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Abstract 
This research implemented a web application that employed text mining to extract skill requirements from 

online IT job announcements, and association rule mining to discover the co-occurrence of hard skills (technical 
abilities) and soft skills (personal competencies) specified by the jobs. The matching score of each job was 
calculated by comparing hard skills extracted from the job announcement with a user’s current hard skills. Jobs 
were recommended to the user based on their matching scores. In addition, the discovered association rules were 
used to recommend new skills as follows: (1) based on the user’s current hard skills as antecedents, new hard 
skills as consequences would be recommended; and (2) based on the user’s current hard skills or soft skills as 
antecedents, new soft skills as consequences would be recommended. Online training courses to obtain such new 
skills were also recommended. The application was evaluated by 40 users, and received high satisfaction scores 
on both job recommendation and skill recommendation.  

Keywords:  Association rules, Hard skills, Jobs, Soft skills, Text mining 
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I. INTRODUCTION
It has been common for job seekers these days to 

search for job announcements on the Internet. But it is 
not easy to go through all search results to find jobs 
whose skill requirements match their skills. Moreover, 
if unable to identify sets of skills essential for the jobs, 
they may not know which skills they lack and should 
further acquire. For information technology (IT) jobs, 
sets of required technical skills often include specific 
technologies or tools, which can be different across 
different companies. For example, Data Analyst jobs in 
some companies require {Machine Learning, Python, 
TensorFlow}, whereas similar jobs in other companies 
require {Machine Learning, Cloud Computing, Microsoft 
Azure}. These requirements also change constantly in 
response to new technology development. In addition 
to technical or hard skills, different sets of soft skills are 
desirable for different IT jobs. For example, Critical 
Thinking and Presentation skills are advantageous for 
Data Analysts, whereas Conflict Management and 
Leadership skills are primarily desirable for Software 
Project Managers. Therefore, if we can extract all skills 
specified in numerous IT job announcements, we are 
likely to see frequent co-occurrence of certain hard and 
soft skills. By comparing skills that they already have 
with sets of skills frequently required together, the job 
seekers can pursue suitable skill training in order to 
prepare themselves for the job market.  

The above can be formulated as an association rule 
mining problem. Itemsets in our context are skill sets. 
Our transactions or market baskets contain skills specified 
in the job announcements. This transactional dataset 
can be obtained from text mining. To realize the ideas, 
our research developed a web application WorkWork 
that retrieved online job announcements, performed 
text mining and association rule mining, and recommended 
jobs as well as skill training to users.  

The rest of this paper is organized in the following 
sections. Section II reviews related research. Section III 
presents an overview of WorkWork, and elaborates on 
our job and skill recommendations. Section IV reports 
the results of association rule mining that were utilized 
by WorkWork, followed by the user evaluation of 
WorkWork. Finally, Section V concludes the paper.  

II. LITERATURE REVIEW
This section reviews research on skill requirement 

analysis, followed by job and skill recommendations. 
First, we categorize skills into 2 main groups: 

1) Hard skills: They are technical knowledge and
abilities that are essential to perform specific jobs. 

2) Soft skills: They are personal competencies that
enable us to handle human and social aspects of the 
jobs, in order to accomplish the jobs [1], [2].  

Wowczko [3] employed K-nearest neighbors (KNN) 
to classify IT job advertisements into 7 classes, which 
are: Administrator, Analyst, Developer, Engineer, Lead, 
Support, and Tester. Then, skills extracted from the 
advertisements in each class were simply displayed as 
word clouds.  

