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Abstract—In recent years, the recruitment industry has
experienced rapid digital transformation due to the
increasing number of job applications and the growing
need for efficient hiring processes. Traditional resume
screening methods rely heavily on manual evaluation
performed by Human Resource (HR) professionals. Such
methods are time-consuming, inconsistent, expensive,
and often affected by unconscious human bias.
Organizations receiving thousands of resumes for a
single job opening face major challenges in identifying
suitable candidates within limited timeframes.

Artificial Intelligence (AI) and Natural Language
Processing (NLP) technologies have emerged as powerful
solutions for automating recruitment-related tasks. NLP
enables computers to understand, analyze, and process
textual information present and job
descriptions. By using NLP techniques, organizations
can automatically extract candidate skills, qualifications,
experience, certifications, and educational details from
resumes and compare them with job requirements.

This research paper presents a detailed Resume
Screening System using NLP that automates candidate
shortlisting and ranking. The proposed system utilizes
text preprocessing, feature extraction, TF-IDF
vectorization, and cosine similarity to identify the
relevance between resumes and job descriptions. The
system significantly improves recruitment efficiency,

in resumes

reduces manual workload, minimizes bias, and supports
accurate candidate selection. The paper also discusses
system architecture, implementation techniques,
algorithms, advantages, limitations, future
enhancements, and experimental outcomes.

Index Terms—Artificial Intelligence, Natural Language
Processing, Resume Screening, Recruitment
Automation, Machine Learning, TF-IDF, Cosine
Similarity, Candidate Ranking.
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L INTRODUCTION

Recruitment is one of the most important functions
performed by organizations because hiring the right
employees  directly influences organizational
productivity and growth. Traditionally,
Resource departments manually review resumes
submitted by candidates and compare them with job
requirements. However, with the rapid growth of
online job portals and digital applications,
organizations often receive hundreds or thousands of
resumes for a single position.

Manual resume screening has several disadvantages.
HR professionals spend a significant amount of time

Human

reading resumes, identifying skills, and evaluating
candidate qualifications. This process is repetitive,
labor-intensive, and prone to human errors. Moreover,
different recruiters may evaluate resumes differently,
resulting in inconsistency in candidate selection.

The increasing availability of Artificial Intelligence
(AI) technologies has enabled organizations to
automate recruitment processes. Among these
technologies, Natural Language Processing (NLP)
plays a vital role because resumes and job descriptions
are primarily text-based documents. NLP enables
computers to process
information in a meaningful way.

An NLP-based Resume Screening System can
automatically extract important details such as:

e  Candidate skills

e  Educational qualifications

and understand textual

e  Work experience

e Certifications

e  Technical expertise

e Project details

e Communication skills
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The system then compares extracted information with
the job description and generates a matching score
indicating candidate suitability.

The proposed Resume Screening System aims to
improve recruitment efficiency by reducing manual
effort and enabling faster candidate shortlisting. The
system uses text preprocessing techniques, TF-IDF
vectorization, and cosine similarity for effective
resume-job matching.

IL. OBJECTIVES

The primary objective of this research is to design and
develop an automated Resume Screening System
using NLP techniques.

The detailed objectives are listed below:

To automate the resume evaluation process.

To reduce manual effort in recruitment.

To extract meaningful information from resumes.
To preprocess textual data using NLP techniques.
To compare resumes with job descriptions.

To rank candidates according to relevance.

To improve hiring efficiency and accuracy.

To minimize recruitment bias.

Ok WD =

To provide scalable resume screening solutions.
10 To support intelligent candidate shortlisting.

III. LITERATURE REVIEW

Several researchers and organizations have explored
Al-based recruitment systems to improve hiring
efficiency.

Early resume screening systems mainly relied on
keyword matching approaches. These systems
searched for predefined keywords within resumes and
shortlisted candidates based on keyword frequency.
However, keyword-based approaches suffered from
several limitations such as inability to understand
context and semantic meaning.

Machine Learning and NLP techniques significantly
improved automated recruitment systems.
Researchers introduced methods such as:

e  Text classification

e Named Entity Recognition (NER)

e Semantic analysis

e Information extraction

e  Similarity matching

IJIRT 204484

e Deep Learning models

A. Resume Classification Systems

Resume classification systems categorize resumes into
predefined domains such as:

e  Software Engineering

e Data Science

e Marketing

e Finance

e  Human Resources

Algorithms such as Naive Bayes, Support Vector
Machines (SVM), and Random Forest were used for
classification.

