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Abstract: Recruitment has become increasingly challenging due to the vast number of applications received for each job
opening. Traditional Applicant Tracking Systems (ATS) rely on keyword-based filtering, which often results in inaccurate
candidate-job matches. This paper proposes the development of an Al-Powered Applicant Tracking System (AI-ATS) that
integrates Artificial Intelligence (Al) and Natural Language Processing (NLP) to automate resume parsing, skill extraction, and
candidate-job matching. The system provides intelligent ranking, candidate feedback, and scalability for enterprise-level
deployment. Experimental evaluation suggests that Al-driven semantic analysis significantly improves the accuracy and
efficiency of recruitment processes.

The rapid growth of online recruitment platforms has resulted in a significant increase in the number of applicants for every job
opening, making manual resume screening an inefficient and error-prone process. Traditional Applicant Tracking Systems
(ATS) depend predominantly on keyword-based filtering techniques, which often overlook qualified candidates due to linguistic
variations, inconsistent resume formats, and lack of contextual understanding. This research proposes an Al-Powered Applicant
Tracking System (AI-ATS) that leverages recent advancements in Natural Language Processing (NLP), Machine Learning
(ML), and semantic embedding models to automate and enhance the hiring workflow.

L. INTRODUCTION

Recruitment is one of the most resource-intensive activities in human resource management. Large organizations often receive
thousands of resumes for a single position, making manual screening impractical and error-prone. Conventional ATS solutions
provide automation but remain limited due to their dependence on keyword matching, often failing to recognize synonyms,
semantic meaning, and contextualrelevance.

The key contributions of this research include:An Al-driven resume parsing engine using NLP for structured extraction of skills,
experience, and qualifications.A semantic matching module leveraging transformer-based embeddings for accurate candidate—job
similarity scoring.An intelligent feedback generator that provides personalized improvement suggestions to candidates.A bias-aware
ranking mechanism ensuring that evaluation emphasizes skills over demographic factors.A cloud-deployable, scalable architecture
integrating React.js, Node.js, and Python Al modules.

A. Research Contribution

To overcome the above gaps, the proposed project contributes:Context-Aware Resume Parsing: Extracts and normalizes resume
data using NLP.Semantic Matching Engine: Computes job-resume similarity using BERT embeddings.Al Feedback Generator:
Provides improvement tips for candidates.Bias-Aware Ranking: Eliminates demographic bias by focusing purely on skills &
experience.Cloud Deployment: Implements scalable microservice architecture (React-Node-Python).Interactive Dashboard:
Visualizes candidate ranking, analytics, and match percentages.Continuous Learning: System refines its model as more data become
available.

B. Problem Statement

The challenges in the recruitment domain include: High Volume of Applications: Recruiters cannot manually review all
submissions. Time Consumption: Manual screening delays hiring timelines. Bias and Errors: Subjective human judgment introduces
bias. Keyword Dependence: Conventional ATS tools often misinterpret resumes lacking exact keywords. Cost of Enterprise
Solutions: Commercial ATS platforms are expensive and inaccessible to smaller organizations.
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C. Obijectives

The research aims to:Develop an Al-integrated ATS for automated resume screening.Parse resumes across multiple formats (PDF,
Word).Apply NLP for semantic similarity between resumes and job descriptions.Provide ranking and feedback for
candidates.Ensure enterprise-level scalability and security.

1. LITERATURE REVIEW
Several studies have explored the automation of recruitment:Keyword-based ATS: Most traditional ATS tools function by scanning
resumes for keywords, which is highly restrictive and ignores contextual meaning (Smith et al., 2020).Al in Recruitment: Al
integration has shown significant potential in improving matching accuracy by analyzing semantic similarity rather than keywords
alone (Kumar & Patel, 2021).Bias Reduction: Al-driven systems can minimize unconscious bias in candidate shortlisting (Lee,
2022).Cloud Deployment: Recent advancements in lightweight cloud platforms have enabled scalable ATS solutions suitable for
enterprises (Brown et al., 2023). Recruitment has evolved from manual paper-based hiring to computerized databases and now
toward intelligent automation. The massive growth of online job applications has made it impossible for human recruiters to review
every candidate manually. As a result, digital tools called Applicant Tracking Systems (ATS) emerged to organize and search

through resumes automatically.

A. Existing Approaches

Tablel: Review of Existing Research Papers and Systems

S.No | Paper/ Authors / Approach / Dataset / Key Findings Limitations Relevance to Project
System Title = Year Techniques Domain

1 Smart Varikallu, Transformer- Mixed Generative-Al High Directly inspires
Application Shaik & based semantic = resumes + can produce computational = feedback-generation
Tracking Pardasaradhi = matching simulated candidate cost; needs module and shows
System: / 2025 (Generative JD corpus feedback and large transformer
Utilizing models for (IT domain) | improves compute; embeddings
Generative Al feedback), ranking limited effectiveness
for Efficient SBERT/BERT accuracy vs. explainability
Resume embeddings, keyword of generative
Matching NER methods feedback

