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Abstract—In Bangladesh, fresh graduates face a tough job
market, with far more candidates than available positions. Many
traditional job search methods depend heavily on matching
keywords, but these often miss the mark when it comes to
truly connecting people with roles that fit their skills and
career goals. This study looks at a new job recommendation
system that combines different machine learning techniques, like
content-based and collaborative filtering, to make job matching
smarter and more accurate. By incorporating natural language
processing, deep learning, and career path analysis, the system
aims to offer recommendations that feel more personalized and
relevant. This study explored with various machine learning
models, utilizing data from employment platforms, resumes, and
recruitment trends. Out of all the models, decision trees stood
out, achieving an accuracy of 88
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I. INTRODUCTION

The rise of digital tools and the widespread use of online job
boards have greatly altered the way people look for work all over
the world. It is a busy time for the job market in Bangladesh as
the unemployment problem is increasing with a massive number
of graduates from public and private universities. The digital age
and the internet have caused many job boards to offer a huge
amount of jobs for seekers but it seems to be a little tasking to
search through these jobs, it is time-consuming because it seems
to be very difficult to pick and apply for a job that fits your
capacity [1]. For many job seekers, this means sifting through a
lot of jobs that don’t align with their skills, experience, or career
goals. Standard job search techniques (keyword searching) may
not account for the larger context of a candidate’s skills and
career path. As such, there is a significant demand for advanced
job recommendation systems that automate and optimize the
process by contextually matching available jobs to candidates,
specifically adapted to the South Asia job market, and more
specifically, the Bangladeshi job market.

For the development of personalized job recommender sys-
tems, the adoption of machine learning (ML) and deep learn-
ing (DL) techniques is important because they can analyze
large volumes of data to present job trends and predict job
seekers’ preferences to generate accurate job recommendations
[2]. Contrary to conventional methods with pre-set thresholds,
present machine learning methods can learn in the context
of job markets that are constantly changing. Most traditional
models of jobmatching assume a person’s skill remains static
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over time as their career evolves. However, in dynamic job
markets competencies are always being refined and added as
industries advance and recruiter interests change; thus, job
recommendation systems that adjust according to the career
growth and allow people to work on gaining skills are still needed.
A well-implemented job recommendation system could present
individualized job recommendations reflecting changing skills
demands and market trends, increasing job seeker satisfaction
and employer productivity.

Unemployment and job search in Bangladesh, people often
use platforms such as Bdjobs, Chakri.com, and LinkedIn which
use a variety of job matching algorithms to improve job access.
Yet, it remains challenging for them to overcome various issues
such as algorithmic biases for job recommendations, issues in
integrating new users, known as the cold-start problem, and no
existing system for skill progression tracking. In comparison to
international job portals such as Indeed and Glassdoor, local
job portals typically do not have advanced Albased filtering
that takes into account long-term career trajectory and the
changing nature of skills [3]. For enhancing job recommendation
system empowered with NLP, deep learning, and graph-based
career trajectory modeling such that it can overcome these
limitations and generate job recommendations that are more
accurate as well as skill and career-oriented, just according to the
demand of the job seekers of Bangladesh. Machine learning (ML)
algorithms, such as deep learning (DL), can be used to analyze
job seeker profiles and employer requirements to enhance the
efficiency, personalization, and effectiveness of the job search
process. Content-based filtering algorithms, like TF-IDF and
Cosine Similarity, can be utilized to measure a fit level between
job description and candidate skills, thus improving the relevance
of the job recommendation.

The results of this research have significant implications for
graduates from private and public universities in Bangladesh.
Graduates from public institutions particularly Dhaka Univer-
sity,Bangaldesh University of Engineering Technology (BUET),
Jahangirnagar University, and Rajshahi University compete with
those from private universities such as American International
University-Bangladesh (AIUB), North South University (NSU),
BRAC University, East West University and other medical
colleges around the country. Students in those private institutions
usually reap the benefits of industry relationships, internship
opportunities, and access to an international job network. There-
fore, graduates from different institutes may face varied job-
seeking difficulties, so skill acquisition patterns and industrial
trends should be taken into account in institution-specific job
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recommendations.

The objectives of this study are to improve existing job recom-
mendation models through a comprehensive analysis including a
Bangladesh-specific perspective and to develop an advanced skill-
based job recommendation system. The framework is designed
to facilitate the linkage between job seekers and employers,
for which lists of potential candidates are being recommended
based on the updated skill sets, career objectives, and academic
background of the candidates as well as employers can reach the
potential talent pools. This study contributes to job matching
technology development in Bangladesh, toward a more efficient
data-driven job marketplace for job seekers and employers.
Such systems employ NLP and machine learning to align job
demands and candidate skills so that recommendations are
meaningful. These systems employ techniques such as Term
Frequencylnverse Document Frequency (TF-IDF) and Cosine
Similarity to determine the match level between candidate skills
and job requirements. The ongoing learning and adjustment of
those systems is what enables them to be effective and persistent
in the evolving world of work — bridging the gap between talent
supply and demand.

