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 In the digital era, social media platforms like LinkedIn have become famous 

for recruitment, and recruiters widely use them to find potential employees. 

The recruitment process is crucial in organizations, as it involves selecting 

qualified applicants from a diverse pool. However, the screening process and 

manual recruitment process entail significant time, high costs, and potential 

bias. Consequently, it may cause recruiting unqualified applicants and may 

affect the organizations. Thus, this study aims to classify and generate a list 

of potential job applicants by analyzing seven attributes of their LinkedIn 

accounts: title, location, skills, education, language, certification, and years of 

experience. Data are collected from LinkedIn profiles and then undergo data 

pre-processing. The naive Bayes (NB) algorithm is implemented as the 

classification algorithm and sets the classification as “eligible” or “ineligible”. 

The NB model achieved an accuracy testing of 89.8%, indicating good 

performance in classifying potential job applicants. At the same time, we 

measure the similarity cosine score to set the mean of the eligibility. The 

classification results are visualized for the suitable applicants in descending 

rank, allowing users to choose the applicants’ classification status efficiently. 

For the system usability, we managed to get 90% from the recruitment expert. 
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1. INTRODUCTION 

Recruitment is a crucial aspect of the human resources (HR) Department as it involves selecting 

eligible candidates from a vast applicant pool [1]. Employing a variety of strategies is necessary to locate, 

interview, and recruit individuals for the position. The HR Department’s initial task is recruitment to ensure 

each employee is competitive and contributes to society [2]. Interviewers aim to identify the most suitable 

candidate who fulfils the employment requirements during this process. Abbas et al. [3] emphasized the 

significance of selecting the appropriate candidate in company operations, stating that competent employees 

can significantly impact the success or failure of an organization. Lawong et al. [4] stated that both the 

organization and the agents share responsibility for the effectiveness of the hiring process. Recruiters play a 

crucial role in an organization’s performance by implementing effective hiring and recruiting tactics to attract 

qualified and competent individuals. They accomplish this by conducting research, designing, and 

implementing these tactics.  

https://creativecommons.org/licenses/by-sa/4.0/
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In modern times, the world has undergone a digital transformation [5], including social media 

platforms such as Facebook, LinkedIn, and Twitter, which are more popular for recruitment processes [6]. 

LinkedIn is the primary site for companies to recruit applicants and emphasizes cultivating professional 

connections [7], [8] with a usage rate of 77% compared to other platforms [9]. It is the biggest online 

networking site for professionals, linking more than 900 million individuals in over 200 countries. It enables 

users to discover job openings, broaden their professional connections, and acquire new skills to achieve 

success in their careers. According to Wei [10], Malaysia has around 5.79 million LinkedIn users, and 

numerous recruiters prefer it for recruitment purposes [11].  

One step in the recruitment process is the screening of applications [12]. It involves evaluating job 

candidates to assess their suitability for a position. However, Sivanandam and Mudaliar [13] highlighted that 

recruiters find it challenging to go through numerous resumes. Examining the applicant’s resume is a time-

consuming process, leading to delays and ineffective time management [14]. Recruiters must verify and 

evaluate the minimal credentials for the job to guarantee a successful recruitment process and make an informed 

selection. Abbas et al. [3] stated that a screening process that is not effective could result in generating a roster 

of inadequately qualified candidates. 

Moreover, a manual recruitment method necessitates substantial expenses [15], [16]. Costs and 

expenses related to recruitment must be considered, such as time to hire, resume screening, and recruiter fees. 

Furthermore, the expenses would be at their highest if unqualified candidates were selected for the position. 

Utilizing inexpensive recruitment processes may result in erroneous shortlisted candidates as they do not 

always ensure the most eligible applications [17]. A manual recruitment procedure might lead to biased 

outcomes influenced by gender or human perception, affecting the decision-making in the recruitment process 

[18], [19]. Recruitment bias occurs when the recruiter assesses the applicant only based on their initial 

impression. It is influenced by human perception, making individuals more inclined to favour a resume with 

an appealing profile image. 

