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ABSTRACT 
 
 

With over one million fresh graduates entering the job market in Bangladesh each year, 

employers often struggle to find technically capable individuals who meet industry needs, 

leading to a significant mismatch between available talent and job requirements. This paper 

proposes a machine learning-based solution to enhance the job search process for fresh 

graduates by analyzing their CVs and recommending the most suitable job opportunities. The 

system evaluates the efficiency of each job relative to the candidate’s qualifications, allowing 

job seekers to see how well a particular position aligns with their academic and professional 

background. By considering factors such as job preference and relevance, the system offers 

personalized job recommendations, improving the accuracy of matches. The approach not only 

streamlines the recruitment process, saving time for both employers and job seekers, but also 

addresses the challenge of finding the right fit in a competitive job market. Using ensemble 

algorithms, the system achieves a 94% accuracy rate in predicting the best job matches for 

candidates, significantly improving job placement success. Additionally, the system’s ability 

to analyze complete CVs ensures that job seekers receive the most relevant recommendations, 

helping to bridge the gap between the skills fresh graduates possess and the positions available 

in the market. This has the potential to make a substantial social impact by aligning talent with 

industry needs and supporting more efficient hiring practices across Bangladesh. 
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CHAPTER 1 
 

Introduction 

 
 

1.1   Introduction 

Every year in Bangladesh, a significant number of fresh graduates enter the job market with 

high hopes of securing their first jobs. However, despite their aspirations, many struggle to find 

positions that align with their qualifications and career goals. The transition from academic life 

to the professional world is often challenging, especially for freshers who may lack the practical 

skills or experience that employers seek. This gap between educational qualifications and 

industry requirements creates a significant mismatch in the job market, leaving many graduates 

unemployed or underemployed. BDJOBS, one of the leading job portals in Bangladesh, 

recognizes this challenge and organizes two to three job fairs annually, specifically targeting 

fresh graduates. These job fairs are designed to provide a platform for recent graduates to meet 

with potential employers and explore job opportunities. Despite the efforts to bridge the gap 

between fresh graduates and employers, there is still a pressing need for a more systematic 

approach to job matching, one that can help both job seekers and employers find the right fit 

efficiently. 

Fresh graduates often face the daunting task of navigating the job market without the necessary 

tools or guidance. While job descriptions are readily available, understanding whether one’s 

skills and qualifications align with the job requirements can be a complex and subjective 

process. Many candidates may not have a clear idea of how to assess their suitability for a job 

based on the description provided. Additionally, the lack of work experience or specific skill 

sets can lead to confusion about which jobs to apply for and which to avoid. This results in 

many fresh graduates either applying for jobs for which they are overqualified or, conversely, 

applying for positions that require skills they have not yet acquired. As a result, the recruitment 

process becomes inefficient, with employers receiving applications from candidates who may 

not be the best fit for the job. 

On the other hand, employers face their own set of challenges during the recruitment process. 

In the absence of a structured system that accurately matches job requirements with candidates’ 

skills, employers often find themselves inundated with applications from candidates who may 

not possess the required qualifications. This mismatch between candidates’ skills and job 

requirements not only slows down the hiring process but also increases the likelihood of 

making hiring decisions that do not meet the organization’s long-term needs. Furthermore, the 
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recruitment process can be time-consuming and costly, particularly for businesses that do not 

have access to sophisticated recruitment technologies. The need for an efficient, automated 

system that can accurately match job seekers with the positions they are most suited for is 

becoming increasingly clear. 

We propose a machine learning-based system designed to enhance the job search process for 

fresh graduates in Bangladesh. The goal of this system is to analyze candidates’ CVs and 

compare them with job descriptions to determine whether the candidate is qualified for the 

position. The system will take into account various factors such as educational qualifications, 

skills, work experience, and other relevant parameters to provide personalized job 

recommendations. By doing so, fresh graduates will be able to quickly identify the jobs for 

which they are best suited, while employers can more easily find candidates who meet their 

specific needs. This automated approach not only saves time for both job seekers and 

employers but also increases the likelihood of successful job placements, thus reducing the 

mismatch between candidates and job opportunities. 

The primary problem we aim to address in this research is the persistent mismatch between job 

seekers' qualifications and employers' requirements in Bangladesh. With an unemployment rate 

of 4.7% [1] among the youth and around 800,000 students graduating annually [2], many 

graduates struggle to secure jobs in their desired fields. This mismatch can be attributed to 

several factors, including a lack of awareness among job seekers about their own skills and 

qualifications and the inefficiencies in the traditional recruitment process. The goal of our 

research is to develop a systematic solution that facilitates better job matching, thereby 

improving employment outcomes for fresh graduates and providing employers with access to 

a pool of suitable candidates. 

To guide our research, we have formulated the following research questions: 

➢ RQ1: Which machine learning models are most effective in predicting job eligibility 

for fresh graduates in Bangladesh based on their academic and personal background? 

➢ RQ2: If job descriptions provide detailed information, what are the advantages of using 

a machine learning-based system for predicting job suitability for fresh graduates? 

In previous works addressing the issues faced by job seekers, various machine learning and 

data mining techniques have been employed to predict job seekers' success and readiness for 

employment. Models such as logistic regression [3], support vector machines, and decision 

trees [4] have been used to assess the prospects of candidates primarily based on academic 

performance and related metrics. However, while these approaches provide a foundation for 

understanding candidate suitability, they often overlook the multifaceted nature of job 
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readiness, which includes not only academic achievements but also practical skills, personal 

attributes, and other contextual factors. 

Moreover, previous studies have highlighted the importance of considering both explicit 

qualifications (such as degrees and certifications) and implicit attributes (such as soft skills and 

learning potential). Despite providing valuable insights, these earlier models are often 

insufficient to capture the complete picture of a candidate's readiness for the job market. For 

instance, they may fail to account for the dynamic nature of job requirements in today's fast-

paced and ever-changing employment landscape. Thus, there is a pressing need to build upon 

these previous findings and develop a more holistic approach to job matching that incorporates 

a wider array of factors. 

In this paper, we introduce a machine learning-based job matching system designed to assist 

fresh graduates in identifying suitable job opportunities based on their qualifications and skills. 

By leveraging advanced algorithms, our system analyzes candidates' CVs and compares them 

with job descriptions to determine their suitability for specific roles. This analysis encompasses 

various elements, including educational qualifications, relevant work experience, and essential 

skills. Furthermore, the system provides valuable feedback to candidates, allowing them to 

identify areas for improvement and better understand their standing in the job market. 

Job fairs, particularly those organized by BDJOBS, present an ideal environment for 

implementing such a system. These job fairs attract a diverse range of participants, including 

recent graduates from various disciplines and employers from different industries. However, 

the sheer volume of participants can make it challenging for job seekers to find the right 

opportunities and for employers to identify the best candidates. By integrating the proposed 

machine learning system into the job fair process, both job seekers and employers can benefit 

from a more streamlined and efficient recruitment process. For fresh graduates, the system can 

act as a virtual career advisor, helping them understand which jobs they are qualified for and 

which ones they should pursue. For employers, the system can serve as a pre-screening tool, 

filtering out candidates who do not meet the job requirements and highlighting those who are 

most likely to succeed in the role. 

The significance of this research lies not only in its potential to improve employment outcomes 

for fresh graduates but also in its broader implications for the job market in Bangladesh. By 

providing candidates with personalized feedback and facilitating better job matching, our 

system can contribute to reducing unemployment rates and fostering a more skilled workforce. 

Additionally, by enhancing the efficiency of the recruitment process, employers can benefit 

from quicker hiring cycles and improved access to qualified candidates. This research aligns 
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with the growing need for innovative solutions in the recruitment landscape, particularly in 

developing countries like Bangladesh, where job seekers face unique challenges. 

In conclusion, the proposed machine learning-based job matching system addresses the 

pressing challenges faced by fresh graduates and employers in Bangladesh’s job market. By 

analyzing candidates’ CVs and job descriptions, the system provides personalized job 

recommendations that increase the likelihood of successful job placements. This not only 

benefits job seekers by helping them find positions that align with their skills and qualifications 

but also improves the efficiency of the recruitment process for employers. The system’s 

potential to make a positive social impact by addressing the skills gap and reducing 

unemployment rates among fresh graduates further underscores its importance. As BDJOBS 

continues to organize job fairs each year, the implementation of such a system could 

revolutionize the way fresh graduates navigate the job market, making the process more 

efficient, effective, and rewarding for all parties involved. 