II. METHODOLOGY

In this study, a data-driven machine learning approach is
proposed to develop a smart job recommender system, which
is specifically targeted to recommend jobs for the job market
of Bangladesh consisting of fresh graduates and job-seeking
people associated with the American International University-
Bangladesh (AIUB) community. The challenge is to enhance the
efficacy of job matching using structured and unstructured data
coming from real job postings, resumes, and labor trends. Con-
sidering the challenge of recommending the skills of candidates
to a regularly updating industry, this work combines several
machine learning algorithms, NLP, and decision tree algorithms
to build such a recommendation system.

In this study, applied experiments based on the dataset adopted
in our work from different fields to be sound and diverse. This is
in line with the importance of diverse datasets in model accuracy
and generalization in other domains, e.g. in health data, where
the literature has shown that the use of diverse data decreases
algorithmic bias and improves model performance for different
groups [4]. For this study information pulled from experimental
by collecting data from AIUB University, which served a couple
of industry trends around technical job jobs. In addition, HR de-
partments of prestigious organizations in Bangladesh contributed
recruitment information, such as job descriptions, qualification
prerequisites, and recruitment preferences. To make the model
more applicable in the context of the job situation in Bangladesh,
we collected data from 300 resumes (CVs) of different applicants
representing academic diversity and professional variety. In this
way, this comprehensive method ensures that the dataset reflects
career stage and employment needs in a meaningful way. The
dataset was enriched with job advertisements on a variety of
domestic and foreign job boards in areas such as engineering,
marketing, management, and pedagogy. The inclusion of gradu-
ates new to the firm, middlecareer staff, and even recruit staff
allows the model to adequately represent the various career stages
and job requirements.

Then split the data set into training and testing datasets to
enable model training and evaluation, a standard practice in
ML recommendation systems. Performance evaluation metrics,
including precision, recall, and F1 score were used to measure
the performance of the recommendations as these metrics are
extensively used to measure the relevance of job recommendation
systems. It is important to note that the model was tested for
flexibility (to be adapted and validated to the other job market
demands, not only AIUB), as job requirements may change and
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so will the recommendation system as well. Due to the large
number of AIUB graduates primarily in the fields of Computer
Secience and Engineering(CSE), Software Engineering, Bachelor
of Business Administration (BBA), and Electrical and Electronic
Engineering (EEE), the system was structured to recognize the
vacancy position (job role) of industries that are needed in the
present time, which facilitates informing the intelligent talent
recommendation algorithms. By examining job market dynamics,
ML algorithm extracts useful information about career evolution,
helping job seekers to understand career advancement within
their domains, that currently fall beyond the capabilities of
recommendation algorithms for job applications. This coincides
with AIUB’s mission to close the gap between education and
employment and thus offer skilled graduates to the workforce (a
goal shared by other Al-based job recommendation systems are
aiming to provide).

This research provides a point of departure for building
an advanced context-sensitive Job Recommender System (JRS)
that incorporates ML, NLP, and decision-tree-based classifiers.
Results imply considerable opportunity for improving the ac-
curacy and validity of job recommendations for job seekers
in Bangladesh by making the recommendations skills driven,
market-responsive, and elastic to survive the market trend. Per-
sonalized to the requirements of AIUB graduates which intends
to enhance the employability and career progression of university
graduates upon entry to the working world. Introducing context
features into the recommendation is essential to providing truly
personalized and context-aware job suggestions, therefore helping
jobseekers overcome the limitations of competitive job markets.

Count
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Figure 1. Comparative Analysis of Degree

The gender distribution is presented in Figure 2. Data shows its
male candidates are the majority. There are five male candidates
for every female candidate. The percentage of employment is
much lower among women than among men.

In this research, we analyze the demographics of job job-
seeking population in Bangladesh to improve the accuracy
and quality of job recommendations. Unemployment in the
Bangladesh market is full of complexity, where new graduates
every year come out from both public and private universities,
and competitors are taking birth/new entrants continuously.
Many of these job seekers are from reputed universities such
as the AIUB, NSU, BRAC University,DU, BUET, etc. Analyzing
the age distribution of job seekers offers valuable information
about employment activities, career advancement opportunities,
and the evolution of user engagement across different stages of
the career life cycle.

The examination of the age distribution among job seekers
shows that people 24—28 years old are the most active ones
in seeking a job. This is quite meaningful since in Bangladesh
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Figure 2. Comparative Analysis of Gender

majority of the university graduates complete their bachelor’s
degree when they are 22-24 years old and enter into the first
phase of job hunt and career searching. “The age group is
people who are beginning their careers, so a lot of entry-
level or mid-level roles in professional jobs such as IT jobs,
business administration, finance, and engineering are in demand.”
The American International University Bangladesh (AIUB) is a
prominent private university in Bangladesh and many graduates
particularly in CSE, BBA, and EEE graduates are looking for
employment after completing their degree. But the graduate
unemployment rate is still too high estimates say as many as
10% of university leavers are out of work.