From job advertisements in the Job section of 
StackOverflow.com, Papoutsoglou et al. [4] constructed 
3 datasets of explicit hard skills (skills to use specific 
technologies such as Python), implicit hard skills (areas 
of expertise such as Machine Learning), and soft skills. 
After that, they applied exploratory factor analysis (EFA) 
to each dataset to find latent factors in the data. Each 
of these factors consisted of correlating skills or skills 
simultaneously needed in the job advertisements. But 
when all types of skills were analyzed together, they 
found significant correlation only between the explicit 
and implicit hard skills. Detecting soft skills in the 
advertisements was difficult because words describing 
them were general and vague. Hence, the soft skills 
were too sparse to yield any significant correlation. 
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Hiranrat and Harncharnchai [5] followed the skill 
categorization in [4] to analyze skill requirements for 
Software Development jobs posted on 2 popular job 
portals: Indeed.com and Jobsdb.com. Only English posts 
were collected and divided into 8 groups, which are: 
Business Analyst, System Analyst, Data Analyst, Software 
Architect, Designer, Developer, Tester, and Project Manager. 
They reported the top 5 of explicit hard skills, implicit 
hard skills, and soft skills needed for each group. They 
also used KH Coder [6] to build co-occurrence networks 
of skills found in the job posts. 

Instead of detecting skills by comparing extracted 
words with lists of predefined skills (as in [4], [5]), Fareri 
et al. [2] adapted supervised named entity recognition 
(NER) to determine whether extracted entities referred 
to soft skills. Although their paper emphasized on soft 
skills, their published tool SkillNER was able to identify 
both soft and hard skills from text.  

Regarding recommendation methods, there are 2 
main approaches to recommending items to users. The 
content-based approach compares item attributes with 
the users’ own profiles, while the collaborative filtering 
approach relies on ratings from other users who rate 
previous items similarly. In the context of job 
recommendation, individual users tend to have very 
few ratings on previous jobs and individual jobs are 
usually taken by single persons. So, the content-based 
approach would be better suited to our purpose. For 
example, Almalis et al. [7] built job profiles containing 
a number of skills for IT jobs. Each skill for each job was 
assigned a required numerical competency level. They 
also built job candidate profiles containing the candidates’ 
skills and skill competency levels. Then, matching scores 
between the jobs and the candidates were calculated 
based on Manhattan and Euclidean distances. These 
scores could be used to recommend best matching 
candidates to jobs, or vice versa. Their method had one 
limitation that it needed numerical skill competency 

values, and the values determined by different job 
recruiters and candidates were rather subjective.  

Upadhyay et al. [8] constructed a knowledge graph 
where users and jobs were graph nodes. Each node was 
associated with a document that was either user profile 
or job description. Edges between nodes were based 
on document similarity. From this graph, they 
recommended jobs to a user by retrieving jobs that 
were both connected to that user (via user-job edges) 
and to similar users (via user-user-job paths). 

As for skill recommendation research, an example 
is Gugnani et al. [9]. After extracting hard skills from a 
user profile, they calculated the user’s proficiency of 
each skill by considering the number of job roles in 
which the skill was used, along with the duration and 
the recency of each role. They retrieved related skills 
from IT skill ontology and created a skill graph for that 
user. From the skill graph, the user was recommended 
paths to acquire more advanced skills. Their method, 
however, required very detailed user profiles and a 
comprehensive skill ontology.  

Some other works [10]–[12] employed collaborative 
filtering methods to recommend training courses to 
users, but their recommendations differed from ours. 
Our research aims to recommend new skills based on 
the job requirements in the job market, rather than on 
ratings of other users. 

 
III. RESEARCH METHODOLOGY 

Our web application WorkWork consisted of a front-
end client, a back-end server, and a database. The front-
end web client, interacting with users, was developed 
by using AngularJS framework (opensource) for JavaScript, 
HTML, and CSS. The back-end server, executing data 
collection, text mining, and association rule mining was 
developed by using Django framework (opensource) for 
Python. PostgreSQL (opensource) was used as the 
relational database engine. 

3

Vol.12  No.1  January - June 2024
Journal of Engineering and Digital Technology (JEDT)



 
 

Figure 1: System diagram of WorkWork 
 

Figure 1 illustrates the system diagram of WorkWork. 
After signing up, users could update their hard skills and 
soft skills in the User Profile Page. WorkWork offered 2 
types of recommendations to the users. 

1) Job recommendation. Job announcements, in both 
Thai and English, containing required hard skills that 
matched the users’ hard skills were recommended 
together with their matching scores. This will be explained 
in Subsection B.  

