaction process-
ing of consulting systems using the unique data storage architecture of data
warehouse theory, and systematically analyzes and organizes it through Spark,
Hadoop big data cluster computing environments. Using various analysis meth-
ods such as data mining, it supports the creation of decision support systems to
help decision-makers quickly and effectively analyze valuable information from
massive data to facilitate decision-making and rapid response to external envi-
ronmental changes, helping to build business intelligence. Data analysis, Spark,
Hadoop, MapReduce, etc., are all knowledge points that need to be considered
in this curriculum setting.
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5 Conclusion

Current research mainly conducts manual analysis of skills and knowledge points
required for positions in web recruitment texts without further utilizing web re-
cruitment text information. To address existing problems in current web recruit-
ment information analysis, this paper proposes a three-level curriculum knowl-
edge model containing “position—curriculum—knowledge point” and achieves au-
tomatic construction of the curriculum knowledge model through natural lan-
guage processing and text mining technologies. Finally, an empirical analysis of
web recruitment texts for computer-related majors is conducted. The empirical
results demonstrate the feasibility and effectiveness of the proposed model and
construction process. Through analysis, the main professional skill demands of
enterprises for these positions can be identified, providing guidance for univer-
sities in professional setting, teachers in syllabus and knowledge point setting,
and students in career planning and knowledge point supplementation, thereby
alleviating the dual contradictions of difficulty in finding jobs and difficulty in
recruiting.

Due to the diversity of position names, such as “Java Development Engineer”
and “Java Software Engineer” both representing the same meaning, current
research methods mainly use main keywords like “Java” to standardize to the
same position name. In future research, methods for position name standardiza-
tion will be further optimized to automatically and accurately represent position
information.
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