Eight high-demand vocations in Malaysia for 2022 have been determined based on current trends and 

industry estimates [20]. The list comprises information technology (IT), software development, digital 

marketing, finance positions, project management roles, business development and sales executives, medical 

professionals, educators, and customer service executives. IT and software development, digital marketing, 

and finance jobs are the top three jobs identified by JobStreet and chosen for this research. Job seekers should 

prioritize reviewing the job requirements information that can provide insight into the specific job requirements 

for recruiters [21], [22]. Attributes listed in job listings are crucial for recruiting appropriate candidates. 

Researchers identified 10 key factors for recruiters to consider when evaluating a job opportunity: position, 

skills, education level and history, languages, years of experience, certification, salary, benefits, location, and 

working hours [23], [24]. However, this research focuses on seven attributes for classification: title, location, 

education, years of professional experience, skills, languages, and certificates [25], [26].  

A web-based dashboard was created utilizing data extracted from LinkedIn profiles that were scraped 

from the platform in response to the identified issues. The naïve Bayes (NB) algorithm was utilized to classify 

and visualize the LinkedIn accounts of applicants who meet the company’s job requirements. The system 

utilizes bar charts and pie charts for visualization. It allows users to see which applications from their LinkedIn 

accounts meet the requirements for the job. It assists recruiters in identifying the most suitable candidate who 

meets the job’s criteria. The paper is structured as follows: section 1 commences with a concise introduction. 

Section 2 details the approach, while section 3 presents the results and discussion. Section 4 ends the study and 

offers a brief review of potential future improvements. 

 

 

2. RESEARCH METHOD 

2.1.  Design of the system 

System design in research involves developing a framework or structure to investigate and solve a 

specific research issue. We deliberated on the comprehensive system architecture, system flow, interfaces, and 

the data pertaining to the system needs. During this stage, we utilize a use case diagram and a flowchart diagram 

to illustrate the workflow. User interface (UI) is the ultimate stage in the design process. The term pertains to 

the visual arrangement of the system components that a user can engage with on a website. UI design should 

be effective and user-centric to guarantee user-friendliness and appeal to potential users. It strives to streamline 

the user’s interaction to efficiently achieve their goals within the system. 

 

2.2.  Back-end development 

Back-end development includes gathering, preparing, and applying the NB model, as seen in  

Figure 1. The diagram illustrates the system’s operation from data collecting initiation to visualization 

completion. Data preparation includes collecting and pre-processing data to guarantee its reliability, and then 

using an NB classifier for categorization. The output consists of both visualized and reported data.  
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Figure 1. Research design flow diagram for LinkedIn eligibility 

 

 

2.2.1. Data collection and pre-processing 

Data was collected by web scraping from September 1, 2022, to March 31, 2023, utilizing the 

selenium and beautiful soup packages in Python. Selenium is a potent instrument for managing web browsers 

and executing browser automation [27]. This study involves using selenium to automate the LinkedIn page to 

extract applicant data. Subsequently, beautiful soup was utilized to retrieve the LinkedIn profile information. 

The scraper navigates through all profile pages of the corresponding URLs on the LinkedIn website. The tool 

retrieves LinkedIn profile information using specific parameters, including title, location, education, 

experiences, certifications, skills, and languages. The extracted data was saved in a CSV format, and 2006 

profiles were gathered for this investigation using scraping.  

The data that was gathered was then cleaned up to make high-quality data for testing and training. It 

was processed to remove symbols, fill in missing numbers, and lowercase all the letters in the dataset. It was 

changed to the word “none” in the information where the empty list with the symbol “[]” used to be. After that, 

a similarity score method was used to figure out how similar the applicant’s personal data was to the job 

description data. The cosine similarity function was used to figure out the closeness score. This study looks at 

titles, skills, and languages and gets the similarity score between them. The equation for cosine similarity score 

is represented as in (1) [28]. 

 

𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =
(𝐴⋅𝐵)

(||𝐴||⋅||𝐵||)
                   (1) 

 

Next, for education attributes, the education level was extracted using regex to match the education 

level in that job’s requirements. If a match was found, it was assigned a value of “1” to indicate a successful 

match in terms of education level. Afterwards, the duration of the applicant’s LinkedIn profile experiences was 

computed in months to facilitate better comparisons with the minimum duration of experiences required by 

each job’s specifications. 