Young people under the age of 24 are less resourceful on
the job-hunting front, with many still in education or involved
in internships and graduate trainee schemes. A considerable
number of students of colleges like AIUB, as well as the students
of similar colleges in our country and Universities prefer getting
into professional practice either as interns or freelancers or
doing part-time jobs before embarking on their professional
life. This is consistent with the idea in the literature that early
work experience might be conducive to long-term employment
and earnings. Research shows that the career counseling and
placement service of AIUB has a specific impact on the way AIUB
graduates search for jobs in the market and increase job skills
which makes them more employable. These programs make an
important impact as they enable youth job seekers to learn skills
and apply strategies that support positive job search outcomes
despite adverse economic environments. As people turn 32, their
intensity to search for a job slows as they work on becoming
established in their careers. This isn’t just isolated to one market
but is happening all around the world. In the Bangladeshi labour
market, professionals of mid-career and above tend to move into
managerial or senior-level roles which can result in a decrease
in the number of job applications. These job switches are the
result of a variety of factors including professional development,
industry change, pursuit of financial enrichment. In addition, in
the public sector, which in general is associated with higher job
security, mid-career public workers tend to have smaller numbers
of job transitions compared with private workers, who tend to
experience more frequent changes in jobs.

In order to have exact age-based job matching, we had to
convert birth date into ages, as native datasets often contain
birth date rather than ages. To address the issue of potential
inconsistencies in extracting age information based on raw birth
date dates, we further transformed DATE OF YEAR into AGE
values converted through computations. A standard processing
method was adopted for consistency between records, accounting
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for different formats of birth date in different sources.

Min Max Scaler was used for normalizing the AGE feature
in the training of the machine learning model. It means that the
age values are scaled in a general range such as [0, 1], which
reflects the proportional relationships between data. Feature
scaling is important in recommendation systems, which also
apply in job recommendation models, as it prevents numerical
features like age from dominating predictions. The introduction
of normalization, in this way, allows us to treat the age as
an additional data point rather than allowing it to control
the ranking process, thus improving the model’s fairness and
accuracy. This approach is especially significant in machine
learning problems in the presence of Highly varying feature scales
and it aids algorithms to function properly.

The act of including age as a predictor variable allows the tool
to tailor job recommendations in a manner that reflects the stage
of a user’s career and industry standards. For example, young
job seekers under 24 (x-minors), and fresh graduates from AIUB
and similar private universities could be motivated to only focus
on internships, entry-level positions, and volunteering/skill devel-
opment programs. Conversely, 24-32 year old, the largest group
of currently active job-seekers in Bangladesh are encouraged to
apply for roles that provide career development, specialization,
and professional development. And for those who are 32 and
older, particularly if they’re at mid-level/senior level, they get
presented with job recommendations that offer clear career
advancement to other executive roles and allow you to further
lead in areas that you have expertise in, industry knowledge to
match.

Contributions of this study include improving the job-
matching strategies in the Bangladeshi job market by adding the
age-based especially machine learning based job recommendation
that guarantees the recommendations closely follow local job
trends and career pathways. The AIUB is one of the main
drivers of this agenda; AIUB’s graduates are one of the largest
suppliers to the private sector, notably in technology, business,
and engineering. An age-conscious recommendation system can
assist AIUB graduates in their career path, and help them
make the segue from academia to the industry much more
comfortable. This phenomenon is important to respond to the
ever-changing needs of the labor market, where lifelong learning
and adaptability have become key to thriving in the more and
more competitive scenario, driven by technological progress and
demographic changes.

0
22 23 24 25 26 27 28 29 30 31 32 33 34
AGE

Figure 3. Comparative Analysis of Age
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A. ML Approach

Figure 4 shows the proposed job recommendation system,
which includes structured data processing flow, and the job-
matching approaches. The Recommendation Composer Module
is a key technical part of the system and is in charge of the on-the-
fly collection and analysis of candidate-specific, meta-information
at the login time. Such meta-data would contain important
information such as work experiences, academic degrees, skills,
and career interests. The Job Filter 542 is an interface between
candidate profile data and the job database to provide relevant
job listings according to selection criteria.

Once the filtering is performed, the Recommendation Algo-
rithm itself generates the query parameters for the extraction
of relevant job entries from the database. Such a step is
essential in job recommendation systems, as in systems that
employ a collaborative filtering technique to recommend the
right candidates for the job positions. These queries intend to
efficiently extract as much as possible of the most relevant job
offers while considering parameters like required qualifications,
skill-relatedness, seniority level, and affiliation with industry
sectors, exactly as hybrid filtering methods combine several
characteristics to maximize recommender accuracy. The resulting
data set is analyzed and prioritized for job suitability based on
the suitability of the job, candidate preferences, and specific job
needs of the employer, an approach that is frequently used by
content-based filtering methods targeting job descriptions and
candidate profiles.