B. Skill Extraction Systems

Skill extraction systems identify technical and non-
technical skills from resumes using NLP techniques.
Named Entity Recognition (NER) models are
commonly applied for extracting:

e  Programming languages

e Tools and technologies

e Certifications

e  Educational qualifications

C. Similarity-Based Matching Systems
Similarity-based systems compare resumes with job
descriptions using:

e TF-IDF

e  Cosine similarity

e  Word embeddings

e  Transformer models

These systems provide ranking scores indicating
candidate suitability.

D. Limitations of Existing Systems

Although existing systems improved recruitment

automation, several challenges remain:

e Difficulty processing resumes with different
formats.

e Limited semantic understanding.

e Keyword manipulation by candidates.

e Dataset bias.

e Difficulty handling multilingual resumes.

e Inability to understand soft skills effectively.

The proposed system aims to address some of these
limitations using efficient NLP preprocessing and
similarity-based ranking.
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Iv. PROBLEM STATEMENT

Organizations receive an extremely large number of
resumes for job openings. Manual screening of
resumes is inefficient and creates several operational
challenges.

The major problems associated with traditional
resume screening include:

e High time consumption.

e Increased recruitment costs.

e  Human errors during evaluation.

e Inconsistent decision-making.

e Difficulty handling large-scale applications.

e Delayed recruitment processes.

e  Unconscious human bias.

There is a need for an automated system capable of
intelligently processing resumes and identifying the
best candidates according to job requirements.

The problem addressed in this paper can be stated as
follows:

“Developing an NLP-based Resume Screening
System that automatically extracts information from
resumes, compares resumes with job descriptions, and
ranks candidates based on relevance and suitability.”

V. PROPOSED SYSTEM

The proposed Resume Screening System automates
the candidate evaluation and shortlisting process using
NLP and Machine Learning techniques.

The system architecture consists of the following
major modules:

Al BASED RESUME SCREENING SYSTEM - MODULE DIAGRAM

MODULE

MODULE
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A. Resume Upload Module
Candidates upload resumes in PDF or DOCX format
through a web interface.
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B. Resume Parsing Module

The parser extracts textual information from resumes
using document processing libraries.

C. Text Preprocessing Module

The extracted text undergoes NLP preprocessing to
remove unnecessary words and normalize textual
content.

D. Feature Extraction Module

Important features such as skills and keywords are
extracted using TF-IDF vectorization.

E. Similarity Matching Module

The processed resume data is compared with job
descriptions using cosine similarity.

F. Candidate Ranking Module

Candidates are ranked according to similarity scores.
G. Admin Dashboard Module

Recruiters can view ranked candidates and shortlist
applicants.

VI SYSTEM ARCHITECTURE
A. Workflow of the System

The workflow of the proposed system is explained below:
Al BASED RESUME SCREENING SYSTEM - MODULE DIAGRAM
(1) RES(:::)EDL:J:[EDAD (2] ‘e TEXT

MODULE

) F
MODULE l - MODULE

© smuarmymatchng O canoaTe RankiNG @ sominDasHsoARD
MODULE | MODULE MODULE
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B. Architectural Components

The system consists of the following components:

Component Description
Frontend User interface for resume upload
Backend Handles resume processing and

ranking

NLP Engine Performs text preprocessing
Database Stores resumes and candidate data
Matching Computes similarity scores

Engine
Admin Panel Displays shortlisted candidates
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VIL METHODOLOGY

A. Data Collection

The dataset used in this research includes:
e  Sample resumes

e Job descriptions

e  Technical skill datasets

e Candidate profiles

The data can be collected from:
e Kaggle datasets

e  Online job portals

e Recruitment platforms

e Synthetic datasets

B. Resume Text Extraction

Resumes are uploaded in PDF or DOCX format. The
system extracts text using Python libraries such as:

e PyPDF2

e  pdfplumber

e python-docx

These libraries convert resume files into machine-
readable textual data.

C. NLP Preprocessing

Text preprocessing improves text quality and prepares
the data for analysis.

1) Tokenization

Tokenization divides text into smaller units called
tokens.

Example:

“Python developer with machine learning skills”
becomes:

e Python

e developer

e machine

e learning

o skills

2) Lowercase Conversion

All text is converted into lowercase to ensure
consistency.