After all the attributes were processed, a few conditions were applied to the data labelled. A new 

column called “eligibility status” has been added to the dataset. These eligibility status attributes have “eligible” 

and “ineligible” statuses. The LinkedIn profile was classified as having “Eligibility” status if it fulfilled these 

three conditions. First, the similarity score between title, skills and languages is higher than the mean of the 

similarity score between title, skills, and languages. Function mean() calculated the average of the total 

similarity score for the applicants and was commonly calculated as in (2). The second condition is if the 

education level that was extracted earlier matches the education level required by the job’s description. The 

last condition is that the duration of the LinkedIn profile experiences in a month should be higher than the 

duration of the job experiences in a month. Otherwise, if the data does not meet those conditions, it will fall 

under the “ineligible” category. 

 

𝑀𝑒𝑎𝑛 =

(𝐶𝑜𝑠𝑖𝑛𝑒_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐴1,𝐵1) +𝐶𝑜𝑠𝑖𝑛𝑒_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐴2,𝐵2) + …+
𝐶𝑜𝑠𝑖𝑛𝑒_𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐴𝑁,𝐵𝑁))

𝑁
 (2) 

 

The final dataset has a total of 14 columns for LinkedIn profile: name, title, location, experiences, 

education, certifications, skills, languages, similarityscores_title_skills_lang, education level, education match, 

total duration in months, has certification, and eligibility. Finally, the dataset is saved in a CSV file for the next 
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training and testing to develop the model and used for data visualization. Once the pre-processing phase is 

finished, the final dataset is prepared for the classification method using machine learning.  

 

2.2.2. Naïve Bayes classification model 

The NB classifier is a widely used algorithm for classification and prediction analysis [29]–[31]. NB 

classifier is performed based on the Bayes theorem. It assumes that the features are conditionally independent 

given the class label. The NB classifier calculates the probability of each class label given the input features. 

It assumes that the features within the input features are conditionally independent given the class. By 

leveraging this assumption, the NB algorithm can make predictions accurately and quickly. Bayes’ theorem 

calculates the probability of an event happening based on the probability of another event that has already 

occurred. According to Brownlee [32], the Bayes theorem was depicted as in (3). 

 

𝑃(𝐴|𝐵) =  
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
 (3) 

 

During training data, the NB classifier calculates the prior probability, which is P(A) from (3) of each 

class, by counting the number of instances. It also estimates the conditional probabilities by calculating the 

likelihood, P(B│A), of observing each feature value given the class label. Thus, during testing data, the Bayes 

theorem was applied to calculate the posterior probabilities of each class given the input features, which is 

P(A│B) from the equation. The class with the greatest posterior probability is subsequently chosen as the 

predicted class. The dataset is labelled based on its conditions, where we use a ratio of 80:20 to split the data 

into 2 parts: training and testing. Four feature columns were selected for training sets, such as similarity scores 

title skills lang, education match, total duration in months, and has certification. After developing the NB 

model, the eligibility rate was produced using Bayes’s theorem probability. 

 

2.3.  Front-end development 

HTML, CSS, and JavaScript are three core technologies for developing and designing websites and 

web applications. A website has been created for users to interact with, and the system can be accessed easily. 

The web application connects the interface and the Python code using the Flask application. It displays the 

result of the prediction and offers tools for data visualization, allowing the creation of charts and graphs to 

represent data visually.  

 

2.4.  Testing development 

Upon completion of all phases, the final phase is testing, which involves executing test cases on the 

system. The verification and validation process ensures that the system fulfils the initial requirements and 

satisfies its aims. Verification evaluates the system’s development product, whereas validation assesses the 

final product. The testing phase is intended to ensure the system’s functionality and address any problems or 

concerns. In this study, the objectives focus on dashboard functionality based on the defined use case and 

system usability scale (SUS) by HR recruitment professionals.  

 

 

3. RESULTS AND DISCUSSION 

3.1.  Model accuracy 

Evaluating the NB classifier model involves comparing the predicted values with the actual values in 

a test dataset to determine accuracy. Figure 2 displays the accuracy testing results of the NB model in this 

study. The accuracy result is 89.8%. An accuracy score above 90% is considered “excellent” in [33], whereas 

a score between 70% and 90% is classified as “good.” An accuracy score ranging from 60% to 70% is 

considered “okay,” while a score below 60% is labelled as “poor.” The system’s accuracy ranges from 70% to 

90%, which is considered “good.” The model achieved an accuracy rate of about 89.8% in classifying events 

within the test dataset. The confusion matrix provides a detailed breakdown of the true values that align with 

the model’s predictions. The confusion matrix in this study uses the classes “ineligible” and “eligible”, which 

are denoted by “0” and “1” correspondingly. 

