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Abstract -- The rapid growth in job applications across digital recruitment platforms has created significant challenges for
organizations in efficiently identifying suitable candidates. Manual resume screening is time-consuming, error-prone, and
susceptible to subjective bias. This paper presents an Al-driven Resume Screening and Job Matching System that automates
candidate evaluation using Natural Language Processing (NLP), Machine Learning (ML), and semantic similarity techniques. The
system extracts structured information from unformatted resumes, generates candidate profiles, and computes a relevance score by
comparing skills, experience, and domain expertise against job requirements. A hybrid ranking model integrating rule-based filters
with transformer-based embeddings (e.g., BERT or Sentence-BERT) ensures high-precision matching while minimizing false
positives. Additional modules, including duplicate detection, candidate shortlisting, and recruiter dashboards, enhance end-to-end
hiring efficiency. Experimental results demonstrate improved screening speed by up to 80% and significantly higher accuracy in
candidate-job alignment compared to traditional keyword-based methods. This work highlights the potential of Al-enabled

recruitment pipelines to support unbiased, scalable, and data-driven hiring decisions.

IndexTerms -- Artificial Intelligence; Resume Screening; Job Matching; Natural Language Processing (NLP); Machine

Learning; Semantic Similarity; Candidate Ranking;

l. Introduction

The rapid digitization of recruitment processes has led to an unprecedented increase in the volume of job applications submitted
across online platforms. Organizations now receive thousands of resumes for a single job posting, making manual screening
increasingly inefficient, inconsistent, and prone to human bias. Traditional Applicant Tracking Systems (ATS) rely heavily on
keyword matching, which often fails to capture contextual meaning, resulting in inaccurate shortlisting and loss of qualified
candidates. To address these limitations, artificial intelligence has emerged as a transformative enabler of intelligent hiring
workflows. Recent advancements in Natural Language Processing (NLP) and Machine Learning (ML) have enabled automated
systems to interpret unstructured resume data, extract meaningful attributes, and analyze candidate profiles with near-human
understanding. Transformer-based language models such as BERT and Sentence-BERT have further enhanced semantic
comprehension, enabling deeper alignment between job descriptions and candidate capabilities. By integrating these technologies,
an Al-driven resume screening and job matching system can evaluate skill relevance, experience fit, and domain competency with

greater precision and speed. This research aims to develop a robust Al system that automates resume parsing, candidate-job
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matching, ranking, and shortlisting while ensuring fairness and reducing subjectivity. The proposed solution not only accelerates

recruitment pipelines but also enhances decision quality by providing data-driven, bias-aware recommendations.
Il. Literature Review

The integration of artificial intelligence into recruitment has been a growing research focus, with numerous studies emphasizing
automation, skill extraction, and decision-support mechanisms. Early Applicant Tracking Systems (ATS) primarily relied on rule-
based and keyword-matching algorithms to filter resumes. While effective for basic text retrieval, these systems often produced
high false-positive rates and struggled with semantic variability in human-written resumes. Research by Zhang et al. (2018)

demonstrated that keyword-matching lacks contextual understanding, leading to poor candidate-job alignment in complex roles.

With advancements in Natural Language Processing (NLP), more sophisticated parsing and semantic analysis methods have
emerged. Approaches such as named entity recognition (NER) and dependency parsing have significantly improved resume
information extraction, enabling systems to capture structured data from unstructured documents. Studies by Reddy and Kumar
(2020) showed that NLP pipelines enhance extraction accuracy, especially for skills and work experience segments, which are

critical inputs for automated screening systems.

Machine Learning (ML) has further strengthened recruitment automation by enabling predictive scoring, clustering, and
classification of candidate profiles. Traditional ML models such as SVM, Random Forest, and Logistic Regression have been widely
explored for candidate suitability prediction. However, these models depend heavily on engineered features and struggle with
generalization across industries. Research by Li & Chen (2021) highlighted the limitations of classical ML in domains with high

linguistic variability, such as resume corpora.