Example:

e  “Python” becomes “python”

3) Stop-word Removal

Common words such as “the,” “is,” and “and” are
removed because they do not contribute significantly
to resume analysis.

4) Stemming

Stemming reduces words to their root forms.
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Example:

e “developing” becomes “develop”

5) Lemmatization

Lemmatization converts words into meaningful root
forms.

Example:

e “better” becomes “good”

6) Noise Removal

Special symbols, punctuation marks, and unnecessary
spaces are removed.

D. Feature Extraction

Feature extraction identifies important keywords from
resumes and job descriptions.

The proposed system uses TF-IDF (Term Frequency—
Inverse Document Frequency).

TF-IDF measures the importance of words within
documents.

TF-IDF Formula:

TF-IDF(t,d) = TF(t,d) x IDF(t)

Where:

e TF = Frequency of term in document

e IDF = Importance of term across all documents
Advantages of TF-IDF include:

e Identifies important keywords.

e  Reduces impact of common words.

e Improves text representation.

e  Supports efficient similarity matching.

E. Similarity Matching

Cosine similarity measures similarity between resume
vectors and job description vectors.

Cosine Similarity Formula:

cos(0) = (A - B) / (Al IBI)

Where:

e A =Resume vector

e B =Job description vector

The cosine similarity score ranges from 0 to 1.

e 0 indicates no similarity.

e | indicates exact similarity.

Higher similarity scores indicate better candidate-job
matching.

VIII. TECHNOLOGIES USED

The following technologies are used for implementation:

Technology Purpose

Python Core programming language
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NLTK NLP preprocessing

spaCy Advanced NLP processing

Scikit-learn TF-IDF and similarity
calculation
Flask / Django Backend development
React Frontend development
MongoDB / MySQL Database management
HTML/CSS/JavaScript User interface
A. Python

Python is widely used because of its simplicity and
extensive NLP libraries.

B.NLTK

NLTK provides tokenization, stemming, stop-word
removal, and text processing functionalities.

C. spaCy

spaCy supports advanced NLP operations such as
Named Entity Recognition and dependency parsing.
D. Scikit-learn

Scikit-learn provides efficient implementations of:

e TF-IDF vectorization

e  Cosine similarity

e  Machine Learning algorithms

IX. IMPLEMENTATION

A. System Development

The system is implemented using Python and NLP
libraries.

The frontend allows users to upload resumes and job
descriptions.

The backend processes textual data and computes
similarity scores.

B. Sample Python Code

from sklearn.feature extraction.text import TfidfVect
orizer from sklearn.metrics.pairwise import cosine_si
milarity resume = "Python developer with NLP and m
achine learning experience"

job_desc = "Looking for a Python NLP engineer”

# Document list

documents = [resume, job_desc]

# TF-IDF Vectorization

vectorizer = TfidfVectorizer()

matrix = vectorizer.fit_transform(documents)

# Similarity Calculation

similarity = cosine_similarity(matrix[0:1], matrix[1:2
D

print("Similarity Score:", similarity[0][0])
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C. Output

The system generates:

e Resume matching scores
e Ranked candidate lists

e Shortlisted applicants

X. EXPERIMENTAL ANALYSIS

A. Experimental Setup

The proposed Resume Screening System was tested
using multiple resumes collected from publicly
available datasets and sample job descriptions created
for technical recruitment.

The implementation environment consisted of:

Component Specification
Operating System Windows / Linux
Programming Language Python 3.11
RAM 8 GB
Processor Intel Core i5
IDE VS Code / PyCharm
Framework Flask

The system was evaluated using resumes belonging to
different technical domains such as:

e  Software Development
e Data Science

e  Web Development

e  Machine Learning

e Cloud Computing

e Cybersecurity

B. Performance Metrics

The performance of the system was evaluated using
the following metrics:

1) Accuracy

Accuracy measures how effectively the system
identifies relevant resumes.

2) Precision

Precision determines the proportion of correctly
shortlisted resumes.

3) Recall

Recall measures the ability of the system to identify all
relevant candidates.

4) F1-Score

Fl-score provides a balance between precision and
recall.
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5) Processing Time
Processing time measures how quickly the system
evaluates resumes.

C. Experimental Results

The proposed system achieved significant improvements

compared to manual screening methods.