 

1.2 Motivation 

The motivation behind this research is rooted in the pressing challenges faced by fresh 

graduates in Bangladesh as they transition from academic life to the professional workforce. 

With around 800,000 students graduating from universities and colleges each year, the job 

market is saturated with young talent. However, a significant proportion of these graduates 

struggle to find employment that aligns with their skills and aspirations. This situation creates 

a paradox where the demand for skilled labor remains high, yet many positions remain unfilled 

due to a lack of suitable candidates. According to reports, over 90% of employers indicate that 

they have difficulty finding candidates with the appropriate skill sets, further exacerbating the 

issue of unemployment. 

The need for a systematic approach to job matching has never been more critical. Traditional 

recruitment processes are often labor-intensive, relying heavily on manual screening of 

resumes and subjective assessments of candidates. Such methods can be inefficient and may 

lead to the unintentional exclusion of qualified candidates. Many graduates, despite possessing 

relevant academic qualifications, may not be aware of their suitability for various job roles. 

This disconnect highlights the necessity for a more data-driven approach to recruitment that 

leverages technology to streamline the hiring process. 

Machine learning presents a viable solution to these challenges. By utilizing algorithms that 

can analyze vast amounts of data, machine learning models can assess candidates based on a 

multitude of factors, including academic performance, personal background, and specific job 
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requirements. This capability not only enhances the accuracy of job eligibility predictions but 

also facilitates a better understanding of candidates' strengths and weaknesses. Furthermore, it 

allows job seekers to receive tailored recommendations that align with their skills, ultimately 

leading to improved job satisfaction and career fulfillment. 

Moreover, the implementation of a machine learning-based job matching system can 

significantly reduce the time and resources expended by employers during the recruitment 

process. With the ability to quickly analyze candidate data against job descriptions, 

organizations can efficiently identify suitable candidates and streamline their hiring 

procedures. This advancement is not only beneficial for employers but also fosters a more 

equitable job market where fresh graduates can find positions that match their capabilities and 

aspirations. 

The motivation for this study is also informed by the evolving landscape of recruitment 

technology globally. Many countries have adopted data-driven approaches to enhance their 

hiring processes, yielding positive results in terms of efficiency and candidate satisfaction. By 

adapting these innovative methodologies to the context of Bangladesh, this research aims to 

contribute to the development of a robust job matching system that empowers both job seekers 

and employers. 

In summary, the motivation for this research lies in the urgent need to address the employment 

challenges faced by fresh graduates in Bangladesh. By harnessing the power of machine 

learning, this study aims to create a more effective and efficient job matching system that not 

only predicts job eligibility accurately but also enhances the overall recruitment experience for 

both candidates and employers. This initiative will help bridge the gap between the skills of 

fresh graduates and the demands of the job market, ultimately contributing to a more 

prosperous and sustainable workforce. 

 

1.3 Expected Outcome 

The expected outcomes of this research on enhancing freshers' job seeker success through a 

machine learning approach to predictive analytics are multifaceted and aim to address the 

significant gaps in the current job market landscape in Bangladesh. Below are the key 

anticipated outcomes: 

I. Improved Job Matching Accuracy: By leveraging advanced machine learning algorithms, 

the research aims to significantly enhance the accuracy of job matching for fresh graduates. 

The developed predictive model will analyze various data points—such as academic 

performance, personal skills, and job requirements—to provide tailored job recommendations. 
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This outcome will facilitate a more precise alignment between candidates and job 

opportunities, reducing the chances of misfit in recruitment. 

II. Enhanced Candidate Awareness: The research seeks to empower fresh graduates by 

providing them with insights into their job eligibility based on their profiles. The outcome will 

include a user-friendly interface that allows candidates to assess their fit for various job roles. 

This transparency will enable graduates to identify their strengths and areas for improvement, 

fostering a proactive approach to their career development. 

1. Streamlined Recruitment Process: For employers, the implementation of this 

machine learning-based system is expected to streamline the recruitment process. By 

automating the initial screening of candidates and predicting job suitability, 

organizations can save significant time and resources. This efficiency will enable hiring 

managers to focus on high-value activities, such as conducting interviews with the most 

qualified candidates. 

2. Reduction in Unemployment Rates: With an improved job matching system, it is 

anticipated that the unemployment rate among fresh graduates in Bangladesh may 

decline. By facilitating better job matches and ensuring that graduates find positions 

that align with their skills and aspirations, this research aims to contribute to a more 

robust labor market where qualified individuals can secure meaningful employment. 

3. Data-Driven Insights for Policy Makers: The research outcomes will also generate 

valuable data-driven insights that can inform policymakers and educational institutions. 

By identifying trends and gaps in the skill sets of graduates compared to industry needs, 

stakeholders can make informed decisions regarding curriculum development and 

workforce training programs. This alignment will ultimately contribute to creating a 

workforce that is better equipped to meet the demands of the job market. 

4. Framework for Future Research: The methodologies and models developed in this 

research can serve as a foundation for future studies in the domain of job matching and 

employment analytics. By documenting the challenges and solutions identified 

throughout this study, it will provide a reference point for subsequent researchers 

aiming to explore similar topics or enhance existing systems. 

5. Enhanced Collaboration Between Academia and Industry: Finally, the research is 

expected to foster greater collaboration between academic institutions and industry 

players. By providing insights into the skills that employers seek, educational 

institutions can adjust their curricula to better prepare students for the job market.  
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In conclusion, the expected outcomes of this research are designed to create a positive impact 

on both job seekers and employers in Bangladesh. By employing machine learning to enhance 

job matching accuracy and candidate awareness, this study aims to contribute to a more 

efficient and effective recruitment process, ultimately leading to improved employment 

outcomes for fresh graduates. 

 

1.4 Report Layout 

In this, we have six chapters in total. Each chapter is approached from a different side and Each 

chapter has several topics discussed in detail. Here is the content of this report: 

Chapter 1 

This chapter has - 1.1 Introduction part, 1.2 About the Motivations, 1.3 This Research Expected 

Outcome, and 1.4 Full Report Layout. 

Chapter 2 

This chapter has about - 2.1 Introduction, 2.2 Related Works, and 2.3 Summary of the 

Research. 

Chapter 3 

In this chapter, describes the entire workflow. There are some sections in it, 3.1 Introduction, 

3.2 Research Subject and Instrumentations, 3.3 Data Collection, 3.4 Data Preprocessing, 3.5 

Statistical Analysis, 3.6 Methodology 3.6.1 Support Vector Machine (SVM) 3.6.2 Multilayer 

perceptron 3.6.3 Convolution Neural Network (CNN) 3.6.4 XGBoost 3.6.5 Decision Tree 3.6.6 

Cosine Similarity 3.6.7 Data Validation 3.6.8 Data Training and Testing 

Chapter 4 

In this chapter we talk about the results of this study, 4.1 Introduction, 4.2 Descriptive Analysis, 

4.3 Experimental Analysis, 4.3 Discussion. 

Chapter 5 

In this chapter discussed social impact in our society, 5.1 Impact on Society, 5.2 Ethical 

Aspects, and 5.3 Sustainability Plan. 

Chapter 6 

This Section discussed 6.1 Summary of The Study, 6.2 Conclusion, 6.3 Implication for Further 

Work. 
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CHAPTER 2 
 

Background Studies 
 

2.1 Introduction 

Numerous machine learning studies have been conducted previously, and we are highly 

motivated to contribute to this field. Our research journey began with an extensive review of 

related literature, which inspired us to delve deeper into machine learning. Below, we present 

a selection of previous works that significantly influenced our understanding and approach. 

 

2.2 Related Works 

In the systematic integration of research, the mobility, and use of specific layers of workforce 

analysis and strategic planning based on ML are investigated in various aspects. A sample 

research focused on investigating correlation between demographic variables, and some of the 

employee performance parameters as age, position and employment period [5]. As indicated 

by another analysis, it is advisable that an efficient method of a combination of both the model 

of machine learning and business analytics should be adopted for the purpose of effective 

prediction of the human performances [6]. In contrast, the research about Saudi IT labor market 

pointed that the skills mentioned and mention skill and here highlight certification and soft 

skills during the recruitment [7]. Research also explores the use of ML-augmented approaches 

to the application of career decision-making; such as integrating interest theories with 

information [8]. All these studies therefore converge to support the proposition that the use of 

ML in work and people management especially in talent management, recruitment and career 

development is revolutionary in various parts of the world. 

 

AI and ML have become integrated into most of the HRM functions with special importance 

in talent acquisition and management, employee engagement, and learning development [9]. 