Working
Experience

D Data
cares Analysis

ﬂ{Recommendation

Figure 4. UML Diagram of used algorithms

B. Scaling feature

Feature scaling is important for learning models (like logistic
regression) as it reduces the exuberance of one variable in the
learning process. The *Age’ feature is standardized so that the
numerical values in it are on the same scale across all the
observations. Standardization makes data have 0 mean and unit
variance. It is useful when your data has different units or scales,
for example in an algorithm that relies on distance calculation or
gradient-based optimization. This transformation is represented
mathematically as follows [5]:

X—np
ag

7 =

Where 7 is the standardized value, X is the original data
point, 1 is the mean of the feature’s distribution, and o is the
standard deviation. By subtracting the mean from each value and
dividing by the standard deviation, we standardize the data such
that it is centered around 0 and its scale becomes approximately
the same as that of a standard normal distribution N (0, 1).

Normalization in this study was initially concerning the Age
feature, where the mean (1) and standard deviation (o) were
computed for the feature and recession of all subjects. This pre-
processing stage is very important to guarantee that the age
variation does not generate bias in the job recommendation
algorithm and is required to keep fairness in the system. A
standardized age is important for a machine learning-based
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job recommender system, as it possibly reduces the number
of differences caused by age, which can potentially affect the
job-matching prediction. Through implementing this normal-
ization, job seekers in different age groups are compared on
an equitable basis, and no discriminatory assessment would be
made against younger or older job seekers because of their
numerical representation in the raw data. This is consistent
with recent research findings, which underscore the necessity
of pre-processing techniques such as standardization to improve
the accuracy and fairness of recommendation systems in hiring
settings.

C. Training and evaluations

The training and testing strategy of the study is specially
designed for the accuracy, reliability, and generalization of
machine learning-based job recommendations. The dataset was
then divided into an 80:20 train-test split and used for training
and testing the model. The model learns patterns or relationships
from the jobseeker profiles in the training set and then is tested on
how well it can generalize to new data it has not seen before. We
studied various machine learning methods, such as content-based
filters, collaborative filters, and hybrid models (i.e., a combination
of supervised and unsupervised learning).

In the present study, the dataset was divided into training
and test sets in an 80-20 percent ratio, typically adopted in
the machine learning literature to achieve model stability and
generalization in learning. This implementation makes learning
more effective and helps overcome the problem of overfitting and
underfitting. This approach fits a model to 80% of the samples
(allowing the model to learn patterns appropriately so that it can
compensate for data variation). The remaining 20% is used for
testing to evaluate how the model performs on unseen data and
ensure generalization. We chose and aggregated multiple features,
including skills, degree, experience, and industry preference, to
enable more comprehensive matching between job and candidate.
It is important to include different kinds of features to make
sure that all the key aspects of job-matching are covered.
This ensures the generation of more accurate and personalized
recommendations by combining various types of features, which
directly contributes to bias reduction and model accuracy.

The evaluation of the recommender systems was conducted
based on a set of common metrics like accuracy, precision, recall,
and F1-measure. Accuracy refers to the proportion of correct
recommendations ordered by recommendation time. Even though
accuracy is not always the primary metric in recommender
system research, precision and recall are more frequently used.
Precision is calculated with respect to the user’s relevance
judgment of the recommended jobs, the ratio of relevant items
recommended to the total number of items recommended, dis-
carding true negatives and attempting to reduce false positives.
Recall is the model’s ability to recommend all the relevant
product items (in this case, job posts) present in the system,
focusing on minimizing false negatives. The F1-measure combines
a weighted average of precision and recall and is, therefore, a
more informative estimate of the performance of the system as a
whole. These metrics were mathematically formulated as follows:
precision (P) was calculated as [6],

TP

P=————

TP+ FP

where TP represents true positive job recommendations, and
FP denotes false positives. Recall (RRR) was computed as [6],

TP

R= ——7—

TP+ FN

where FN represents false negatives. The F1-score was derived
from the harmonic mean of precision and recall using [7],
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Cross-validation was applied to avoid overfitting and improve
good generalization in all tested samples by training and testing
the model on separate partitions. This approach substantially
broadened the scope of the model across the diversity of job-
seekers. Experimental results indicated that in terms of relevance
ranking, personalized user experiences, and other metrics, the
machine learning-based Job Recommender outperformed the
keyword-based Job Match. The implemented solution was suc-
cessful in providing intelligent and data-driven job recommen-
dations and was considered a necessary application to enhance
the quality of job match, job placement rate, and overall job
availability.

