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ABSTRACT

This research proposes an innovative approach to assist individuals in aligning their skill sets with the current
labor market demands by utilizing machine learning techniques for job forecasting and skill gap evaluation. The
system leverages classification algorithms such as Random Forest, Naive Bayes, and Support Vector Machine
(SVM) to predict suitable job roles based on the user's existing skill set. Additionally, specialized models
analyze skill gaps and suggest targeted recommendations for additional skills required to secure high-demand
job opportunities. The system evaluates model performance using key metrics such as accuracy, precision,
recall, and F1 score, ensuring reliable predictions and robust analysis. Through interactive visualizations, users
can understand their skill gaps and make informed decisions to enhance their career trajectories. The platform
not only predicts potential job matches but also provides a comprehensive skill development pathway,
empowering users to reduce the gap between their current capabilities and market expectations. This system is
designed to increase employability by equipping users with relevant insights, enabling continuous learning and
career advancement. The initiative ultimately serves as a bridge between individual aspirations and industry
needs, fostering a more adaptive and skilled workforce
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1. INTRODUCTION
In today's rapidly evolving job market, staying relevant and competitive requires continuous skill enhancement
and adaptation to emerging trends. With the rise of automation, artificial intelligence, and digital transformation,
traditional job roles are being redefined, and new skill sets are in high demand. However, individuals often face
challenges in identifying relevant job opportunities that align with their current capabilities or understanding the
skill gaps that prevent them from securing desirable positions. To address this, advanced technological solutions
such as machine learning can play a pivotal role in guiding individuals toward suitable career paths and
equipping them with the necessary skills to thrive in dynamic work environments. This research introduces a
machine learning-based system that predicts appropriate job roles based on a user's existing skill set and
identifies skill gaps that may hinder them from securing high-demand positions. The system leverages
classification algorithms, including Random Forest, Naive Bayes, and Support Vector Machine (SVM), to
analyse a user’s skill profile and match it with suitable job roles. By utilizing historical data from job postings
and industry trends, the system generates accurate predictions and recommendations tailored to individual career
aspirations. A significant feature of this system is its ability to evaluate skill gaps and provide actionable
insights to bridge them. Once a user's skill set is analysed, the system highlights areas where additional expertise
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is required and suggests relevant skills that align with industry expectations. These suggestions are based on the
analysis of current labor market trends and the requirements of in-demand job roles, allowing users to enhance
their competencies and stay relevant in their respective fields. To ensure the effectiveness of the predictive
models, the system employs rigorous evaluation metrics, including accuracy, precision, recall, and F1 score.
Comprehensive visualizations allow users to interpret the performance of these models and gain a deeper
understanding of how their skill profiles align with available job roles. By offering data-driven
recommendations and personalized learning paths, this system empowers individuals to take proactive steps
toward career growth and skill enhancement. Moreover, the platform not only benefits job seekers but also
assists educational institutions and training providers in designing tailored programs that address skill gaps and
industry requirements. As a result, the system contributes to building a more resilient and future-ready
workforce that can effectively navigate the complexities of the modern job market. Through this initiative,
individuals are equipped with the knowledge and resources needed to align their aspirations with industry
expectations, fostering a culture of continuous learning and professional growth.

2. OBJECTIVES
The objective is to develop a web-based application that enables users to:
e Assess their current skills and receive job recommendations accordingly.
o Identify skill gaps relative to desired job roles.
o Explore job opportunities that match their skill profiles.
e Access career roadmaps outlining necessary skills for progression

3. SYSTEM ANALYSIS
3.1 Existing system:
Current platforms offer job listings and generalized career advice but often lack personalized analysis based on
an individual's unique skill set. They may provide extensive data but fail to deliver actionable insights tailored to
the user's career development needs..
3.2 Proposed System:
The proposed system utilizes machine learning techniques to predict job roles and evaluate skill gaps based on a
user's current skill set. It incorporates classification algorithms such as Random Forest, Naive Bayes, and SVM
to identify suitable employment opportunities. Upon analyzing the user's skill profile, the system highlights skill
deficiencies and recommends additional skills necessary to meet industry demands. Visual representations of
model performance metrics such as accuracy, precision, recall, and F1 score enable users to assess the reliability
of the predictions. The system empowers users by providing personalized skill development paths, thereby
enhancing their employability and ensuring a better alignment with the labor market...