Another advancement in recent technology, especially self-learning Artificial Intelligent 

platforms like CareerConnect discussed in S. Asnani et al. [10] also enhance job and career by 

recommending job posts to applicants with their employers’ contact numbers. AI and big data 

analysis in the scope of IT industry help in reducing bias and enhancing the diversification of 

candidates [11]. However, these approaches also present challenges in data privacy, Privacy 

Shield, personally identifiable information, and algorithms by their nature appear to give bias 

results and reinforce societal injustices thus requiring more comprehensive training, and fairly 

punitive rules and regulations. 
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Several theoretical articles focus on the absence of the journalism and media education [12], 

and students’ perception on employability preparedness achieved through University education 

[13]. Consequently, directions and changes in and for higher education are responding to 

economic and political processes to enhance employability of graduates and enhance links 

between education and the SDGs [14]. They draw awareness to the fluidity of education and 

employment systems in developing countries and in the globalization age [15].  

Work placements along with the realistic signal-providing strategies also come to the fore as 

critical enabler that can influence employability and the skills of moving from education to 

practice. Exercises like case writing, competency application and selecting one’s vocations are 

part of their preparation process [16] and enables students prepare to face the professional 

markets of their choice [17]. In light of the previous empirical evidence, on-empirical 

experiences of practical during undergraduate studies help to provide the signals that employers 

want from job seekers of the respective training and skills practice [18]. Moreover, explaining 

how employers and graduates bargain with each other increases awareness of the graduate’s 

need to demonstrate several employability skills and competency other than the certificates 

[19]. The details within this information point out the fact that in order to overcome the 

specifications in the process between education and other subsequent and antecedent tasks in 

the labor market people need to work a lot. 

 

The given practical experience jointly with efficient signaling constitutes the efficient activity 

which can help to enhance the students’ employment prospects and their further transition from 

education to work. The specificity or customization of tasks achieved at this level of learning 

improves on the indicators as perceived by employers and thus the call for applying theory 

[20]. Additionally, recognising the changes in the articulated partnership between employers 

and graduates for the dynamic process of decision- making in recruitment requires 

employability skills and capability of graduates other than humility in their academic 

achievements [21]. These findings therefore provide further support and appreciation of the 

detailed process of the elimination of the gaps between learning and work environment. 

 

Learners’ feedback on their experience of gainful employment after education completion as 

found in the study [22] makes the calls for both traditional teaching methods, a learning-

centered course delivery approach and the integration and application of innovations in 

delivery methods within the higher learning institutions. The best practices employed include 
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problem solving, group operations, project focused with an emphasis on constructive learning 

as they enhance the other relevant skills that would be needed in a career. Communication with 

students, employers, governments, employer associations, alumni, and parents, as well as the 

continuous enhancement of the relations, are also emphasized in order to enhance graduate 

employability. However, such concerns as those in the study are limitations for instance using 

only one method of analysis [23], exclusion of the employment aspect together with social 

issues in Education. Likewise, handling the problem associated with the difficulty of defining 

Online Reputational Fake (ORF) and indicates that features of rule-sets are less accurate to 

capture semantic characteristics as compared to Word Embeddings and transformer models 

[24]. Examined research on job involvement prediction models concern the comparison of 

GLM, in which it is proved that the factors of the interaction of the variables are different in 

the methods under consideration [25]. Furthermore, reviewing the literature on three 

components of job embeddedness [26], toward a new model of job embeddedness, SONB, that 

explains the existence of transitions from job to job [27]. Lastly, the studies focused on 

estimation procedures indicate that the heterogeneity detection is somewhere between the 

values mentioned above, though is confirmed the efficiency of Adaptive LASSO in variable 

selection. 

 

This work proposes the JobFit system, extending MLP models, using NLP in this scenario, and 

utilizing CFR to enhance the job recommendation systems and by so doing, mimic the HR 

decisions about the job applicants.[28] Potential administrative cost savings of employing 

algorithmic anticipations in PES have been discussed but specific topics regarding the 

reduction of labor market inequalities and discrimination are also needed [29]. From the results 

achieved in text classification study, Random Forest was found to be the most efficient when 

it comes to big data with high levels of accuracy as espoused by [30]. The literature analysis in 

the present work highlighted that while on the one hand the AI and machine learning are 

capable to remove people and on the other hand it also creates employment opportunities [31]. 

Studies done at Banglalion Communication Ltd. reveal that organizational culture is 

significantly linked to the level of employees’ job satisfaction in their organization and has a 

bias towards stability and regulation aspects [32]. Following works expand AI computations 

for the prediction of job outcomes with substantially higher achievement levels using Random 

Forest and other classifiers compellingly [33]. SVML was also performed effectively and 

Random Forest was helpful in classifying common attributes such as the work environment 

and the acknowledgement of beautifying the job satisfaction of teachers in Bangladesh [34]. 
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All these studies also demonstrate how AI and machine learning can be seen as the 

reconceptualisation of job matching, organisational processes and worker health and wellbeing 

across various formations. 

 

The available evidence indicates that the job satisfaction factors influence the turnover 

intention in organizations; this ranges from job insecurity, pay, promotion among others as 

stated [35]. Another discursive strategy is that the life stressors that affect working women in 

Bangladesh have detrimental effects for women both in terms of career and personality 

characterizations due to dual role of working women, both as home makers and working 

women. The importance of gender equality and equal opportunities have been listed as some 

of the fundamental requirements to enhancing economic performance per capital and wealth in 

the future [36]. As for any analysis of graduates’ employment, any other factors which affect 

employment include other studies, skill enhancement, and waiting for employment. Examining 

the methods of classification in the given analysis, the paper stresses the need for better data 

search and adds value to future works in this line [37]. From the employability factors of the 

graduates of the University of the KwaZulu Natal, the data mining techniques identified J48 as 

the best method for analyzing the other significant predictors which included; age, the faculty 

that the student was associated with, the field of study, co-curriculum activities, marital status, 

industrial internship and the English language proficiency [38]. In aggregate, those works 

comment on the multifaceted nature of the concept of job satisfaction and the role of gender 

stereotyping in the recruitment process, potential determinants of graduate employment 

prospects, and the appropriateness of sound methodological techniques in research. 

 

Learner’s age,how he or she takes their secondery examinations in relation to their proficiency 

level in English performance and matching their performances in the aptitude tests are other 

attributes that together enhances the employment prediction as embraced in the proposed model 

of enhancing the placement destination in the first year of enrollment [39]. Again, several 

papers have examined the performance of Decision Tree and Support Vector Machine 

techniques in identifying student employability using factors like quality of communication, 

the quality of mentoring, income of the family and quality of teaching as sensitive indices, and 

the authors have realised a high level of accuracy of 98 per cent with them relative to Naive 

Bayes and K- Nearest Neighbour algorithms [40]. In the case of career prediction, there are 

promising research work employing machine learning approaches which are described [41], 

however, better accuracy along with better interpretability of the models are becoming essential 
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requirement to enhance the experience of providing career counseling services as well as to 

increase the employability, as discussed earlier. In addition to assisting the students make 

predictions concerning the courses that are most suitable for them and failure levels this system 

also assists the education institution make forecasts on the admission rates [42]. Furthermore, 

the Career Prediction System based on the modern machine learning at its core really provides 

students with true outlines of potential careers based on their skills, which goes straight to the 

concept of career effectiveness offering a set of given courses and tasks [43]. In sum, all these 

studies bear testimony about the potential of machine learning in education for enhancing the 

decision making and readiness of student to get successful career. 

 

2.3 Summary of Research 

This paper addresses the issue of graduate unemployment in Bangladesh, where a significant 

number of fresh graduates enter the workforce each year despite 90% of employers struggling 

to find qualified candidates. To bridge this gap, the investigation advocates for the adoption of 

advanced machine learning techniques, specifically sophisticated computer software that 

utilizes ensemble learning algorithms, which have shown accuracy rates of up to 94% in 

predicting and evaluating candidates based on academic performance data from job fairs and 

interviews. By employing various algorithms, including Convolution Neural Network (CNN), 

XGBoost, Decision Trees, Multilayer perceptron, and Support Vector Machines (SVM), the 

study generates a robust prediction model that assists organizations in selecting candidates 

while helping individuals assess their job suitability. This innovative approach not only aligns 

university qualifications with industrial requirements but also facilitates efficient recruitment 

strategies, ultimately improving the effectiveness of the employment industry in Bangladesh. 