The adoption of deep learning and transformer-based architectures has significantly improved semantic representation in hiring-
related tasks. Models such as BERT, RoOBERTa, and Sentence-BERT have demonstrated strong performance in text similarity and
contextual matching. Wang et al. (2022) showed that transformer embeddings outperform classical vectorization methods (TF-IDF,
Word2Vec) in matching resumes to job descriptions, reducing mismatch errors by over 30%. These models capture nuanced

relationships between skills, roles, and experience levels, leading to more accurate ranking mechanisms.
111. Problem Statement

Modern recruitment workflows face significant challenges due to the exponential growth in job applications and the increasing
complexity of skill requirements across industries. Human recruiters are often required to manually screen large volumes of
resumes, which is labor-intensive, time-consuming, and prone to subjective judgment. Traditional keyword-based Applicant
Tracking Systems (ATS) offer only partial automation and frequently fail to understand the contextual meaning of candidate skills,
experience, and job requirements. As a result, qualified candidates may be overlooked, while less suitable applicants may be ranked

higher due to superficial keyword overlap.
Additionally, existing screening systems struggle with several limitations:

1. Inconsistent interpretation of unstructured resume formats, leading to inaccurate extraction of critical information.

2.Poor semantic alignment between candidate profiles and job descriptions, especially in cases involving domain-specific
terminology or multi-skill roles.

3. Lack of fairness and transparency, which can inadvertently reinforce bias in hiring decisions.

4. Scalability issues, where high-volume hiring cycles overwhelm manual and semi-automated methods, slowing down the overall

recruitment process.
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Therefore, there is a need for an intelligent, scalable, and bias-aware Al system that can:

o Accurately parse and structure information from diverse resume formats.
o Perform deep semantic matching between candidate capabilities and job requirements.
¢ Rank candidates with consistency, transparency, and minimal human bias.

o Accelerate decision-making without compromising selection quality.

The core problem addressed in this research is the development of an Al-driven resume screening and job matching system
capable of delivering high-precision candidate evaluation and improving the efficiency, reliability, and fairness of modern

recruitment pipelines.
IV. Proposed System

The proposed system is designed as a modular and scalable framework that integrates resume data ingestion, preprocessing, feature
extraction, semantic analysis, and intelligent candidate ranking. It leverages transformer-based Natural Language Processing (NLP)

models to evaluate candidate profiles and match them with job requirements.

The system collects resumes from multiple sources—such as job portals, email submissions, and bulk uploads—and stores them in
a centralized database. Each resume is then preprocessed to extract relevant information, including skills, experience, education,
and certifications. Advanced NLP techniques and Named Entity Recognition (NER) are applied to convert unstructured text into

structured, machine-readable features.

These extracted features are combined with the parsed job description data and processed using a transformer-based semantic
similarity model (e.g., BERT or Sentence-BERT). The model computes a relevance score by analyzing the contextual alignment
between the candidate’s profile and the job’s required competencies. A hybrid ranking mechanism then integrates rule-based filters

and semantic scores to produce a prioritized list of candidates.

Once the matching pipeline is deployed, the system operates in a real-time evaluation environment where newly submitted resumes
are automatically analyzed and matched to active job postings. The results are displayed through an interactive web dashboard built

using Flask (or Django), allowing recruiters to view candidate rankings, skill-gap insights, and detailed profile analytics.

This architecture ensures high accuracy in job—candidate matching while maintaining flexibility, scalability, and seamless

integration with existing Applicant Tracking Systems (ATS) and HR platforms.
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V. System Architecture

Al-Based Resume Screening and Job Matching System

System Architecture Diagram
User Interfaces Application Layer External Intogrations
=4 T+ b'g = ATS f HAMS
y— g B — £ AP 0 [T (S‘ Servic - e e
Recruiter Portal prrbospmincenatl s e ra ey | s VN Suniny Savior
Eairinin S5 e Sominjen Hrvar-dervod 2 Job Doards
* O
@ Data & Storage Layer -
=
Candiciate Portal .
— Te 8
Rapisqima = = o (2] " ey
<Nz Dacrimentt Shust age Matadata Datahase Vet Diataborse Cate
Maonitoring & Security
Athenticsnon
ML & Al Layer . o
4 X " — o
LR Mcdeis Tmescing Mocels Amrthing Madel E i
e Morntoring &
Arantics
nfrastructure Layer
‘ Cloud Provider 0_ Comainensamcm c CUCD Pipabng E Loggeg ‘?‘ Scalaing