ITII. ALGORITHM SELECTION

The job recommendation model used three common types of
machine learning algorithms including Decision Tree, Logistic
Regression, and Na“1ve Bayes. The methods chosen for this appli-
cation show good performance on classification, high prediction
accuracy, and the capability to generalise on structured job-
matching data. These approaches work under statistical and
computational schemes to enhance the recommendation and
generate high-quality candidate-job links.

A. Decision Tree Algorithm

Decision Tree is a supervised machine learning method which
is very effective in classification problems.The Decision Tree
model is non-parametric since it does not assume any specific
function over which it will be making decisions. Instead, it
operates via a favored concept of recursive partitioning to in-
duce hierarchical decision rules concerning Entropy, Information
Gain, and Gini Impurity. The goal of this construction is to
make the model capable of self-adapting to various data without
predefined model parameters, making it universal for solving
different classification and regression tasks. The simplicity and
readability of decision trees allow them to work with large and
high-dimensional datasets without feature scaling or transforma-
tion. Decision Trees generally provide an effective approach for
uncovering patterns in large datasets and making predictions
across many different application areas. The entropy function,
which measures the impurity or uncertainty in a dataset, is
defined as [8]:

E(S) == pilog,pi
i=1

where:

e E(S) is the entropy of the training set S,
« p; denotes the probability of class i in the dataset,
o c is the total number of classes.

Using entropy, the Information Gain (IG) criterion is computed
to determine the effectiveness of a split [9]:

|Si]
S|

k
IG(S, A) = Entropy(S) — Z x Entropy(S;)
i=1

Where:

« Entropy(parent) is the entropy of the parent node,

« Entropy of S; is calculated as Entropy(sS;), and

. 'é’"“ is the ratio of the samples in the child node ¢ to the
parent.

A higher Information Gain indicates a more effective split,
leading to better classification performance. Another commonly
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used metric for node splitting is the Gini Impurity criterion,
which is calculated as [10]:

Gini(S) =1-_p}
=1

The higher the Information Gain (IG) represents the better
the split, which provides superior performance for classification.

It describes the probabilities of possible and negative cases in
a node. A small value of Gini Impurity means that a node is
purer, which helps the tree to make a better decision.

B. Logistics Regression

Logistic Regression has proven to be successful as a classifica-
tion method, especially for binary classification, with remarkably
high rates of accuracy.Logistic Regression is a type of statistical
analysis model that generates a probability value between 0 and
1 from a weighted combination of input variables. This well-
studied model is particularly convenient when the response is
binary, 0 or 1. The logistic regression model is mathematically
expressed as [11]:

e(bo+b1X)
PY=1|X)= Cpcre=rs o)

where:

e P(Y =1 X) is the probability that the binary outcome is
1 (as opposed to 0) given the predictor variable X,

o b is the intercept term (bias),

o b is the coefficient of the predictor variable X,

o ¢ is the base of the natural logarithm, approximately equal
to 2.718.

This equation can be broken down into two key components
[12]:

Numerator:
e(bo +b1X)

This is the exponential of the linear combination of the inter-
cept and the predictor. What it does is calculate the probability
of the binary outcome being 1, conditional on the value of X. The
odds are the probability of an event divided by the probability
of the event not occurring [12].

Denominator:
1+ 6(bo +b1X)

This logistic function ensures that the resulting value lies
within the probability interval from 0 to 1, and could be
interpreted as a sensible probability score. This is accomplished
through normalization that allows the logistic function to out-
put well-calibrated probability estimates by ensuring that the
denominator scales the odds calculated

The logistic function neatly ranges from 0 to 1 along the X-
axis, like a probability, where it is often used in binary (yes/no,
1/0) logistic regression type problems.

C. Naive Bayes (NB)

Naive Bayes is a probabilistic machine learning algorithm,
based on Bayes’ Theorem, and is commonly used for solving
classification problems since it offers a mathematical model for
calculating the likelihood of events. Naive Bayes is a supervised
machine learning algorithm that assumes that features are
independent and that each feature contributes independently to
the probability of the class label. This algorithm estimates the
posterior probability of the data that have been observed for
each class by marginalizing out the feature set. It achieves this by
computing the conditional probability of each feature concerning
the data and integrating out the feature. The decision class is
chosen as the one with the maximum posterior probability. Naive
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Bayes is grounded in Bayes’ Theorem, which mathematically
expresses the relationship between conditional probabilities as
follows [13]:

Ply|z) = D0

where:

e P(y | z) is the posterior probability of class Y given the
feature vector X, i.e., the probability of class Y on an
observation with features X.

e P(z | y) is the likelihood — the probability of seeing
features X given class Y.

e P(y) refers to the prior probability of class Y (chance
to observe class), i.e., the probability of observing class Y
irrespective of features X.

o P(x) is the marginal probability of the observed feature set
X, which is only a normalization constant.

The Naive Bayes algorithm also utilizes prior distributions and
likelihood estimation to achieve fast and scalable probabilistic job
matching. Its efficiency makes it a viable solution for intelligent
job-matching systems with large-scale data processing needs to
achieve high performance.