The findings highlight the transformative potential of machine learning in enhancing 

recruitment processes and support graduates in their pursuit of meaningful employment, 

contributing positively to the overall employment landscape in the country. 
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CHAPTER 3 
 

Research Methodology 
 

 

3.1 Introduction 
 

To find the employment status depending on the job seekers’ capability, skills we targeted the 

event of two freshers job fairs organized by Bdjobs.com Limited, a leading job searching 

platform of Bangladesh, where we found the data regarding the job seekers’ educational 

qualification, related skills and their employment history (if any). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1: Overall Work Procedure. 

 
 
To safeguard the credibility of the project, we have devised a structure of tasks it will be 

composed of. As a start, we create an appropriate data acquisition scheme. datas are 

subsequently collected from various sources. In the next step, we apply the filtering and 

missing values filling procedures. Then, we study the data with an aim of locating trends or 

patterns. Following that, we split off test and train datasets for our model assessment. Following 

we use machine learning algorithms and train our models. Then we measure the accuracy of 

these models and decide the best one will fulfill our goals. 
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3.2 Research Subject and Instruments 

 

Our thesis, titled "Enhancing Job Fair Success for Freshers in Bangladesh: A Machine Learning 

Approach to Predictive Analytics," addresses the crucial research area of job seeker analysis. 

Recognizing the significance of this topic, we employed machine learning models in our 

methodology due to their suitability for the mathematical functions integral to our proposed 

approach. Utilizing deep learning models was not feasible for us, as it demands advanced skills 

and specialized hardware, including high-performance PCs and GPUs. Below is the list of 

essential software and hardware that facilitated our model's development: 

 

Hardware: 

• Intel Core i3 (7th Generation) with 8GB RAM 

• 1TB HDD 

• 256GB SSD 

• Access to Google Colab with GPU support 

 

Software and Development Tools: 

• Windows 10 operating system 

• Python 3.7 programming language 

• Libraries and frameworks including Plotly, NumPy, Plotly Dash, and pandas 

 

 

3.3 Data Collection 

The core objective of our proposed project revolves around data acquisition, which serves as 

the essential foundation for our research. We've gathered a dataset from bdjobs.com Limited, 

drawn from two job fairs held in March and September of 2023. This dataset comprises 

information on 34,054 fresh graduates representing various universities across Bangladesh. 

Out of these applicants, 10,137 received job offers, while 23,917 were unsuccessful. Our 

dataset also delves into the experience levels of applicants, highlighting the challenges faced 

by many experienced candidates in securing job offers. Furthermore, we analyze applicants 

based on their CGPA, specifically focusing on those with a CGPA of 3.25 or higher. With 

sixteen attributes meticulously collected, our dataset provides comprehensive insights into the 

intricacies of the job market and factors influencing job placement outcomes. 
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Table 3.3: The Data Table Represents The Category Of Job Seeker 
 

Tuple Name Description 

Application ID Unique identification number of registered user 

Name Name of user 

Age Age of user 

Gender Gender of user 

Bach. Edu Org Whether from a Public or Private Organization; Public: 1 and Private: 0 

Bachelor 

Subject 

The subject of pursuing Bachelor Degree 

Masters Whether the Job seeker achieved a postgraduate degree or not 

Masters Edu 

Org 

Whether from a Public or Private Organization; Public: 1 and Private: 0 

Masters 

Subject 

Subject of pursuing Master’s Degree 

Technical Skill Comparison of job profile; if match threshold >0.6 then 1, else 0 

Soft Skill Comparison of job profile; if match threshold >0.6 then 1, else 0 

Education 

Result 

Scoring over CGPA 3.25 or not; Over CGPA 3.25:1, Less than CGPA 3.25: 0 

Experienced Whether Job seeker had job experience 

CV_Details Comparison of job profile; if match threshold >0.6 then 1, else 0 

CV_Category Type of CV 64 categories. 
 

In our dataset, we've compiled information from a total of 34,054 applicants. Among them, 

10,137 individuals, representing approximately 29.75% of the total applicants, received job 

offers during the two job fairs. Conversely, the majority of applicants, comprising about 

70.25% of the dataset, did not secure any job offers, totaling 23,917 individuals. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3.1: Amount of output wise dataset. 
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Figure 3.3.2: Percentage of dataset. 

 

3.4 Data Preprocessing 

Data preprocessing which should be an indispensable part of dataset refining, covers the stages 

in the processing of those imperfections that can be the missing, noisy or erroneous values. 

Indeed, the truth is that the data themselves are faulty by their nature, and therefore, the 

preprocessing stage is the first and integral step towards restoring their quality. This data 

cleaning and refining process can be viewed as a systematic approach aimed at transforming 

the data towards its accurate and apt form for the succeeding analytics or modeling tasks. 

Through preprocessing, we get a better quality dataset with integrity up to mark, hence, before 

obtaining accurate and useful information we have to lay a solid base with it. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 3.4: Preprocessing techniques. 
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In our research on predicting job suitability for candidates, we employ various skills data 

preprocessing techniques, including lemmatization, stop word removal, and tokenization. 

These techniques play a crucial role in refining the skills data we analyze, improving the 

effectiveness of our machine learning models. 

Lemmatization is utilized to reduce words to their base or dictionary form, known as the 

lemma. This standardization is important for ensuring that different forms of a skill are treated 

as the same entity, thus enhancing the accuracy of our model. 

Consider the skills listed by candidates: "analyzing," "analyzed," and "analysis." Through 

lemmatization, we convert these variations to their base form "analyze." 

This process reduces redundancy in our skills dataset. For instance, instead of treating 

"analyzing" and "analysis" as separate skills, we consolidate them into the lemma "analyze." 

This improves our model's ability to recognize and match skills accurately across different 

candidates.Stop word removal eliminates common words that do not contribute significant 

meaning to the skills data, such as "and," "the," "to," and "with." By filtering out these words, 

we focus on the essential skills that candidates possess. 

 If a candidate describes their skills as "the ability to conduct market research and analyze data 

effectively," applying stop word removal results in the relevant skills: "ability," "conduct," 

"market," "research," "analyze," "data," "effectively." 

By removing stop words, we reduce noise in the dataset and ensure that our analysis focuses 

on meaningful content. This leads to clearer identification of the skills candidates possess, thus 

improving the prediction model's accuracy when matching candidates to job requirements. 

Tokenization involves breaking down the text into smaller components, or tokens, typically 

words or phrases. This structured representation of data is crucial for further analysis and 

modeling.Given a candidate's skill statement: "Proficient in Python programming and data 

visualization," tokenization will split this statement into individual components: ["Proficient," 

"in," "Python," "programming," "and," "data," "visualization"]. 

Tokenization enables us to analyze skills more effectively by transforming unstructured text 

into a structured format. This facilitates various analytical processes, such as frequency 

analysis of skills or matching candidates to job descriptions based on tokenized skills. 

 

3.5 Statistical Analysis  

 

In this work, the dataset from bdjobs.com Limited, spanning 34,054 fresh graduates across 

various Bangladeshi universities from March and September 2023 job fairs, presents an 

opportunity for insightful analysis. Out of these applicants, 10,137 successfully secured job 
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offers, while 23,917 were unsuccessful. Through statistical methods such as regression and 

hypothesis testing, the factors influencing job offer outcomes and any temporal trends between 

the two job fairs can be explored. This analysis will contribute valuable insights into graduate 

employment dynamics in Bangladesh. 

 

3.6 Methodology 

 

Each work is executed sequentially and there is one work procedure to complete the work. In 

machine learning, there are different types of models, and these models have different types of 

motives. SVM, Multilayer perceptron, Convolution Neural Network (CNN), XGBoost and 

Decision Trees (DT) will be very convenient for our proposed work. 

 

3.6.1 Support Vector Machine (SVM) 
 

The working mechanism of SVM is based on the assumption that the hyperplane with the      

largest margin can be determined and that it will be used as a boundary to separate the data 

points into two distinct classes. The architecture of this method depends on data points input 

vectors in high dimensional space as features and support that covers in dividing and defining 

the margins, respectively. In addition to CNN, therefore, SVM is the other intelligent algorithm 

that is characterized by a kernel function that makes it possible to handle the non-linearly 

separable data and develops a cost function that is meant to minimize the risks of classification 

errors and ensure that the margin is maximized. 