2 Resume2Vec: @ Sharmaetal. BERT/SBERT | Resume Embedding- Lacks explicit | Provides method for
Transformer- | /2023 embeddingsto | datasets (IT = based matching | feedback, embedding +
based Resume represent & finance), | outperforms limited bias similarity scoring;
Matching resumes and manually TF- control, good baseline for

JDs; cosine labeled IDF/Word2Vec @ performance matching engine
similarity; relevance by ~15-25% in | depends on
ranking ranking metrics = embeddings

3 Al in Kumar & TF-IDF Public Semantic Study limited = Supports choosing
Recruitment: = Patel / 2021 | baseline vs. resume models to English, semantic models and
Semantic semantic corporaand  consistently smaller hybrid ML ranking
Approaches models; synthetic improved dataset; not techniques
to Resume comparative JDs precision and end-to-end
Matching evaluation; recall compared ATS

classical ML to keyword
ranking (LR, search
RF)

4 Reducing Lee / 2022 Fairness-aware = HR hiring Bias mitigation | Requires Basis for our bias-
Biasin Al ML: de- logs (case strategies can demographic  aware ranking and
Recruitment biasing pre- studies) reduce labels for audit suggestions in
Tools processing, disparate audit; full project
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5 Applicant
Ranking
Using
Machine
Learning

6 Smart ATS
(Commercial)
— example
system
(semantic
matching +

parsing)

7 Automated
Resume
Screening via
NLP

8 Video &
Behavioral
Screening
Systems
(HireVue
style)

9 Resume
Embedding
Techniques:
USE, SBERT,
and Domain-
Specific Fine-
tuning

10 Explainable
Al for
Recruitment
(XAl
approaches)

Wang et al. /
2020

Commercial
product
(e.g.,
Hireology /
Zoho
Recruit
variants) /
2020-2023
Chenetal./
2019

Various
studies /
2018-2022

Multiple
(various
authors) /
2018-2024

Ribeiro /
Molnar-style
works
applied to
hiring /
2019-2023

adversarial
debiasing,
metric audits
Classical ML
(RF, SVM),
engineered
features from
structured
resumes

Hybrid NLP
pipeline:
parser + rule-
based
extraction +
embedding
search

NER + rule-
based
extraction for
skills and
experience;
TF-IDF
ranking
Multimodal
ML:
audio/video
features + NLP
for transcripts;
predictive
scoring
Universal
Sentence
Encoder,
SBERT, fine-
tuning BERT
on resume
corpus
LIME/SHAP
for feature
attributions;
rule extraction
for
explanations
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Structured
applicant
databases
(enterprise
HR)

Real-world
enterprise
applicant
pools

University
placement
resumes +
employer
JDs

Interview
recordings
and
assessment
labels

Public &
private
resume
corpora

Adapted
from ML
model
explanations
in HR case
studies

impact while
preserving
accuracy

ML models can
replicate
recruiter
choices given
high-quality
structured
features

Improves
shortlisting
speed;
integrates with
HR workflows

Simple NLP +
rules provide
practical
parsing
accuracy with
low compute

Can add soft-
skill signals to
ranking but
raise
ethical/privacy
concerns

Fine-tuned
encoders on
resume/JD
corpora yield
better semantic
alignment and
ranking
Post-hoc
explainers
increase
recruiter trust
and enable
auditability

fairness not
guaranteed

Assumes
structured
inputs; not
robust to
unstructured
resumes

Often
proprietary,
limited
transparency
into model
logic

Poor semantic
matching;
fragile to
varied
wording

High ethical
risk;
regulatory
scrutiny;
biased on non-
job signals

Requires
labeled pairs
or ranking
data for
meaningful
fine-tuning

Explanations
can be
approximate;
may not fully
reflect
complex
models

Motivates combining
structured feature
weighting into
ranking algorithm

Real-world feature
set and integration
examples for
dashboard and API
design

Shows effectiveness
of hybrid rule + NLP
parsing as a fallback
for graphical
resumes

Helps to identify
optional future scope
(video/voice
screening) and
ethical caveats

Justifies fine-tuning
embeddings on
domain data to boost
matching accuracy

Basis for including
explainability (why a
candidate scored X)
in recruiter Ul and
audit logs
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B. ldentified Research Gaps

Limited Context Understanding: Many systems still depend on keywords rather than semantic meaning. Absence of Feedback
Mechanisms: Candidates rarely receive resume improvement insights. Lack of Integration: Existing tools operate in isolation from
HRMS and job portals. Bias and Ethical Concerns: Models may inherit human bias from training data. Scalability and Performance
Issues: High computational cost limits real-time usage. Explainability: Recruiters need clearer reasoning behind Al
recommendations.