 

3.2.  Cosine similarity scores result 

We use an example using the job’s field, “finance,” and the job’s title, “accountant,” to illustrate the 

result. We obscured the original names with black markings. Then we renamed them using a comparable 

alphabet to prevent any ethical concerns. We are deviating from the conventional alphabetical sequence 

because the visualization is arranged according to the descending rate outcome. Cosine similarity scores are 

computed using the titles, abilities, and languages of seven applicants. Applicants who exceed the average 

similarity score are deemed to have met one of the eligibility criteria when the rules are applied. Thus,  
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Figure 3 shows the bar chart of cosine similarity score comparisons where each bar represents an applicant’s 

similarity score. A line with a dotted point represents the mean of the cosine similarity score of 0.26, which 

indicates the mean of the similarity score across all applicants. In conclusion, only four candidates are eligible 

since they surpass the mean based on the overall applicant’s score. 
 

 

  
 

Figure 2. Naïve Bayes model 

accuracy results 

 

Figure 3. Bar graph of similarity cosine score of applicants with 

mean score 
 

 

3.3.  Functionality testing of dashboard visualization 

The dashboard visualization is related to functionality testing. It is the process where the UI is tested 

by providing appropriate test input. The output is compared with the expected output. The system’s output will 

be evaluated whether it is successful or not at the end of the test. This testing is mainly concerned with the 

processing results. The goals are to test and run through all the system functions from the first to the last page 

of the application. It ensures the application runs, follows the requirements, and displays the desired outcome. 

It performs a series of test cases covering the application’s various functionalities. Thus, functionality testing 

helps identify bugs, errors, or deviations from the intended behaviour.  

Figure 4 shows the “upload file” page where users can select the job’s field and title and upload a 

CSV file containing a list of URLs of the LinkedIn applicant’s account that the user wants to perform the 

classification. Using the same example for the similarity coefficient score, we chose the job’s field as “finance” 

and the job’s title as “accountant”. Once the button “upload” is clicked, the scraping process will start, and the 

job requirements selected and the applicant’s information will be displayed on the next page, as illustrated in 

Figure 5. On top of the dashboard, the job’s requirement is listed according to the seven attributes chosen for 

this study. There is also information on the total of applicants that match the requirements.  
 

 

  
 

Figure 4. “Upload file” page 

 

Figure 5. View the “display information” page 
 

 

The system allows the user to click the “classification” button to show the applicant’s information 

with its eligibility status, either “eligible” or “ineligible” on the right row, as depicted in Figure 6. The user 

may choose to click “download all applicants” to see the details. The system exhibits the eligible applicants 
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along with their corresponding eligibility rates once the “view eligible applicants” button is selected as shown 

in Figure 7. At the top of the page, the dashboard visualizes the total number of eligible applicants, which is 4. 
 
 

 
 

Figure 6. View the “applicant’s eligibility status” page 

 

 

 
 

Figure 7. View the “eligible applicants” page 

 

 

The user has the choice to click the “download list” button to refer to the detailed information. The 

analysis page was displayed after the user clicked the “overview of applicants analysis” button. Figure 8 shows 

a pie chart of the total eligible and ineligible applicants. There are four eligible applicants at 57.1% and three 

ineligible applicants at a percentage of 42.9%.  

Following the pie chart, Figure 9 shows the bar chart of the eligibility rate of the applicants plotted in 

decreasing order to ease the analysis. The y-axis denotes the eligibility rate, whereas the x-axis signifies the 

applicant’s name. The chart is composed of bars, with each bar representing an applicant and its height 

corresponding to that applicant’s eligibility rate. With that, the user can quickly identify and analyze the top 

applicants with the highest eligibility rate. 
 

 

  
 

Figure 8. Pie chart of eligible applicant(s) vs. 
ineligible applicant(s) 

 

Figure 9. Bar chart of the eligibility rate of applicant(s) 
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The next page is the “attribute analysis” page. This page visualizes three proportions of total 

applicants: eligible applicants and ineligible applicants. For each proportion, it analyses seven attributes used 

for the classification in this research. There will be two visualizations in total to differentiate the classification.  