 

 

 
 

 

Figure 3.6.1: Architecture of SVM Model [44]. 
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3.6.2 Multilayer perceptron 

 

A Multilayer Perceptron (MLP) is a type of artificial neural network consisting of an input 

layer, one or more hidden layers, and an output layer, with each layer comprising 

interconnected nodes (neurons). These connections form a fully connected network, where 

every neuron in one layer links to every neuron in the subsequent layer. MLPs are trained using 

backpropagation, a method that adjusts the weights to minimize the discrepancy between 

predicted and actual outputs. The network employs activation functions, such as ReLU or 

Sigmoid, to process the weighted inputs at each neuron. MLPs are particularly effective in 

handling complex problems, including classification and regression tasks, due to their ability 

to capture nonlinear relationships. They are extensively used in domains such as image 

recognition, speech processing, and natural language processing (NLP), making them a 

versatile tool for various applications. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6.2: Architecture of Multilayer perceptron Model [45]. 

 

3.6.3 Convolution Neural Network (CNN) 

 

Convolutional Neural Networks (CNNs) are hierarchical neural networks designed for 

processing grid-like data, such as images and sequences, excelling in both classification and 

regression tasks. They employ convolutional layers to extract features like edges, textures, or 

patterns while preserving spatial relationships, followed by pooling layers to reduce data 

dimensionality and enhance computational efficiency. These learned features are passed to 

fully connected layers for final predictions. Unlike simpler algorithms CNNs require explicit 
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training using backpropagation and gradient descent. Widely used in image recognition, object 

detection, and natural language processing, CNNs are a cornerstone of modern deep learning 

due to their ability to model complex patterns and handle large datasets effectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

igure 3.6.3: Architecture of CNN Model [46]. 
 

 

3.6.4 XGBoost 

 

XBBoost architecture is on top of the gradient boosting by making use of an ensemble of 

decision trees that is sequentially created to correct the mistakes. This includes the use of 

techniques which control overfitting, i.e. regularization, parallel processing and optimization 

goals which are tailored to the problem. Adopting a distributed architecture, it manages large 

data sets competently enough, and it is as competitive in classification and regression as other 

similar algorithms. The advantageous of XGBoost lies in its ability to combine the power of 

gradient boosting with state-of-the-art innovations, leading to it being a top preferred model in 

predictive modeling domains such as finance and healthcare thanks to its robustness, 

scalability, and high performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 3.6.4: Architecture of XGBoost Model [47]. 
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3.6.5 Decision Tree 

 

Decision trees' structures are comprised of nodes that stand for features and eligibility 

conditions for data splitting. The root node represents the establishment of the tree where it 

splits data by using an information gain or other splitting criterion. The internal nodes 

continuously split the datas while the leaf nodes represent the final classifications or the 

predicted. Decision trees, in particular, have an advantage in terms of intuitive visualization 

and simplicity making them the most popular in two different tasks – classification and 

regression. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6.5: Architecture of Decision Tree Model [48]. 

 

3.6.6 BERT Model 

In our research on predicting job suitability, we utilize cosine similarity to assess the alignment 

between job descriptions and candidates' skills from their CVs. This method offers several key 

benefits: 

1. Scale Invariance: By measuring the angle between vectors instead of their magnitudes, 

cosine similarity allows for meaningful comparisons between job descriptions and skill 

sets of different lengths, preventing skewed results. 

2. Effectiveness in High Dimensions: Cosine similarity is effective in high-dimensional 

spaces, helping to identify relevant relationships in sparse vectors, which is essential 

for accurately matching candidates' qualifications to job requirements. 

3. Thresholding for Decision Making: We set a cosine similarity threshold of 0.5. 

Candidates with a similarity score of 0.5 or higher are classified as suitable matches 

(1), while those below are deemed unsuitable (0). This binary classification streamlines 

the selection process and simplifies candidate filtering based on qualifications. 
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Figure 3.6.6: Architecture of BERT Model. 

 

3.6.7 Data Validation 

      
In this study, we allocated 10% of the dataset specifically for validation. This subset was set 

aside to fine-tune model parameters and enhance generalization, ensuring the model's 

performance is not overly tailored to the training data. To achieve this, we applied techniques 

such as k-fold cross-validation, which allowed us to train and validate the model across 

multiple data partitions, thereby improving its stability and robustness. Additionally, 

hyperparameter tuning methods like grid search were used on the validation set to identify 

the optimal configuration for the model's parameters, enhancing its predictive accuracy. This 

combined approach enabled the model to capture patterns more effectively and generalize well 

to new data, ultimately boosting its reliability in real-world applications. 

 

3.6.8 Data Testing and Training 

 

For the training and testing phases, we allocated 70% of the data for training and 20% for 

testing. During training, the model was exposed to a large portion of the data to learn 

underlying patterns and relationships. To enhance model performance, hyperparameter 

tuning was conducted through grid search, which systematically tested different parameter 
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combinations to find the optimal settings. For testing, the final 20% of the data, which the 

model had not seen during training, was used to evaluate its predictive performance. This 

separate test set provided an unbiased assessment of metrics such as accuracy, precision, recall, 

and F1-score, validating the model's robustness and applicability to real-world data. 
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CHAPTER 4 
 

Experimental Results and Discussion 

 

4.1 Introduction 

 

Before presenting the results, we will thoroughly examine the various algorithms utilized in 

this project. This chapter focuses on the outcomes produced by these algorithms. We employed 

the GloVe word embedding technique and tested multiple machine learning models, including 

Decision Tree, SVM, Multilayer Perceptron, CNN, and XGBoost. In our analysis, we highlight 

the performance of these models and the insights derived from their results. To optimize the 

models and reduce loss, we used the Adam optimizer, which is crucial for improving accuracy 

and reducing training time by efficiently adjusting parameters. Given the computational 

demands of training these models, a well-equipped computer with a GPU is necessary. Initially, 

we trained our models on a local machine, which led to extended training durations and 

inconsistent outcomes. To address these challenges, we leveraged Google Colab, benefiting 

from its free GPU service to achieve more consistent and efficient training results. 

 

4.2 Descriptive Analysis 
 
I. Accuracy: 

Accuracy is a crucial metric for evaluating models, assessing the correctness of predictions. It 

measures the proportion of correctly classified instances in a dataset. However, accuracy may 

not provide a complete picture, especially in datasets with imbalanced class distributions. In 

such cases, it may be misleading as it doesn’t consider the impact of false positives and false 

negatives on model performance. It is expressed as the ratio of correctly classified (TP+TN) 

and (TP+TN+FP+FN). 

 

 
 
II. Precision: 

Precision is a metric that assesses a model’s ability to identify positive instances among all 

predicted positive ones, aiming to minimize false positives. It’s crucial in medical diagnosis to 

minimize false alarms, but it doesn’t account for false negatives, allowing a model to achieve 

high precision even when missing many positive instances.  

                                           Precision= TP/(TP+FP)         ---------------------------------------(1) 
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III. Recall: 

Recall measures the model’s ability to accurately predict positive instances out of all actual 

positive instances in the dataset. It’s crucial in fraud detection, helping identify fraudulent 

transactions, but high recall may lead to increased false positives as the model becomes more 

inclusive.  

                                              Recall= TP/(TP+FN)           ---------------------------------------(2) 

IV. F1-Score: 

Of all the metrics used, the precision-recall tradeoff known as the F1-score is the most balanced 

one as it evaluates two metrics into a single score, Precision and Recall and produces the 

weighted average of the two so that a single score summarizes the performance of a certain 

model angle of the learning model’s assessment. It works well for datasets with uneven class 

distributions particularly where classes are overlapping or misclassified. Where such measures 

as precision and recall hold differing priorities accessibility to funds and the availability of 

resources can also depend on the requirements of a specific area of application. 

 

4.3 Experimental Analysis 
 

Table 4.3.1. Models Accuracy 
 

Algorithms Accuracy (Validation) Accuracy (Train) 

Decision Tree 92.46% 92.75% 

SVM 92.27% 92.27% 

MLP 93.53% 93.75% 

CNN 92.00% 92.33% 

XGBoost 94.42% 94.78% 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.3.1: Training and Validation Accuracy graph of Decision Tree Model.  
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Figure 4.3.2: Training and Validation Accuracy graph of SVM Model. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.3.3: Training and Validation Accuracy graph of Multilayer perceptron Model. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.3.4: Training and Validation Accuracy graph of CNN Model. 
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 Figure 4.3.5: Training and Validation Accuracy graph of XGBoost Model. 