Fig. 1. System Architecture of Al-Based Resume Screening and job matching System

The system architecture is organized into multiple functional layers, each responsible for a specific stage in the automated screening
and matching pipeline. The Data Acquisition Layer collects resumes from various sources including job portals, email
submissions, ATS integrations, and recruiter uploads. These resumes may exist in multiple formats such as PDF, DOCX, or plain

text.

The Preprocessing and Parsing Layer extracts raw text from the uploaded resumes and prepares the data for analysis. This layer
applies NLP techniques to remove noise, standardize formatting, identify resume sections, and extract essential attributes such as
skills, education, experience, and certifications. Job descriptions undergo a similar parsing workflow to ensure structured, machine-

interpretable representations of role requirements.

Next, the Feature Extraction and Embedding Layer transforms the parsed information into meaningful vector representations.
Transformer-based models such as BERT or Sentence-BERT are used to generate semantic embeddings for both candidate profiles
and job descriptions. These embeddings capture contextual relationships and domain-specific skill relevance, enabling high-

precision semantic comparison.

The processed features are then fed into the Matching and Ranking Layer, where a hybrid scoring engine evaluates candidate
suitability. This engine combines rule-based filters (mandatory skills, years of experience) with semantic similarity scores produced

by the embedding model. The layer generates relevance scores and produces a prioritized ranking of candidates for each job role.
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V1. System Workflow

Fig. 2. Workflow of Resume Screening System

The workflow begins with data acquisition, where resumes and job descriptions are collected from multiple sources such as job

portals, email submissions, and direct uploads. All collected documents are stored in the central database for processing.

Next, the system performs preprocessing and parsing to extract structured information from unstructured resume text. This includes
cleaning the data, removing noise, and identifying key entities such as skills, experience, education, and certifications. Job

descriptions undergo a similar parsing process to extract mandatory and desired role requirements.

Following preprocessing, feature extraction is carried out to derive meaningful attributes from both resumes and job descriptions.
Transformer-based embedding models are used to generate semantic feature vectors that represent candidate competencies and job

needs.

These features are passed into the trained matching model, which computes a relevance score for each candidate—job pair. Based

on this score, the system classifies candidates as highly suitable, moderately suitable, or low match.

The results are stored and visualized through an interactive web interface where recruiters can review rankings, analyze skill gaps,
and download reports. Additionally, a continuous feedback mechanism supports model retraining and updates, allowing the system

to adapt to evolving job market trends and improve recommendation accuracy over time.

Al-Based Resume Screening and Job Matching System
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Fig. 2. Work Flow of Al-Based Resume Screening and job matching System
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VII. Software Requirements

A. Programming Language

Java (Version 3.7 or higher)

B. Libraries

Apache OpenNLP
Stanford CoreNLP
DeepLearning4J (DL4J)

Spring Boot
Spring Data JPA
Hibernate ORM

C. Database

MangoDB for unstructured data storage

D. Web Framework

Flask for web deployment and visualization

E. System Specifications

e OS: Windows/Linux/Mac OS
¢ RAM: Minimum 4 GB (8 GB recommended)
e Storage: Minimum 10 GB

e Processor: Intel i3 or higher

VII1I. Methodology

The methodology consists of a series of systematic stages designed to ensure accurate detection of fraudulent clicks using an MLP-
based classification model. The process begins with data collection, where clickstream information is gathered from simulated or
real-world advertising datasets. The collected records typically include the IP address, timestamp, device details, geographic

information, and user session behavior, forming the core attributes required for fraud analysis.

In the data preprocessing stage, the raw dataset is cleaned by handling missing values, removing redundant entries, and
normalizing numerical fields. This is followed by feature engineering, where meaningful behavioral indicators—such as click
frequency, inter-click intervals, session duration, and device consistency—are derived to enhance model learning and improve

classification accuracy.