2) Skill recommendation. New skills and online courses 
on Udemy.com were recommended based on the 

users’ skills and association rules discovered from skill 
datasets. This will be explained in Subsection C. 
 
A. Data Preparation by Text Mining Process 

Our research emphasized on recent IT jobs being 
offered in Bangkok, Thailand. First, we established lists 
of in-demand skills and constructed skill datasets from 
which association rules could be discovered. This was 
done by steps 1-5 in the system diagram: 

1) IT jobs advertised on Indeed website during July 
2019 and March 2023 were collected. We used 31 
common IT job names from Skills Framework for the 
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Information Age (SFIA) [13] as keywords to search for 
the jobs. Scrapy and Beautiful Soup packages were 
used to scrape and clean the data, respectively. This 
step yielded a set of 1980 job announcements. Note 
that the web scrapping was employed because Indeed 
API we initially planned to use was unavailable during 
our project implementation. 

2) Job announcements in Thai were translated into 
English by using Googletrans package, in order to 
consolidate the same skills written in different languages. 

3) Hard skills and soft skills were extracted by using 
SkillNER package. SkillNER did stemming and lemmatization 
internally, in order to map the extracted skills to 
normalized skill words in all uppercase letters. For 
example, skills related to statistics that were written 
differently were all mapped to STATISTICAL skill. The 
outputs of this step were a list of 151 hard skills and a 
list of 80 soft skills. They would be displayed in the 
User Profile Page for the users to select skills they had. 

4) For each job announcement, its original text (as 
retrieved in step 1), job title, company name, and the 
extracted hard skills and soft skills (in normalized skill 
words) were stored in the database.  

5) As summarized in Table 1, three transactional skill 
datasets were created. Each transaction represented a 
job announcement, and items were skills found in that 
announcement. Note that SoftSkills and MixedSkills 
had only 1669 transactions as some job announcements 
did not specify any soft skill.  

 
Table 1: Transactional skill datasets 

Dataset Types of Items in the 
Transaction 

Number of 
Transactions 

HardSkills Only hard skills 1980 

SoftSki lls Only soft skills 1669 

MixedSkills Both hard and soft skills 1669 

 

 

 
 

Figure 2: Jobs recommended to a user in Job Seeking Page 
 

 
 

Figure 3: Matching score between a user and a job 
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B. Job Recommendation 
Job recommendation was done by step 6 in the 

system diagram. An example of recommended jobs is 
shown in Figure 2. The left pane of the user’s Job 
Seeking Page listed brief job announcements (with job 
titles and companies) whose hard skill requirements 
matched the user’s. They were sorted decreasingly by 
matching scores. The user could also click a brief 
announcement to read its details which would be 
shown on the right pane. The top of the right pane 
listed all skills found in the announcement, with 
highlighted ones being the skills that the user had.  

Figure 3 shows another job that required {AJAX, CSS, 
HTML, JAVA, XML} for hard skills and {COOPERATE, 
CREATIVITY, PATIENCE} for soft skills. Among them, {CSS, 
HTML, CREATIVITY} were highlighted as they matched 
the user’s skills. We calculated the matching score as 
follows. 

𝑀𝑎𝑡𝑐ℎ𝑖𝑛𝑔 𝑠𝑐𝑜𝑟𝑒 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑡𝑐ℎ𝑒𝑑 ℎ𝑎𝑟𝑑 𝑠𝑘𝑖𝑙𝑙𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 ℎ𝑎𝑟𝑑 𝑠𝑘𝑖𝑙𝑙𝑠
× 100 (1) 

Only hard skills were considered because they were 
crucial for the job. Hence, the matching score for the 
job in Figure 3 was (2/5 x 100) = 40%. 

Besides recommended jobs, the users could search 
others by using job title or company name, or both, as 
keywords. Skill matching and matching scores would 
also be reported for retrieved job announcements. 