 

Table 4.3.2. Models Loss 
 

Algorithms Loss (Validation) Loss (Train) 

Decision Tree 7.54% 7.25% 

SVM 7.73% 7.73% 

MLP 6.47% 6.25% 

CNN 8.00% 7.67% 

XGBoost 5.58% 5.22% 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.3.6: Training and Validation Loss graph of Decision Tree Model. 
 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.3.7: Training and Validation Loss graph of SVM Model. 
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 Figure 4.3.8: Training and Validation Loss graph of Multilayer perceptron Model. 
 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3.9: Training and Validation Loss graph of CNN Model. 
 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

                         Figure 4.3.10: Training and Validation Loss graph of XGBoost Model. 
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Table 4.3.3: Precision, Recall And F1 Score Result 

 

Algorithms Categories Precision (%) Recall (%) F1 Score (%) 

Decision Tree 

 

Offer 85.40% 97.31% 90.97% 

Not Offer 98.80% 93.04% 95.83% 

SVM Offer 83.74% 98.00% 90.52% 

Not Offer 98.40% 91.87% 94.09% 

MLP  Offer 85.95% 98.35% 91.39% 

Not Offer 98.93% 93.02% 95.88% 

CNN Offer 85.99% 94.47% 90.03% 

Not Offer 97.58% 93.56% 95.54% 

XGBoost Offer 86.50% 98.75% 92.00% 

Not Offer 99.50% 94.50% 97.00% 

  
I. Macro Average: 

Macro averaging calculates metrics (precision, recall, F1 score) for each class individually and 

then averages these values, giving equal weight to all classes regardless of their frequency. 

This approach is beneficial when evaluating models on imbalanced datasets, as it ensures that 

smaller classes are treated with the same importance as larger ones. In contrast, micro 

averaging aggregates the contributions of all classes before computing the metric, which is 

more influenced by the performance on the majority class. Thus, macro averaging is ideal when 

we want balanced performance across all classes, while micro averaging is suitable when 

overall classification accuracy is the primary focus. 

 

II. Weighted average: 

A weighted average allows each data point in a dataset to contribute differently to the final 

average, based on assigned weights, which is particularly useful when certain values or classes 

are more important. In classification tasks, a confusion matrix visually represents a model’s 

performance by detailing true positives (TP), true negatives (TN), false positives (FP), and 

false negatives (FN). True positives are correctly identified positive cases, indicating successful 

detection by the model, while true negatives represent correctly identified negative cases, 

showcasing the model's accuracy in ruling out negatives. False positives occur when a negative 

sample is incorrectly classified as positive, leading to unnecessary alerts or actions, while false 

negatives arise when a positive sample is missed or classified as negative, which can be critical 

in applications like disease detection or fraud prevention. These matrix components allow for 

the calculation of core metrics: accuracy (overall correctness), precision (the proportion of true 

positives among all positive predictions), recall (the proportion of true positives identified out 
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of all actual positives), and F1 score (the harmonic mean of precision and recall). Together, 

these metrics provide a comprehensive evaluation of a classifier’s strengths, weaknesses, and 

balanced performance across different classes, especially in scenarios with imbalanced data 

distributions. 

Table 4.3.4: Macro And Weighted Average Result 
 

 

Among the five algorithms examined, XGBoost show for being a leader across different 

metrics. It demonstrates the highest precision and recall overall, including macro and weighted 

averages, showing the best capability of classifying both classes (0 and 1). Having macro 

averages of precision, recall, and F1-score of 92.50%, 95.85%, and 94.00%, as well as the 

weighted averages of precision, recall, and F1-score of 95.50%, 94.75%, and 94.85%, 

respectively, the XGBoost algorithm surpasses all Its strong reliability and versatility proves 

its soundness for classification tasks which allows it to identify patterns hidden in the dataset 

and in addition come with precise predictions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 4.3.11:  Confusion Matrix of Decision Tree Model. 

A classification report that is depicted on a confusion matrix plot, shows the distribution of the 

predicted and actual classes of the Decision Tree model. In that mold, the model output 4468 

Algorithms 

Macro/Weighted 

Average Precision (%) 

 

Recall (%) F1 Score (%) 

Decision Tree 

 

Macro Average 92.09% 95.15% 93.39% 

Weighted Average 94.84% 94.29% 94.39% 

SVM Macro Average 91.87% 95.94% 93.46% 

Weighted Average 95.20% 94.27% 94.41% 

MLP  Macro Average 92.18% 95.30% 93.49% 

Weighted Average 94.94% 94.38% 94.48% 

CNN Macro Average 91.79% 94.02% 92.79% 

Weighted Average 94.17% 93.83% 93.91% 

XGBoost Macro Average 92.50% 95.85% 94.00% 

Weighted Average 95.50% 94.75% 94.85% 
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TP cases, 334 FP cases, 55 FN cases, and 1954 TN cases. The classifier matrix highlights 

spatial depictions of an ML model's performance in binary classification cases.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.3.12:  Confusion Matrix of SVM Model. 
 

The SVM model showed remarkable performance, as it is evident within its confusion matrix. 

In 4412 cases it was rightfully positive and 2009 cases it was rightfully negative, whereas it 

demonstrated precision in categorizing both instances. Significantly, the model just lacks false 

negative predictions, which is the evidence that the model is reliable in detecting positive cases. 

Although it misclassified 390 there instances as positive, this was, however, only outdone by 

the high number of correct predictions. In general, the performance of SVM model was highly 

predictive and supported the right classification of cases in the dataset. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.3.13:  Confusion Matrix of Multilayer perceptron Model. 
 

 

The Multilayer perceptron model demonstrated itself to be the very most efficient in its 

predictive capability by looking at its confusion matrix. Besides defining the terms, positive 
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and negative classes, it stood out as a skillful model accurate in 4467 positive and 1962 true 

negative cases. The model produced 335 wrong-positive, and 47 false-negative predictions that 

affected the accuracy. The model still performed a highly true overall prediction nonetheless it 

did have some misclassification problems. Combining all this together, we see that the 

Multilayer perceptron model fulfills essential predictive characteristics and is able to correctly 

classify data instances in the input data set. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3.14:  Confusion Matrix of CNN Model. 

The efficacy of the CNN algorithm has been rigorously proved by reaching to large TP and TN 

and fewer FP and FN. The model brings representative and real-time values of true positive 

and true negative demonstrating the true power which is the main purpose of sensor. The model 

also has false positive and false negative values of 309 and 111 respectively which is 

significantly lower than the previous models and the performance is only surpassed by 1%.  

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.3.15:  Confusion Matrix of XGBoost Model. 

For the XGBoost model, True Positives (TP) and True Negatives (TN) are exactly correct 

simple and negative predictions, so there is the smaller the number of False Positives (FP) and 
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False Negatives (FN). With 4463 true positives and 1976 true negatives as well as with 339 

false positives and 33 false negatives, this model proves its accuracy besides the strong capacity 

to classify objects rightly. 

 

Table 4.3.5: Confusion Measure Matrix Result 

Algorithms FPR FNR NPV FDR MAE MSE RMSE CKS 

Decision 

Tree 

 

0.15 0.01 0.97 0.07 0.06 16.82 4.10 0.87 

SVM 0.16 0.00 1.00 0.08 0.06 22.33 4.73 0.87 

MLP  0.15 0.01 0.98 0.07 0.06 16.80 4.10 0.87 

CNN 0.14 0.02 0.94 0.06 0.06 15.83 3.98 0.86 

XGBoost 0.15 0.01 0.98 0.07 0.05 17.03 4.13 0.87 
 

XGBoost is most successful model among all models tested by achieving highest performance 

in several criteria. Among all classification algorithms, XGBoost has the distinguished feature 

of recording a very low FPR (FPR = 1%) and the least possible FNR (FNR = 0.01%). This 

indicates that it has the ability to determine both correct and incorrect cases. Moreover, it is 

imbued with a strong NPV of 0.98 that is indicative of precise determination negative cases. 

Next, XGBoost gives evidence of high precision and accuracy, among other things. For this, it 

demonstrated low error measurements by (MAE, MSE, RMSE). CKS value of 0.87 obtained 

for XGBost shows strong resemblance between prediction and actual results, indicating highly 

important reliability and resilience capacities of XGBoost for predictive modeling applications. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.3.16: Accuracy comparing of five models. 

The XGBoost model is the best one as it reaches 94.54% accuracy while all other models 

evaluated have less accuracy. Humanize: This says that XGBoost has the best accuracy as 
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compared to SVM, Decision tree, Multilayer perceptron, and CNN which have ranges of 

accuracies between 92.00 to 93.70. 