Metric Manual Proposed NLP
Screening System
Screening Very High Low
Time
Accuracy 72% 91%
Precision 68% 89%
Recall 70% 90%
Scalability Limited High

Parameter Traditional Proposed
Method System
Screening High Low
Time
Accuracy Moderate High
Scalability Limited High
Human High Low
Effort
Bias Low Improved
Reduction

The system effectively identifies relevant resumes and
ranks candidates according to job requirements.
Organizations can significantly reduce recruitment
time while improving selection quality.

The results indicate that NLP-based resume screening
systems can efficiently handle large volumes of
resumes while maintaining high accuracy.

D. Analysis of Results

The analysis demonstrates that TF-IDF and cosine
similarity provide reliable candidate ranking for initial
recruitment stages.

The system effectively identifies resumes containing
relevant skills such as:

e Python

e Java

e  Machine Learning

e NLP

e Cloud Computing
e SQL

e React

e Data Analysis

The preprocessing stage
system performance by
standardizing textual data.

significantly
reducing

improved
noise and

The ranking mechanism enabled recruiters to quickly
identify suitable candidates from large datasets.

XI. RESULTS AND DISCUSSION
The proposed Resume Screening System successfully
automates candidate evaluation and ranking.

Experimental analysis demonstrates the following
improvements:
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XII.

LIMITATIONS

Despite its advantages, the system has certain

limitations:

NSk W=

XIII.

Dependency on textual quality.
Possibility of keyword stuffing.
Limited understanding of soft skills.
Bias in training datasets.

Difficulty processing creative resume formats.
Limited semantic understanding.

Challenges with multilingual resumes.

COMPARISON WITH EXISTING
SYSTEMS

The proposed system offers several advantages compared

to traditional and existing automated recruitment systems.

Feature Traditional Existing Proposed
System Automated NLP
Systems System
Manual High Moderate Low
Effort
Processing Slow Moderate Fast
Speed
NLP No Partial Full
Integration
Resume Manual Semi- Automatic
Ranking Automatic
Scalability Low Moderate High
Bias Limited Moderate Improved
Reduction
Semantic No Partial Advanced
Analysis

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

4544



© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002

The proposed system improves recruitment efficiency
while supporting scalable hiring processes.

XIV.  SECURITY AND PRIVACY
CONSIDERATIONS

Recruitment systems handle sensitive candidate
information such as:

e  Personal details

e  Educational information

e Work experience

e  Contact information

e  Certifications

Therefore, security and privacy are important
considerations.

A. Data Security

The system must ensure secure storage of resumes and
candidate data.

Security measures include:

e Encrypted database storage

e  Secure authentication

e Role-based access control

e HTTPS communication

B. Data Privacy

Candidate information should be processed according
to privacy regulations.

Important privacy practices include:

e Limiting unauthorized access

e  Secure data transmission

e  User consent mechanisms

e Data anonymization

C. Ethical AI Considerations

Al-based recruitment systems must avoid unfair
discrimination.

Potential sources of bias include:

e Biased datasets

e Historical recruitment patterns

e Incomplete data

e Improper feature selection

Fairness-aware Al techniques can help reduce
discrimination and improve transparency.
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XV. CHALLENGES IN NLP-BASED RESUME
SCREENING

Although NLP-based systems provide significant
advantages, several challenges still exist.

A. Resume Format Variability

Candidates use different resume structures, fonts,
templates, and designs.

Complex resume layouts can affect text extraction
quality.

B. Semantic Understanding

Basic NLP systems rely heavily on keywords and may
fail to understand semantic meaning.

Example:

e “Machine Learning Engineer”

e  “Al Developer”

Both roles may represent similar skills, but keyword-
based systems may treat them differently.

C. Keyword Stuffing
Candidates may intentionally insert excessive
keywords to manipulate ranking systems.

D. Soft Skill Identification
Soft skills such as communication, leadership, and
teamwork are difficult to measure automatically.

E. Multilingual Resumes
Handling resumes written in different languages
remains challenging.

F. Bias and Fairness

Biased datasets may result in unfair candidate
selection.

Developers must ensure fairness and transparency
during system development.

XVI.  ROLE OF MACHINE LEARNING IN
RECRUITMENT

Machine Learning plays a significant role in modern
recruitment systems.

A. Resume Classification

Machine Learning models classify resumes into job
categories.

Example categories include:

e Data Science
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e Software Engineering
e  Marketing

e Finance

e  Healthcare

B. Predictive Analytics

Al systems can predict candidate success probability
based on historical hiring data.

C. Recommendation Systems

Recruitment platforms can recommend jobs to
candidates and candidates to recruiters.