IV. RESULTS AND DISCUSSION

The report of the results of the study should be presented in
a thesis. Questions, hypotheses, and goals guide the assessment
of study results and the conclusions of the study. The study is
quantitative. CVs were extracted. Initially, CSV and XLSX files
were used. A new way to read Jupyter Notebooks is here. Sorted
by major, skill, date of birth, etc., the ages of the jobseekers
were calculated by subtracting their birth year from the current
year. The talents column was improved by removing unnecessary
columns and fixing a few typos. The variable Age was scaled using
Min-Max scaling. The Job Title is the main focus. The second
column stands for competencies. Preference is given to those who
have applied for jobs before. This requires specialized skill and
knowledge. Skills will be the new ‘“experience” for prospective
candidates. Extracted data are processed by an algorithm. Career
suggestions are influenced by algorithms based on experience and
skills. All algorithms are accepted for Figure 7. Three algorithms
are chosen, all based on the same principle.

Import Libraries

———» Feature Selection

l

Model Building +«——  Splitting Data

Loading Data

Evaluating The
Model

Figure 5. Algorithm flowchart

A. Model rankings

In this paper,Decision Tree, Logistic Regression, and Naive
Bayes with over 100 features using Jupyter Notebook as the com-
putational tool. The full dataset was deeply analyzed, checking
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three subsets that differ in the number of features selected: 100,
250, and the whole dataset with about 360 features. In particular,
the aim was to compare the classification performance and scal-
ability of these three models across various data characteristics
and their robustness to various sources of noise.

Rank  Algorithm Accuracy Percentage
1 Decision Tree (100) 1.0
2 Decision Tree (250) 0.9
3 Decision Tree (total) 0.88
4 Logistic Regression (100) 1.0
5 Logistic Regression (250) 0.9
6 Logistic Regression (total) 0.88
7 Naive Bayes (100) 1.0
8 Naive Bayes (250) 0.76
9 Naive Bayes (total) 0.83

Table 1: A brief ranking of the models

The ranking of the three algorithms in terms of classification
accuracy over three feature sub-sets is reported in Table 1.
The latter obtained better performances and reaffirmed the
significance of optimizing the underlying logistic Decision Tree
model, to address complex decision-making tasks. Specifically, it
achieved an accuracy of 100% with a subset of 100 features,
90% with 250 features, and 88% on the whole dataset. Logistic
Regression, likewise, demonstrated this trend as it produced
100% accuracy when using 100 features, 90% using 250, and
88% on the complete dataset. Although its test accuracy was
equivalent to the Logistic Regression, the computational efficiency
was found to be a bit slower in terms of the running speed.

Though computationally efficient, the Naive Bayes classifier
had poorer predictive capabilities compared to the other two
models. On the 100-features subset, the model obtained 100%
precision, however, this performance dropped to 76% with 250
features and decreased further to 83% on the entire set. The
deterioration of performance can be explained by the feature
independence assumption behind the Naive Bayes, which might
not be always valid in complex datasets with interacting fea-
tures. Despite its lower real-world accuracy, Naive Bayes is a
valuable model in scenarios that require very fast probabilistic
classification and very transparent interpretability.

The results show that Decision Trees are better in accuracy and
resistance to higher dimensions than the other two models, and
can be used in intelligent job recommenders which need accurate
classification of the job recommendations. Logistic Regression
had equivalent accuracy, but a higher level of computational
cost. In contrast, Naive Bayes was computationally efficient but
with decreased accuracy at the complexity of increasing features.
These findings point to the need to use cost-effective ML models
that are well-suited to the complex attributes of the datasets in
real-world job matching cases, including classification accuracy
and computational cost.

B. Decision Tree

The classification performance of the Decision Tree model
is shown in Table 3 in the form of an accuracy report. The
model achieved an overall accuracy of 88%, which shows that
the model succeeded in classifying jobseeking candidates as a
function of their attributes. It can be seen that the macro average
values of precision, recall, and F1-score are 0.60, 0.65, and 0.62,
respectively. The weighted average weights were (.82, 0.88, and
0.84 respectively, taking into account the class imbalances. The
results of this study indicate that the Decision Tree model is
efficient in finding decision boundaries in high-dimensional data
and making reliable predictions.