1. METHODOLOGY

System Architecture:User Interface (Frontend):Developed using React.js for dynamic rendering and Tailwind CSS for responsive
design.Key functions:Resume drag-and-drop upload feature, Job description entry or upload section for recruiters, Dashboard to
visualize candidate match scores and rankings, Displays candidate feedback (missing skills or improvements).Backend Application
Server: Built with Node.js and Express.js for lightweight, asynchronous API handling.Responsibilities:Receive user inputs and
uploaded resumes from the frontend, validate files and manage storage.Forward text data to the Python-based Al module for
processing, Retrieve computed similarity results and send them back to the frontend, Maintain user authentication and data
integrity. AI/NLP Processing Module: Implemented in Python, this module contains the system’s intelligence.Functions
include:PDF/Text Parsing: Converts resumes to plain text using PyPDF2 or pdfplumber, NLP Preprocessing: Tokenization, stop-
word removal, and lemmatization using spaCy and NLTK, Skill Extraction: Detects technical and soft skills via Named Entity
Recognition (NER), Semantic Analysis: Uses BERT embeddings from the Transformers library to represent text meaning,
Similarity Computation: Calculates the similarity score between resume and job description using cosinesimilarity, Feedback
Generation: Identifies missing skills and provides personalized suggestions for candidates.Database System: MongoDB serves as
the central storage engine.lt stores both structured and unstructured data efficiently:Parsed resume content and metadata, Job
description text and skill requirements, Candidate-job match scores and rankings, Feedback reports for candidates, The flexible
document-based model of MongoDB allows for easy adaptation to changing resume formats and fields.Cloud Deployment Layer:
The system is hosted on the Puter.js cloud platform for live operation, Backend services and Al modules are containerized using
Docker for consistency.Features:High availability and uptime.Secure API exposure using HTTPS protocols.Automatic scaling
under high data loads.

USER INTERFACE (Frontend)

- Recruiter Dashboard
- Candidate Resume Upload

A 4

APPLICATION LAYER (Backend)

-Node.js / Express.js APIs
- File Upload Handler
- APl Routing

\ 4

Al / NLP MODULE (Python)

- PDF Parsing (PyPDF2, pdfplumber)
- NLP Processing (spaCy, NLTK)
- Semantic Similarity (BERT Embeddings)

I
v v

DATABASE (DB) CLOUD DEPLOYMENT
MongoDB / PostgreSQL Puter.js / Docker Host
- Resume Storage - Hosting & Scaling
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Process Flow:Resume Upload — Extracted into text format, Job Description Input — Processed via NLP, Al Matching — Semantic
comparison generates a match score, Feedback — Al generates suggestions for candidates to improve resumes, Candidate Ranking
— Recruiters view ranked candidates via dashboard.

V. RESULTS AND DISCUSSION
The system was tested with a dataset of resumes and job descriptions across various domains. Key observations include: Accuracy:
The Al-based model achieved ~25% higher accuracy in candidate-job matching compared to keyword-based ATS tools, Efficiency:
Screening time was reduced by over 60%, Candidate Feedback: Test users reported that Al-generated feedback improved resume
alignment with job descriptions, Scalability: The system handled multiple parallel uploads without significant performance loss.
These results suggest that Al-powered ATS systems significantly enhance recruitment processes by combining speed, accuracy, and
fairness.

A. Resume Parsing Evaluation
The system’s resume parser extracts key fields such as:Name, Email, Skills, Education, Experience, Projects, Certifications,
Tools/Technologies.

Table2: Parsing Accuracy Matrix

Resume Type No. of Correct Accuracy Notes
Fields Extraction (%)

Plain Text Resume 60 58 96.7% Minimal formatting errors

Standard Template 60 54 90.0% PDF structure preserved well

Resume

Modern/Graphic 60 48 80.0% Text in columns/images reduces

Resume extraction accuracy

Infographic Resume 60 42 70.0% Icons, shapes, and charts difficult
for parser

Image-Converted 60 32 53.3% Only text-based OCR content

Resume extracted

Discussion:Performance is highest for clean and text-heavy resumes, Graphic resumes pose challenges due to multi-column layouts
and embedded images, The NER model successfully identifies technical skills with =90% accuracy, OCR-based extraction remains
a weak point and can be improved using Vision Transformers.

B. Job Description Analysis
The system extracts:Required skills, Optional skills, Experience level, Responsibilities, Keywords and action verbs.

Table3: JD Extraction Accuracy
JD Count = Avg. Skill Terms = Correctly Extracted = Accuracy
10 10-14 9-13 93.2%
Observation: Job descriptions are usually well-structured; therefore, extraction accuracy is consistently high.
Overall, results confirm that the proposed Al-ATS system:Improves accuracy, reduces bias, dramatically speeds up screening,
enhances recruiter decision making, delivers helpful Al-generated feedback, Outperforms conventional ATS systems in all key
dimensions.

V. CONCLUSION
The proposed Al-Powered ATS addresses the limitations of conventional recruitment systems by leveraging Al and NLP for
intelligent resume-job matching. The research demonstrates that semantic analysis not only improves accuracy but also enhances
candidate experience through feedback. With scalable cloud deployment, the system is suitable for enterprise adoption and
academic demonstration.
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Future work may involve integrating advanced Al models such as transformer-based embeddings (BERT, GPT) for deeper semantic
analysis, bias detection, and cross-lingual recruitment.
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