 
C. Skill Recommendation by Association Rule Mining 

Skill recommendation was done by steps 7-9 in the 
system diagram. An example of recommended skills is 
shown in Figure 4. We used Apyori package for Apriori 
association rule mining. Let the rules obtained from 
their respective datasets be called HardSkills-rules, 
SoftSkills-rules, and MixedSkills-rules. In the case of 
MixedSkills-rules, we selected only the ones with hard 
skills as antecedents and soft skills as consequences.  

 

 
 

Figure 4: Skills and training courses recommended to a user in Training Courses Page 
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Figure 5: Top 15 HardSkills-rules by Support 
 

Figure 5 shows some HardSkills-rules. They can be 
interpreted as follows.  

The first rule (Rule 0) tells us that if a job required 
CSS skill (Antecedent), it would also require HTML skill 
(Consequence), with 0.766949 or 76.69% Confidence. 
The Support value indicates the rule coverage, which is 
about 9.14% of job announcements in the dataset. The 
Lift value greater than 1 confirms that both sides of the 
rule are positively correlated. 

 

 
 

Figure 6: User’s skills in User Profile Page 
 

Skill recommendation can be illustrated as follows. 
Suppose that a user profile is as Figure 6.   

1. Sets of the user's skills were identified as: 
UserHardSkills = {CSS, PYTHON}  
UserSoftSkills = {THAI, COMMUNICATION SKILLS, 

PROBLEM SOLVE} 

2. HardSkills-rules with antecedents being subsets 
of UserHardSkills were selected. For example, Rules {0, 
2, 5, 6} in Figure 5 would be selected for this user. 
According to each rule, consequence skills not yet 
earned by the user would be recommended, with the 
antecedent being the reason for such 
recommendation. As shown in Figure 4, {HTML, 
JAVASCRIPT, SQL} were recommended hard skills. The 
reason for recommending HTML (displayed upon 
clicking it) was because the user already had CSS skill 
according to Rules 0 and 6. 

3. Soft skill recommendation was done in the same 
manner as the above. SoftSkills-rules with antecedents 
being subsets of UserSoftSkills and MixedSkills-rules 
with antecedents being subsets of UserHardSkills were 
selected. Soft skills appearing in the consequences of 
these rules, that were not yet earned by the user, 
would be recommended. 

Furthermore, the recommended skills were used 
as keywords to search relevant courses on Udemy, a 
popular online skill training platform. Alternatively, the 
users could search other training courses by using skills 
or course names as keywords. Course searching and 
retrieval were done via Udemy API. 

 
IV. RESULTS AND DISCUSSION 

A. Results of Association Rule Mining 
This Subsection reports the results of association 

rule mining. Rules that satisfied minimum Support, 
minimum Confidence, and minimum Lift thresholds 
were derived by Apriori. There were 3 conditions for 
setting Support and Confidence thresholds for each 
dataset, as summarized in Table 2, in order to obtain 
sufficient rules for skill recommendation. Rules with 
lower Support, representing rarer cases, were expected 
to have higher Confidence to ensure their usefulness. 
Lift threshold was set to 1 in all cases to ensure that 
only positively correlating rules were discovered.  
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Table 2: Apriori parameters  

 Minimum Support 
(i.e., Transaction Coverage) 

Minimum 
Confidence 

 HardSkills 
 - Condition (1) 
 - Condition (2) 
 - Condition (3) 

  
6.06% (120 transactions) 
4.04% (80 transactions) 
3.03% (60 transactions)  

 
50% 
60% 
70% 

 SoftSkills 
 - Condition (1) 
 - Condition (2) 
 - Condition (3) 

  
6.00% (100 transactions) 
4.50% (75 transactions) 
3.00% (50 transactions) 

 
50% 
60% 
70% 

 MixedSkills 
 - Condition (1) 
 - Condition (2) 
 - Condition (3) 

 
6.00% (100 transactions) 
4.50% (75 transactions) 
3.00% (50 transactions) 

 
50% 
60% 
70% 

 
There were 39 HardSkills-rules, 18 SoftSkills-rules, 

and 9 MixedSkills-rules being discovered in total. In this 
Subsection, we discuss top rules in each category.  