The superior accuracy achieved in this study might be at-
tributed to the detailed manipulation of complex feature interac-
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Label Precision Recall Fl-score
0 1.00 1.00 1.00
1 0.56 1.00 0.71
2 1.00 1.00 1.00
4 0.00 0.00 0.00
5 1.00 1.00 1.00
6 0.00 0.00 0.00
7 0.00 0.00 0.00
8 0.00 0.00 0.00
9 1.00 1.00 1.00
10 1.00 1.00 1.00

11 1.00 1.00 1.00
12 1.00 1.00 1.00
13 1.00 1.00 1.00
14 0.00 0.00 0.00
15 0.50 1.00 0.67
16 0.00 0.00 0.00
17 1.00 1.00 1.00
18 0.00 0.00 0.00
19 1.00 1.00 1.00
20 1.00 1.00 1.00

Table 2: Classification Report of Decision Tree Model

Precision  Recall F1-score
Accuracy 0.88
Macro avg 0.60 0.65 0.62
Weighted avg 0.82 0.88 0.84

Table 3: Accuracy Report of Decision Tree Model

tions and hierarchical decision-making processes by the model.
A smaller number of features may improve the performance of
the model as too many feature dimensions could bring noise
and redundancy and lead to overfitting or lower generalization
performance. This is strong evidence that a well-designed feature
selection method can boost the prediction power of the model and
thus result in a more scalable and effective job recommendation
system.

C. Logistics Regression

Label Precision Recall Fl-score
0 1.00 1.00 1.00
1 0.56 1.00 0.71
2 1.00 1.00 1.00
4 0.00 0.00 0.00
5 1.00 1.00 1.00
6 0.00 0.00 0.00
7 0.00 0.00 0.00
8 0.00 0.00 0.00
9 1.00 1.00 1.00
10 1.00 1.00 1.00
11 1.00 1.00 1.00
12 1.00 1.00 1.00
13 1.00 1.00 1.00
14 0.00 0.00 0.00
15 0.50 1.00 0.67
16 0.00 0.00 0.00
17 1.00 1.00 1.00
18 0.00 0.00 0.00
19 1.00 1.00 1.00

20 1.00 1.00 1.00

Table 4: Classification Report of Logistic Regression Model

Precision  Recall Fl-score
Accuracy 0.88
Macro avg 0.60 0.65 0.62
Weighted avg 0.82 0.88 0.84

Table 5: Accuracy Report of Logistic Regression Model

ISBN: 979-11-88428-14-4

page 38

Table 5 shows the accuracy report of the Logistic Regression
model that achieved an overall accuracy of 88%, which is
similar to the accuracy of the Decision Tree model. The macro
average precision, recall, and F1- score are 0.60, 0.65, and 0.62.
Meanwhile, the weighted average scores of these measures are
0.82, 0.88, and 0.84, respectively, indicating stable results using
different classification metrics.

Although it is evident that Logistic Regression had similar
accuracy to the Decision Tree model, there is a remarkable dif-
ference between their computational efficiencies. The processing
time for Logistic Regression was only slightly longer, suggesting
that it took longer to process compared to the Decision Tree
model. This result is in line with intuition: linear methods
such as Logistic Regression use optimization techniques that
perform iterations (like gradient descent), while Decision Trees
use hierarchical partitioning of the feature space, which gener-
ally operates efficiently on structured data. Logistic Regression
remains a powerful and interpretable model for binary and multi-
class classification problems, especially suited to the probabilistic
ranking of job recommendations.

D. Naive Bayes

Label Precision Recall Fl-score
0 1.00 1.00 1.00
1 0.00 0.00 0.00
2 1.00 1.00 1.00
3 0.00 0.00 0.00
4 0.25 1.00 0.40
5 1.00 1.00 1.00
6 0.00 0.00 0.00
7 0.00 0.00 0.00
8 0.00 0.00 0.00
9 1.00 1.00 1.00

10 1.00 1.00 1.00
11 1.00 1.00 1.00
12 1.00 1.00 1.00
13 1.00 1.00 1.00
14 0.00 0.00 0.00
15 0.50 1.00 0.67
16 0.00 0.00 0.00
17 1.00 1.00 1.00
18 0.00 0.00 0.00
19 1.00 1.00 1.00
20 1.00 1.00 1.00

Table 6: Classification Report of Naive Bayes Model

Precision  Recall F1-score
Accuracy 0.83
Macro avg 0.56 0.62 0.57
Weighted avg 0.79 0.83 0.80

Table 7: Accuracy Report of Naive Bayes Model

Table 7 gives the accuracy report for the Emphasize Naive
Bayes model that achieved an overall 83%, it ranked as the least
model accuracy compared to Decision Tree (88%) and Logistic
Regression (88%). The macro average score for precision, recall,
and F1l-score were 0.56, 0.62, and 0.57 respectively. On the
contrary, the respective weighted average scores were (.79,
0.83, and 0.80, and moderate classification performances with
a tendency to favor well-represented classes.

The limitation in the Naive Bayes classifier was its poor
handling of class imbalance. However, it performed well in
classifying well-represented classes (0, 2, 5, 9-13, 17-20) with high
precision, recall, and F1-scores near 1.00. It performed poorly
on minority classes (1, 6-8, 15, 16) with Fl-scores close to 0.00.
The class-wise accuracies for classes 3 and 4 were about 0.17 and
0.40, respectively, with the highest accuracy of 0.75 observed in
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class 18. We hypothesize that the independence assumption of
the Naive Bayes model contributed to its inferior performance
on minority classes due to the reduced capability of the model
to capture complex interactions between features.