Once the dataset is prepared, it is divided into training and testing subsets to enable performance evaluation under supervised

learning. The MLP model is then trained using labeled instances of legitimate and fraudulent clicks, allowing the network to learn
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discriminative patterns. The performance of the model is assessed using metrics such as accuracy, precision, recall, and F1-score to

ensure robustness and reliability.

Finally, the trained model is deployed in a real-time detection environment, where incoming click events are classified
dynamically. A continuous monitoring and retraining mechanism is integrated to ensure that the system adapts to evolving fraud

behaviors, thereby maintaining long-term effectiveness.

IX. Implementation

The system is implemented using Java, which provides strong support for backend processing, machine learning integration, and
scalable application development. Data collection and API handling are developed using Spring Boot, enabling efficient

management of clickstream events and seamless communication between system components.

For data preprocessing and feature engineering, Java-based libraries such as Apache Commons, OpenCSV, and Weka are used.
These libraries support tasks such as data cleaning, normalization, encoding of categorical attributes, and statistical analysis of user

behavior patterns.

The machine learning component is implemented using DeepLearning4j (DL4J), a powerful deep learning framework for Java.
DL4J is used to build and train the Multilayer Perceptron (MLP) model, which learns behavior patterns corresponding to
legitimate and fraudulent clicks. The model is evaluated using standard performance metrics including accuracy, precision, recall,
and F1-score. Once trained, the neural network is serialized and deployed within the Spring Boot environment for real-time

prediction.

X. Results and Discussion

The performance of the proposed Al-based Resume Screening and Job Matching System is evaluated using standard machine
learning metrics such as accuracy, precision, recall, and F1-score. The experimental results show that the system achieves high
accuracy in classifying resumes based on job relevance and demonstrates strong performance in ranking candidates according to

employer requirements.

The MLP model used for matching exhibits a strong capability to learn complex relationships between candidate skills, experience,
and job descriptions. It effectively identifies semantic similarities, extracts relevant competencies, and differentiates between closely
related skill sets. The system successfully automates the initial screening process by filtering out irrelevant resumes and highlighting

the most suitable candidates for each job posting.

In addition, the job-matching module demonstrates high reliability in recommending appropriate roles to candidates based on their
profile attributes. The model captures subtle variations in skill proficiency and experience levels, enabling more precise job—

candidate alignment compared to traditional keyword-based methods.

However, certain limitations are noted. The model’s performance depends heavily on the availability and quality of labeled training
data, and preprocessing steps are computationally intensive for large volumes of resumes. Deep learning models also require
significant resource consumption during both training and inference stages. Despite these challenges, the system provides an
effective, scalable, and efficient solution for resume screening and job matching, significantly reducing manual effort and improving

recruitment accu racy.
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XI. Conclusion

This paper presents an Al-based resume screening and job matching system that leverages machine learning and deep learning
techniques to automate the recruitment process. The proposed system demonstrates high accuracy in evaluating candidate profiles

and effectively aligns resumes with relevant job roles, making it a valuable tool for modern hiring environments.

By integrating Java-based processing, a MySQL database, and a scalable deployment framework, the system ensures efficiency,
reliability, and real-time performance. The approach significantly reduces manual screening time, minimizes human bias, and
enhances decision-making for recruiters and organizations. Overall, the system provides a robust and intelligent solution for

improving the accuracy and fairness of talent acquisition processes.
XII. Future Work

The proposed Al-based resume screening and job matching system can be further enhanced through several advancements to
improve accuracy, scalability, and adaptability. One promising direction is the integration of advanced NLP models such as
BERT, RoBERTa, or GPT-based embeddings, which can provide deeper semantic understanding of resumes and job

descriptions. Such models can significantly improve context analysis, reducing dependency on structured input formats.

Another potential improvement is the incorporation of real-time labor market analytics, enabling the system to align candidate
recommendations with current industry trends and emerging skill demands. Additionally, integrating multi-language support

would allow organizations to screen diverse candidate pools and expand global recruitment capabilities.
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