 

Table 4.3.6: Predicted Testing Outcome 

 
 

Algorithms Data Actual Class Predicted Class 

 

 

 

 

 

XGBoost 

Gender:1,Age:24, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:0, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:0, 

EDU_Result:1, EXPerienced:0,cv_details:0,cv_category:8 

 

 

Not Offer 

 

 

Not Offer 

Gender:1,Age:25, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:1, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:1, 

EDU_Result:1, EXPerienced:1 

,cv_details:0,cv_category:8 

 

 

Offer 

 

 

Offer 

 

 

 

 

 

Decision 

Tree 

Gender:1,Age:24, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:0, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:0, 

EDU_Result:1, EXPerienced:0 

,cv_details:0,cv_category:8 

 

 

Not Offer 

 

 

Not Offer 

Gender:1,Age:25, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:1, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:1, 

EDU_Result:1, EXPerienced:1,cv_details:0,cv_category:8 

 

 

Offer 

 

 

Offer 
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Algorithms Data Actual 

Class Predicted Class 

 

 

 

 

 

MLP 

Gender:1,Age:24, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:0, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:0, 

EDU_Result:1, XPerienced:0,cv_details:0,cv_category:8 

 

 

Not Offer 

 

 

Not Offer 

Gender:1,Age:25, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:1, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:1, 

EDU_Result:1, XPerienced:1,cv_details:0,cv_category:8 

 

 

Offer 

 

 

Offer 

 

 

 

 

 

 

CNN 

Gender:1,Age:24, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:0, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:0, 

EDU_Result:1, 

EXPerienced:0,cv_details:0,cv_category:8 

 

 

Not Offer 

 

 

Not Offer 

Gender:1,Age:25, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:1, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:1, 

EDU_Result:1, 

EXPerienced:1,cv_details:0,cv_category:8 

 

 

Offer 

 

 

Offer 

 

 

SVM 

Gender:1,Age:24, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:0, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:0, 

EDU_Result:1, 

EXPerienced:0,cv_details:0,cv_category:8 

 

 

Not Offer 

 

 

Not Offer 
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Algorithms Data Actual 

Class Predicted Class 

 

 

SVM 

Gender:1,Age:25, Bachelor:1,Bachelor  Education 

Organization (Public / Private):1, B_SUBJECT:1, 

Masters:0,Masters Education Organization (Public / 

Private):0, m_SUBJECT:0,Appeared in Mock 

Interview:1,Technical Skill:0,SOFT Skill:1, 

EDU_Result:1, 

EXPerienced:1,cv_details:0,cv_category:8 

 

 

Offer 

 

 

Offer 

 

 

Table 4.3.7: Predicted Testing Outcome for Skill 

 

  Algorithms  Data 

 

Score 

 

Recommend 

 

 

 

 

 

 

 

BERT  

Job Seekers Skill: Java, Python, SQL, MongoDB 

Job skills: Java, C, Python, SQL 

Job Seekers Soft Skill: Communication, Teamwork, 

Time Management 

Required Job Soft Skills: Leadership, 

Communication, Problem-Solving 

Job Seekers CV Details: A software engineer with 

3+ years of experience in Java and Python 

development, adept at writing efficient code and 

managing databases using SQL and MongoDB. 

Job Description: We are looking for a software 

engineer proficient in Java, Python, and SQL. The 

candidate should also have strong communication and 

leadership abilities and experience in problem-solving 

and database management. 

 

 

 

Technical 

Skills: 0.75 

Soft Skill: 0.80 

Description: 

0.72 

 

 

 

 

 

 

 

 

     IF 

score>0.6 

Then 1 

 

 

 

 

BERT 

 

 

Job Seekers Skill: Java, MongoDB 

Job skills: Java, C, Python, SQL 

Job Seekers Soft Skill: Leadership, Teamwork, Time 

Management 

Required Job Soft Skills: Leadership, Problem-

Solving 

 

 

 

Technical 

Skills: 0.50 

Soft Skill: 0.40 

 

 

 

Skill: 

C, Python, 

SQL, Problem-

Solving 
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Algorithms Data Score Recommend 

 

 

 

 

BERT 

 

Job Seekers CV Details: A software engineer with 

3+ years of experience in Java and Python 

development, adept at writing efficient code and 

managing databases using SQL and MongoDB. 

Job Description: We are looking for a software 

engineer proficient in Java, Python, and SQL. The 

candidate should also have strong communication and 

leadership abilities and experience in problem-solving 

and database management. 

 

 

 

Description: 

0.50 

 

 

 

 

 

 

Description: 0 

 

 

4.4 Discussion 
 

In our study, we explored the capability of various machine learning models to predict job 

eligibility for fresh graduates in Bangladesh, based on their academic and personal 

backgrounds. We evaluated five algorithms—Decision Tree, Support Vector Machine (SVM), 

Multilayer perceptron Convolution Neural Network (CNN), and XGBoost—on their 

performance metrics, including accuracy, precision, recall, and F1-score. The results indicate 

that while all models exhibit strong predictive capabilities, there are distinct differences in their 

accuracy and efficiency, particularly highlighting the effectiveness of XGBoost as a leading 

choice for this task. 

The accuracy of machine learning models in predicting job eligibility for fresh graduates is 

essential for addressing the challenges faced by employers in Bangladesh. Based on RQ1: 

Which machine learning models are most effective in predicting job eligibility for fresh 

graduates in Bangladesh, our evaluation showed that all tested models achieved high 

accuracy levels, with XGBoost attaining a validation accuracy of 94.42%. Other models, such 

as Multilayer perceptron (94.53%) and Decision Tree (94.46%), demonstrated comparable 

performance. This indicates that machine learning algorithms can effectively analyze 

graduates’ academic achievements, skills, and personal backgrounds to predict their eligibility 

for job roles. 

In addition to accuracy, the models were evaluated on precision, recall, and F1-score to provide 

a comprehensive view of their predictive capabilities. XGBoost showed a precision of 85.35% 

for the "Offer" category and 99.26% for the "Not Offer" category, demonstrating a strong 

ability to identify unsuitable candidates accurately. Moreover, its recall rate of 98.35% for the 
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"Offer" category further confirms its effectiveness in identifying eligible candidates. The F1-

score for XGBoost was 91.39%, highlighting its balance between precision and recall. Overall, 

the findings suggest that machine learning models, particularly XGBoost and Multilayer 

perceptron, can significantly enhance the recruitment process by accurately predicting job 

eligibility based on the relevant backgrounds of fresh graduates. 

The advantages of using a machine learning-based system for predicting job suitability when 

detailed job descriptions are provided are significant. First, such systems can efficiently process 

and analyze vast amounts of data, allowing them to identify patterns and correlations between 

job descriptions and candidate profiles. This capability leads to more precise matching of 

candidates with job requirements, facilitating early and accurate job matching. 

Second, detailed job descriptions often include various attributes such as required skills, 

experience levels, and educational qualifications. Machine learning algorithms can leverage 

this information to develop predictive models that assess how well a candidate's academic 

background and skills align with the specified requirements. This results in improved accuracy 

in determining which graduates are likely to succeed in specific roles, ultimately enhancing the 

quality of hires. 

Additionally, utilizing machine learning for job matching saves significant time for both 

employers and candidates. By automating the initial screening process, organizations can 

quickly identify suitable candidates, reducing the time spent on manual reviews of resumes and 

applications. This time-saving aspect allows recruiters to focus on high-potential candidates 

more efficiently, streamlining the overall hiring process. 

Furthermore, machine learning systems can continuously learn from new data, adapting to 

changing job market demands and evolving skill requirements. By incorporating feedback from 

previous hiring decisions and candidate performances, these systems can refine their predictive 

accuracy over time, providing a dynamic solution to the recruitment challenges faced by 

employers in Bangladesh. Ultimately, leveraging machine learning for job suitability 

predictions not only enhances efficiency but also ensures a more effective and timely approach 

to matching fresh graduates with suitable job opportunities. 

4.5 Research Gap 

Despite the growing interest in utilizing machine learning techniques for recruitment and job 

matching, significant gaps exist in the current literature and practices, particularly in the context 

of Bangladesh. Existing research primarily focuses on traditional recruitment methods, which 

often fail to align with the dynamic needs of the job market and the evolving skill sets of fresh 

graduates. Many studies have addressed the challenges faced by graduates in securing 
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employment; however, there is limited exploration of how machine learning can effectively 

bridge this gap by providing data-driven solutions for predicting job eligibility. 

1. Lack of Context-Specific Studies: Most machine learning applications in recruitment are 

drawn from studies conducted in developed countries, where job markets and educational 

systems differ significantly from those in Bangladesh. This absence of context-specific 

research limits the applicability of findings to local conditions, making it challenging to 

understand how these models would perform in the unique socio-economic landscape of 

Bangladesh. 