The first analysis was visualized using a stacked bar chart, where each applicant’s name and 

satisfaction status for each attribute were displayed. Figure 10 shows that out of four eligible candidates, Winda 

fulfils the attributes of certification, experience, and education. Catriona and Kiroshini fulfil attributes for 

certification and education, while Harshimah only fulfils education attributes. 

The second analysis was visualized based on states in Malaysia, as in Figure 11. Figure 11(a) using 

the pie chart of the total applicants based on the geographical distribution of applicants across different states 

in Malaysia: WP Kuala Lumpur, WP Putrajaya, Selangor, and Negeri Sembilan. It gives an overview of which 

states have a higher number of applicants. Then, we split the pie chart in Figure 11(b) to determine which state 

the four eligible candidates are. As can be seen, there are two eligible candidates from Selangor and WP Kuala 

Lumpur. Figure 11(c) depicts the pie chart breakdown of the numbers of ineligible candidates that come from 

WP Kuala Lumpur, WP Putrajaya, and Negeri Sembilan. 
 

 

 
 

Figure 10. Stacked bar chart of attributes satisfied by eligible applicant(s) 

 

 

 
 

Figure 11. Pie chart of: (a) total applicants based on state distribution in Malaysia, (b) state of four eligible 

candidates, and (c) breakdown of the numbers of ineligible candidates 

 

 

3.4.  Usability testing 

In calculating the SUS score, the responses provided by participants to the SUS questionnaire were 

used. For this study focus, we conducted interviews with three HR expert personnel who were available for the 

usability testing due to the time constraints available to complete the study. The questions were divided into 
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two types of statements, where questions with odd numbers (1, 3, 5, 7, 9) are phrased positively. For this type, 

the respondent’s response score from 1 to 5 was deducted by one. The questions with even numbers  

(2, 4, 6, 8, 10) are phrased negatively. Five points will be deducted from the response score for these questions. 

The points were tallied together once the adjustments were made for all the questions. The final score was 

multiplied by 2.5 to convert the total points into a SUS score on a scale of 0 to 100. This calculation method 

allows for a standardized assessment of the system’s perceived usability, with higher SUS scores indicating 

better usability. Table 1 shows the findings of the SUS with the raw and final score. The respondents 

predominantly selected a scale of 4, representing “agree”, for the positively phrased questions. Conversely, the 

respondents mainly selected a scale of 1 for the negatively phrased questions.  
 

 

Table 1. SUS scores findings 
Question No. 1 2 3 4 5 6 7 8 9 10 SUS raw score SUS final score 

Expert A 4 1 5 1 4 2 4 1 4 1 35 87.50 

Expert B 5 2 4 1 4 1 5 2 5 1 36 90.00 

Expert C 4 1 4 1 5 1 5 1 4 1 37 92.50 

Average 90.00 

 

 

The overall percentage for SUS in this study is 90%, which indicates that the system is considered 

good. According to Misdan et al. [33], the average SUS score is 68, and scores above 85 are associated with 

“excellent”. Scores above average at 71 are presented as “good”, and scores at 51 are considered “ok”. Based 

on these criteria, with a SUS score of 90%, the system in this study falls within the excellent rating range, 

indicating positive feedback from the participants.  
 

 

4. CONCLUSION 

This study aims to help recruiters identify and select the most suitable candidate who meets the job’s 

requirements. Based on the information gathered, we classify and visualize the eligibility rate to find the most 

suitable applicants that fit the job offered. The NB model that was applied in this study enables the system to 

do the classification tasks. In addition, the diverse visualizations were analyzed from the information gained in 

the system application, enabling them to make informed decisions during the hiring process. Clear and intuitive 

visualization enables the recruiters to retrieve and summarize information about eligible and ineligible 

applicants. The eligibility rate allows recruiters to efficiently handle and gain a comprehensive understanding 

of all applicants who meet their criteria in a shorter amount of time. The leveraging power of NB sorts the most 

qualified candidates for a position and visualization techniques based on the seven attributes for classification: 

title, location, education, years of professional experience, skills, languages, and certificates. For further study, 

we recommend adding more functions for contacting the shortlisted applicants from the system and adding 

more job fields.  
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