4. METHODOLOGY
This section presents the steps and procedures followed to implement and evaluate job matching models using
both machine learning (ML) and naive bayes. techniques. The methodology is divided into three main stages:
dataset description, pre-processing, feature extraction, model selection, and evaluation. Each stage is explained
in detail below.
4.1 Feature Extraction
Feature extraction played a vital role in transforming raw textual data into meaningful numerical representations
that could be effectively processed by machine learning models. Since job descriptions and user skills were
primarily in textual form, advanced natural language processing (NLP) techniques were employed to extract key
features that captured the underlying relationships between skills, job roles, and required qualifications.
4.2 Pre-processing
To ensure accurate and efficient job role predictions, data pre-processing played a crucial role in refining the
textual data before model training. Raw job descriptions and user-provided skills often contain inconsistencies,
redundant information, and noise, which can negatively impact model performance. Various cleaning techniques
were applied to standardize and optimize the dataset, ensuring that only meaningful and relevant features were
retained for analysis. This involved removing stop words, punctuation, and special characters, as well as
normalizing text through lemmatization and stemming. Additionally, missing values were handled using
appropriate imputation techniques to prevent data sparsity issues.
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4.3 Model selection

This work tested several machine learning and deep learning models. Text classification performance and
capacity to handle high-dimensional, sparse data like textual content led to the selection of these models.
Traditional ML models exist. Machine learning models include Text categorization commonly uses support
vector machines (SVM) due to their ability to handle high-dimensional feature spaces well. Naive Bayes (NB), a
basic probabilistic classifier that assumes feature independence, tends to classify text effectively. This study
employed logistic regression, a linear model for binary classification, to determine if a review is honest. The
ensemble techniqgue Random Forest averages numerous decision trees to decrease variation and avoid over
fitting. We tried a variety of machine learning and deep learning models. We selected these models for text
categorization and their ability to handle high-dimensional, sparse data. Traditional ML and DL models exist.
ML models include Text categorization uses SVM because it excels at handling high-dimensional feature
spaces. Naive Bayes (NB),

4.4 Construction of Use case diagrams:

A use case diagram in the Unified Modeling Language (UML) is a type of behavioral diagram defined by and
created from a Use-case analysis. Its purpose is to present a graphical overview of the functionality provided by
a system in terms of actors, their goals (represented as use cases), and any dependencies between those use
cases. The main purpose of a use case diagram is to show what system functions are performed for which actor.
Roles of the actors in the system

Skill Gap Analysis System

o Login

¢ Register

Career Roadmap

< —
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Manage job Data
>

By
Admin Manage Users

Fig.4.1.1 Use Case Diagram

5. RESULTS AND PERFOMANCE EVALUATION
Table 5.1 shows the performance comparison of Random Forest, Naive Bayes, and SVM using accuracy,
precision, recall, and F1-score. Random Forest achieved the highest accuracy, followed by SVM, while Naive
Bayes performed the lowest.

Model Accuracy | Precision | Recall F1 Score
RandomForest | 0.924658 | 0.911301 | 0.924658 | 0.912769
NaiveBayes 0.787671 | 0.689314 | 0.787671 | 0.722026
SVM 0.910959 | 0.877854 | 0.910959 | 0.891389
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Table 5.1: Model Performance Comparison
Figure 6.2 illustrates the accuracy of three machine learning models—Random Forest, Naive Bayes, and
Support Vector Machine (SVM). Random Forest and SVM demonstrate higher accuracy, both exceeding 90%,
while Naive Bayes lags behind with an accuracy below 80%. This comparison highlights the superior

classification performance of Random Forest and SVM, making them more reliable choices for the given
dataset.
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Fig. 5.2 Accuracy graph
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Fig.5.5 SVM Binary Confusion Matrix

The confusion matrices in Figures 5.3, 5.4, and 5.5 provide insight into the classification performance of the
Random Forest, Naive Bayes, and Support Vector Machine (SVM) models, respectively.

e Random Forest (Figure 5.3): demonstrates strong predictive performance, correctly classifying 135
instances in both positive and negative classes, with only 11 misclassifications in each category. The
balanced distribution of correct predictions indicates a well-generalized model with minimal errors.

o Naive Bayes (Figure 5.4): exhibits the highest misclassification rate, with 31 false positives and 31
false negatives. This suggests that the model struggles with class separation, leading to reduced
accuracy and reliability compared to the other models.

e SVM (Figure 5.5): performs comparably to Random Forest, with 133 correct classifications in both
categories and only 13 misclassifications each. The lower error rate highlights its robustness and
suitability for the given dataset.

6. CONCLUSION

This research introduces a machine learning-based system that effectively bridges the gap between users' current
skill sets and the demands of the labor market. By utilizing classification algorithms like Random Forest, Naive
Bayes, and SVM, the system predicts suitable job roles and provides targeted recommendations for addressing
identified skill gaps. Comprehensive performance evaluation ensures the reliability of these predictions,
empowering users to make informed career decisions. The system not only enhances employability but also
contributes to the development of a skilled workforce capable of adapting to evolving industry trends.
Ultimately, this initiative promotes lifelong learning and career growth by aligning individual aspirations with
market expectations. Addressing the skill gap in the IT industry requires innovative solutions that empower
individuals to take charge of their career trajectories. By providing a platform that combines skill assessment,
gap analysis, job exploration, and career mapping, this project offers a comprehensive tool for users to align
their competencies with market needs. Such alignment not only enhances employability but also contributes to a
more efficient and responsive workforce.
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