2. Insufficient Focus on Fresh Graduates: While there are studies on recruitment and 

candidate evaluation, few explicitly target the fresh graduate demographic in Bangladesh. This 

group faces distinct challenges, such as a lack of work experience and alignment between 

academic training and industry requirements. Research tailored to this population is essential 

for developing predictive models that accurately assess job eligibility based on academic and 

personal backgrounds. 

3. Underutilization of Advanced Machine Learning Techniques: Although traditional 

machine learning models like Decision Trees and SVMs have been explored, there is a notable 

lack of studies employing advanced ensemble learning algorithms, such as XGBoost and 

Multilayer perceptron, in the Bangladeshi context. These models have demonstrated superior 

performance in various applications but remain underutilized in predicting job suitability and 

eligibility. 

4. Need for Comprehensive Evaluation Metrics: Many existing studies focus solely on 

accuracy without considering other critical performance metrics such as precision, recall, and 

F1-score. A more holistic evaluation of machine learning models is necessary to understand 

their effectiveness in real-world recruitment scenarios, particularly regarding how well they 

can identify suitable candidates and minimize false positives. 

5. Integration of Job Descriptions and Candidate Profiles: There is a gap in research that 

explores how detailed job descriptions can be integrated with candidate profiles to enhance the 

predictive capabilities of machine learning systems. Understanding how various job attributes 

interact with candidates' skills and experiences could lead to more effective matching processes 

and improved hiring outcomes. 

6. Time-Consuming Recruitment Process: Traditional recruitment methods can be time-

consuming and labor-intensive. Machine learning-based systems, especially when combined 

with detailed job descriptions, can automate and streamline this process, allowing employers 
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to quickly identify the most suitable candidates, thereby significantly reducing the time 

required for hiring decisions. 

This aligns with RQ2, where detailed job descriptions can lead to more precise candidate-job 

matching, significantly reducing the time spent by employers in reviewing unsuitable 

candidates. Machine learning systems can process vast datasets efficiently, providing timely 

and accurate job recommendations. This not only speeds up recruitment but also improves the 

quality of hiring decisions. 

By addressing these gaps, this study aims to contribute valuable insights into the use of machine 

learning for improving job matching and eligibility predictions for fresh graduates in 

Bangladesh, ultimately enhancing the effectiveness of the recruitment process. 
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CHAPTER 5 
 

Impact on Society, Environment and Sustainability 
 
 
 
 
5.1 Impact on Society 

 

The findings of this research hold significant social relevance, particularly in addressing 

challenges within the job market. By leveraging advanced machine learning algorithms, we 

have enhanced the ability to predict job eligibility across various job categories. This approach 

not only facilitates a better match between job seekers and available positions but also aligns 

individuals with roles that match their career preferences and qualifications. 

One of the most profound societal benefits of this research is its potential to create more work 

opportunities, thus improving overall productivity and efficiency in the labor market. By 

optimizing job matching, employers can fill vacancies more effectively, while job seekers can 

secure roles that suit their skills and aspirations, reducing the mismatch often seen in traditional 

recruitment processes. 

Additionally, this machine learning-based approach contributes to reducing unemployment by 

improving the rational utilization of human resources. As the system efficiently connects 

qualified candidates with suitable positions, it stimulates economic growth by increasing 

workforce participation and minimizing the time spent on manual recruitment efforts. In turn, 

this can lead to broader economic stimulation and contribute to a more robust and dynamic 

labor market. 

 

5.2 Ethical Aspects 
 

In the realm of research, ethics serves as the foundational framework guiding the design, 

methodology, and results of various studies. Researchers are committed to adhering to rigorous 

ethical guidelines, especially when working with human subjects, to ensure the integrity and 

impact of their work. These ethical principles are essential for safeguarding the rights, privacy, 

and dignity of participants, while also preventing any potential harm or exploitation. 

Ethical research guidelines go beyond mere regulations; they call upon researchers to maintain 

transparency, integrity, and accountability throughout the research process. Upholding 

academic ethics enhances the credibility of the research and increases the likelihood of its 

acceptance within the scholarly community, thereby contributing to the advancement of 

knowledge. 
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In developing our methodologies and business models, we strictly adhere to universal human 

rights and ethical principles. We place a strong emphasis on protecting participants' rights 

throughout the research process, with a focus on preserving their autonomy, dignity, and 

privacy. We comply with essential ethical standards, including the principle of confidentiality, 

which safeguards sensitive information related to research subjects. 

 

5.3 Sustainability Plan 
 

Our primary objective is to develop machine learning-based algorithms that enhance the 

success of fresh job seekers. Specifically, our program, particularly the SVM model, has the 

potential to facilitate significant shifts within companies and organizations, leading to 

transformative outcomes in recruitment practices. 

To ensure the long-term effectiveness and relevance of our model, it is essential to recognize 

that it is tailored for specific datasets. Consequently, a comprehensive range of datasets 

encompassing various dimensions of job dynamics will be critical for supporting and sustaining 

future developments. As these datasets continue to evolve, we can expand the application of 

our model beyond its current capabilities, extending its utility across educational, industrial, 

and commercial sectors, among others. 

Our vision is for this model to emerge as a leading solution in both big data management and 

the broader landscape of universal data needs. By continually updating and refining our 

algorithms in response to new data and trends, we aim to maintain our model's relevance and 

effectiveness, positioning it as a valuable resource for future job seekers and employers alike. 
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CHAPTER 6 
 

Conclusion and Future Work 
 
 
 

6.1 Summary of the Study 
   
To accomplish our objective, we meticulously followed a series of steps, each designed to 

contribute to our understanding of fresher job seeker success prediction. These steps 

encompassed data collection, preprocessing, model training, evaluation, and validation. Firstly, 

we curated a comprehensive dataset encompassing diverse attributes of fresher job seekers, 

including their educational backgrounds, skills, and eventual employment outcomes. Next, we 

meticulously processed and cleaned the data to ensure its reliability and suitability for analysis. 

Subsequently, we employed a range of machine learning algorithms, including decision trees, 

support vector machines, Multilayer perceptron, K-nearest neighbors, and XGBoost, to train 

predictive models on the prepared dataset. Through rigorous evaluation and validation 

procedures, we identified the most effective algorithms for forecasting fresher job seeker 

success. Our systematic approach aimed to uncover the underlying factors influencing fresher 

job seeker outcomes, ultimately contributing valuable insights to inform recruitment and career 

planning strategies. 

Step 1:  

Datasets collect from Bdjobs.com limited  

Step 2: 

Collect all data in CSV 

Step 3:  

Data preprocessing and split..  

Step 4:  

Models Validation.  

Step 5:  

Use ML and DL models, Decision Tree, CNN, SVM, Multilayer perceptron, and XGBoost 

models.  

Step 6:  

Model test and train. 

Step 7: 

Result check and decision. 
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6.2 Conclusion 

 

The paths to better socio-technical and smart recruitment systems in Bangladesh were revealed 

by our study using data mining and AI algorithms. We emphasize the course of applying 

advanced computational techniques to receipts during job exposure fairs, that can be making a 

contribution to true revolution in the employer's recruitment processes. Research has shown 

the applicability of diverse aggregation learning methods ranging from XGBoost, Multilayer 

perceptron to Decision Tree, which have achieved impressive results with the average accuracy 

of 94% Interestingly, from the arsenal of models we utilized, XGBoost proved to be the best 

with accuracy of 94.5 %. The results of this research confirm the dynamic abilities of the 

machine learning algorithms for the improvement of recruitment at the level of decision-

making. Leveraging on predictive analytics, job fairs may have a possibility to become more 

efficient in linking graduates and job seekers to employers, and this would not only help 

businesses but also educational institutions. Ahead, the investment which gives promise to 

causes the revolution is being made in predictive analysis and machine learning to transit 

through youth employment in Bangladesh and across all other countries and it this in 

combination of different sectors of the state, industry and academia results in the economic 

development by the progress in employment of job seekers. 
     
6.3 Implementation for Further Work 
 
We identified several limitations, including the inadequacy of our dataset and challenges with 

closed domains. Recognizing that experimental research is continually evolving, future 

improvements are necessary. Upon completing this study, we plan to expand our model by 

incorporating more data to enhance accuracy and exploring additional deep learning or hybrid 

algorithms. Future work will also involve comparing various machine learning and deep 

learning models to further refine our approach. 
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