Among the top 15 HardSkills-rules in Figure 5, we 
found that most of them contained skills related to 
web applications such as {CSS, HTML, JAVASCRIPT, PHP, 
JQUERY, ANGULAR}. They were explicit hard skills to use 
specific languages or frameworks. This enabled us to 
recommend precise skill training to the users. There 
was also a rule indicating the requirement for SCRUM 
and AGILE project management skills. 

The obtained HardSkills-rules were dominated by 
only a few obvious skills. To see some other rules, we 
lowered Support threshold to 1.05% (20 transactions) 
and Confidence threshold to 50%. Rules containing 
{CSS, HTML, JAVASCRIPT, PHP, WEB} were filtered out. 
Figure 7 shows additional rules being discovered. We 
found rules about software deployment that required 
skills to use DOCKER and KUBERNETES. Although both 
of them could run on any operating system, a few jobs 

preferred LINUX. We also found a rule that required 
JENKINS for continuous software integration along with 
GIT for version control. Unfortunately, these rules had 
too low Support and Confidence, and thus were not 
used for skill recommendation. In the future, if more 
data are collected, these rules may be frequent enough 
to pass the thresholds and be utilized. 

 

 
 

Figure 7: HardSkills-rules with too low Support 
 

Figure 8: Top 10 SoftSkills-rules by Support 
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Figure 9: MixedSkills-rules by Support 
 

Among the top 10 SoftSkills-rules in Figure 8, we 
found that many jobs required ANALYTICS and ENGLISH 
skills together. There was some redundancy such as on 
both sides of Rule 3, as SkillNER did not consolidate 
ANALYTICAL SKILL and ANALYTICS into the same skill. 
Finally, among MixedSkills-rules in Figure 9, we found 
that hard skills related to data analysis (antecedents) 
were often required along with ANALYTICS soft skill.  

We reckon that while the users could easily claim 
and prove that they had certain hard skills, they may 
struggle to do so for soft skills. Recommending new soft 
skills based on both the current soft skills (according to 
SoftSkills-rules) and current hard skills (according to 
MixedSkills-rules) helped alleviate a problem of lack of 
soft skills in the user profiles.   

 
B. User Evaluation of WorkWork 

We deployed WorkWork on Heroku.com cloud 
platform during April and May 2023. Third-year and 
fourth-year students in IT-related fields including: 
Computer Engineering, Computer Science, Information 
Technology, Industrial Design, and Robotics Engineering 
were invited to test and evaluate the application. Forty 
of them submitted their evaluations via Google Form. 

Two aspects of the application were evaluated: the 
user interface design and the usability of various 
modules. This Subsection reports the user evaluations 
on Job Recommendation (Job Seeking Page) and Skill 
Recommendation (Training Courses Page). Evaluation 
criteria and rating scores in five-point Likert scale are 
displayed in Table 3. Let the rating score 5 be strong 
satisfaction and 1 be weak satisfaction, the average 
score for each criterion was calculated as follows.  
 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑖𝑛𝑔 𝑠𝑐𝑜𝑟𝑒 =  
∑ (𝑟𝑎𝑡𝑖𝑛𝑔 × 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑎𝑡𝑒𝑟𝑠)5

𝑟𝑎𝑡𝑖𝑛𝑔=1

𝑇𝑜𝑡𝑎𝑙 𝑟𝑎𝑡𝑒𝑟𝑠
 (2) 

 
Table 3: User evaluation results 

Evaluation Criterion Average 
Score 

Job Seeking Page 

1. Jobs are recommended according to your skills. 4.50 

2. Jobs retrieved by keyword searching match your 
expectation. 

4.65 

3. Job announcements shown in the page have 
sufficient details and are organized appropriately. 

4.40 

4. Checking the skill requirements of each job is 
easy. 

4.65 

5. The overall satisfaction of this page 4.60 

Training Courses Page 

6. Recommended new skills are appropriate and 
related to your current skills.  

4.525 

7. You agree with recommended courses. 4.15 

8. You are interested in recommended courses. 3.75 

9. Courses retrieved by keyword searching match 
your expectation. 

4.525 

10. Courses shown in the page have sufficient 
details. 

4.10 

11. The overall satisfaction of this page  4.425 

 