D. Behavioral Analysis

Advanced Al systems may analyze communication
patterns and interview responses.

XVII. ROLE OF DEEP LEARNING AND
TRANSFORMERS

Deep Learning has significantly improved NLP
applications.

A. Transformer Models

Transformer architectures such as BERT and GPT
provide better contextual understanding.

These models improve:

e Semantic matching

e  Skill extraction

e  Contextual understanding

e Resume ranking

B. BERT-Based Matching

BERT understands sentence meaning rather than
relying only on keywords.

Example:

e “Experienced in Python programming”

o “Worked extensively with Python development”
BERT recognizes that both sentences represent similar
expertise.

C. Advantages of Deep Learning

e Better contextual understanding

e Improved semantic analysis

e Higher matching accuracy

e Reduced dependency on exact keywords

D. Limitations of Deep Learning
e  High computational cost

e Requirement of large datasets
e Increased training time
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e  Hardware dependency
XVIII. DATABASE DESIGN

The system requires efficient database management
for storing candidate and recruitment information.

A. Candidate Table

Field Description
Candidate ID Unique candidate identifier
Name Candidate name
Email Email address
Skills Extracted skills
Experience Work experience

Education Educational qualifications

Resume Path Resume storage location

B. Job Description Table

Field Description
Job ID Unique job identifier
Job_Title Position name
Required _Skills Required technical skills
Experience Required experience
Qualification Educational requirements

C. Matching Table
Field Description
Match_ID
Candidate ID Candidate reference
Job_ID Job reference
Matching percentage

Matching record identifier

Similarity Score

XIX.  USER INTERFACE DESIGN

A user-friendly interface improves usability and
recruiter efficiency.

A. Candidate Interface

The candidate interface provides:

e Resume upload feature

e  Profile creation

e Job application options

e Application status tracking

B. Recruiter Interface
Recruiters can:

e Upload job descriptions
e  View ranked candidates
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Filter applicants
Shortlist candidates
Download reports

C. Dashboard Features

The admin dashboard may include:
e Candidate statistics

e Hiring analytics

e  Resume rankings

e  Skill distribution charts

XX. INDUSTRIAL IMPACT

The proposed system can transform recruitment
practices across industries.

Major impacts include:

e  Faster hiring cycles

e Reduced operational costs

e Improved workforce quality

e Better candidate experience

e Enhanced recruiter productivity

Industries adopting Al-based recruitment systems gain
competitive advantages through efficient talent
acquisition.

XXI. FUTURE ENHANCEMENTS

Future improvements can significantly enhance the
system.

Possible enhancements include:

A. Deep Learning Integration

Transformer-based models such as BERT and GPT
can improve semantic understanding.

B. Multilingual Resume Processing

Future systems can support multiple languages.

C. Interview Recommendation Systems

Al can automatically recommend interview questions
based on candidate profiles.

D. Bias Detection Mechanisms

Fairness algorithms can reduce recruitment bias.

E. Cloud-Based Deployment

The system can be deployed on cloud platforms for
scalability.

F. LinkedIn Integration

The system can automatically import candidate
information from professional platforms.
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XXII. FUTURE RESEARCH DIRECTIONS

Future research in NLP-based recruitment systems
may focus on:

A. Explainable Al

Developing transparent recruitment systems that
explain candidate rankings.

B. Emotion and Personality Analysis

Al systems may analyze communication behavior and
personality traits.

C. Real-Time Recruitment Analytics

Organizations can monitor hiring performance
through live dashboards.

D. Blockchain-Based Resume Verification
Blockchain  technology can verify candidate
certifications and work history.

E. Al-Powered Career Guidance

Future systems can recommend suitable career paths
for candidates.

XXIII. CONCLUSION

This paper presented a detailed Resume Screening
System using Natural Language Processing
techniques. The proposed system automates resume
parsing, preprocessing, candidate evaluation, and
ranking.

The use of NLP techniques such as tokenization, stop-
word removal, TF-IDF vectorization, and cosine
similarity enables efficient candidate-job matching.
The system reduces recruitment time, minimizes
manual effort, improves scalability, and enhances
hiring efficiency.

The experimental results demonstrate that NLP-based
recruitment systems can significantly improve the
candidate shortlisting process. Future integration of
Deep Learning and semantic analysis models can
further improve system performance and fairness.
The proposed system represents an important step
toward intelligent and automated recruitment
solutions.
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