We tested both Logistic Regression (LR) and Decision Tree
(DT) classifiers, for which we obtained an average accuracy
of around 88%, indicating strong performance of the latter
approach but with a high bias towards well-sampled classes.
Both models were largely impacted by class imbalance, resulting
in poor performance on minority classes with F1-scores dropping
near zero. Anomalies were classified as false positives and mis-
classifications by the classifiers. For specific classes, precision was
approximately 0.75 and 0.73, while recall was 1.00 for classes 1
and 18. The weighted average scores for accuracy (0.83), precision
(0.81), recall (0.86), and Fl-score (0.83) for LR and DT also
demonstrate better overall performance compared to the Naive
Bayes (NB) model, which exhibited numerous type-I and type-
II errors due to its higher sensitivity to class imbalance. These
findings illustrate the impact of a skewed dataset on the detection
of minority classes and highlight the relative performance of LR
and DT classifiers in this multi-class classification task.

Figures 6, 7, and 8 present the Decision Tree, Logistic Regres-
sion, and Naive Bayes confusion matrices.
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Figure 6. Confusion matrix for Decision Tree model

fusi

=]
=
<N

-ocooocooooooconIcoooooee O
=4
e
»
—

cccowwecoccccoccccccoa
[l

12

10

True labels

18 16 14 12 10 8 6 4 2 0

'
- OO OO oo oW

coocococoNnocoocoococooNTUIS
N-ocococococococoocooccocoasffoe
cocococococoocoocococoooooe
s-cocoococococooccoocleocee
coocococoococoocoooomooooS @
cocococcococwocococoos &
S-cccccocco~coccccccos K
coococococoo~ocoocoocoocoooo ¥
-cococococfooccooocooss
ccccccccccccccccccce B

OO oo oo oo

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

cocococococococococoococooS
cocUicocococooococooooooD
cocococcoococcocoo~ooooo
O Y - L L L L L
Ecoccoocoococococococoocooccss
:
=N

6 12 14 16 18
Predicted labels

Figure 7. Confusion matrix for Logistics Regression
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Figure 8. Confusion matrix for Naive Bayes

Performance comparison for Decision Tree, Logistic Regres-
sion, and Naive Bayes models by varying different data sizes:
Discussion The result of Decision Tree, Logistic Regression, and
Naive Bayes models based on different data sizes show the
limitations of the algorithms of: overfitting. As depicted in Figures
1, 2, and 3, accuracy is initially boosted when the number of
features is set to 100, after that accuracy decreases with 250
features, and again accuracy drops with all data. It means
that models are good at learning patterns that are specified
for smaller subsets but not with the increase in complexity of
the features. The problem Fig. 6. Confusion matrix for Decision
Tree model Fig. 7. Confusion matrix for Logistics Regression
Fig. 8. Confusion matrix for Naive Bayes of high-dimensional
classification is referred to as the curse of dimensionality because
the role of the distance between points becomes negligible as
the dimensionality increases and pattern recognition becomes
difficult. Decision Trees would overfit if not pruned and Logistic
Regression assumes a linear relationship, which could not be
appropriate for non-linear data. Naive Bayes fails to behave when
the feature independence assumption is violated and features are
more correlated. Misinformation and noisy data in big data can
cause misunderstanding and give rise to false results.

V. CONCLUSION

In this paper, introduced and demonstrated the development
and deployment of an intelligent job recommendation system,
which enhances the job search and recruitment process by
providing personalized and data driven recommendations. More
particularly, the matching mechanism readily aligns the compe-
tence, background, and interests of prospective applicants with
those of the position, resulting in highly appropriate and accurate
referrals. Extensive experiments demonstrate the superiority of
our proposed system compared with state of-the-art job-matching
approaches, achieving a win win for both job-seekers and
HR professionals. Our findings imply that AI recommendation
systems have great potential in increasing search effectiveness as
well as in formulating workforce recruitment strategies.

VI. IMPLICATIONS AND FUTURE RESEARCH

There are several opportunities to enhance the accuracy and

efficiency of the job recommendation system:

« Deep Learning Integration: Advanced deep learning models,
such as RNNs and transformers, can be used to capture
complex relationships within job market data, offering more
accurate and dynamic recommendations.
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« Natural Language Processing (NLP): Improved NLP meth-
ods can more naturally interpret the meanings of job
descriptions and user profiles, refining the job-matching
process through context-aware text processing.

o Multi-Source Data Exploitation: Combining mined data
from social media, professional networks, and user-
generated content could provide a comprehensive view of
candidates’ skills and interests, further enhancing recom-
mendation quality.

Although exploratory, these findings pave the way for the next
generation of job recommender system agents and demonstrate
the potential of intelligent, data-driven approaches in shaping the
future of job seeking and hiring in the evolving world of work.
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