In summary, the users were very satisfied with the 
Job Seeking Page, and slightly less satisfied with the 
Training Courses Page. Job recommendation (Criterion 
1) and skill requirement analysis (Criterion 4) functions 
received high rating scores. Although the users agreed 
with recommended new skills (Criterion 6), they were 
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not much interested in recommended training courses 
(Criterion 8). Their criticism was that the courses were 
only in English. In fact, there were a lot of Udemy 
courses in Thai. But when using skills in English words 
as keywords, the API returned only courses in English. 

It should be noted that the above survey results 
were from nearly-graduated students who had not yet 
entered the job market. Hence, their expectation and 
satisfaction on job and skill recommendations may 
differ from those of mid-career workers.  
 
C. Comparison with Other Works 

This Subsection compares our work with the others 
that were reviewed in Section 2. First, the others [3]–[9] 
processed only English text, but we processed both 
English and Thai text. By translating Thai text into 
English, we could extract skills in normalized English 
words and create consolidated datasets for further 
analysis. But as reported previously, skills in English 
words could retrieve only Udemy courses in English. 

Our job recommendation was based on the 
matching between users’ skills and skills required by 
jobs, as in Almalis et al. [7] and Upadhyay et al. [8]. But 
unlike [7], we did not take skill competency into 
account because most job announcements did not 
explicitly specify them, and the users’ self-evaluated 
skill competency would be subjective. Our similarity 
calculation was applied to skills already extracted from 
the user profiles and job announcements, not on full 
text documents as in [8]. Hence, we believe that our 
matching would be more precise and incur less 
computation overhead in real time. Nevertheless, our 
method still had a limitation that it was based on the 
exact matching of skill words. If the user had {PYTHON, 
WEB PROGRAMMING} skills and a job required DJANGO 
or FLASK, the application could not infer that PYTHON 
and WEB PROGRAMMING would also be required for this 
job. To enable this ability, we need to know the 

hierarchy and relationship between skills. Skill ontology 
proposed by Gugnani et al. [9] can be helpful for this 
task. 

Our skill recommendation was based on the 
association rules discovered from skill datasets. The 
other works also discovered skills frequently required 
together, but in other forms such as word clouds [3], 
factors [4], clusters [2], [5], and co-occurrence networks 
[2], [5], [6]. Our association rules were well-organized 
and easily interpretable. We could use antecedent 
items (i.e., the users’ current skills) to predict or 
recommend consequence items (i.e., new skills). But 
without the skill ontology, we could recommend only 
individual skills, not skill acquisition paths as in [9]. 
 

V. CONCLUSION 
This research employed text mining to extract skill 

requirements from online IT job announcements, and 
association rule mining to discover the co-occurrence 
of hard and soft skills. Results from these methods 
were used to recommend jobs, new skills, and training 
courses to the users. This allows the users to not only 
find their best-matched jobs easily, but also to pursue 
suitable skill training to increase the chance of being 
employed. 

One improvement to our application is to collect 
online job announcements via APIs instead of web 
scrapping. But to avoid high overhead of real-time text 
processing, we propose that this should be done by the 
back-end server periodically. The processed text and 
extracted skills can be stored in our database and 
transactional skill datasets as before. With continuously 
updated datasets, association rules with more diverse 
skills or even emerging skills may be discovered.  

Other potential extensions are as follows. First, we 
can use user profiles on social networks or technical 
platforms to determine skill competency of the users. 
For example, skills of LinkedIn users can be endorsed 

10

Vol.12  No.1  January - June 2024
Journal of Engineering and Digital Technology (JEDT)



by their colleagues and experts. StackOverflow user 
profiles contain metrics such as Badges, Upvotes, and 
Downvotes for their questions and answers about 
programming. GitHub user profiles contain software 
contribution metrics such as Followers, Contributions, 
Repositories, and Stars. From these technical platforms, 
we can also analyze trends about hard skills that are 
commonly used in IT tasks, and recommend them to 
the users.  
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