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Abstract- The rapid digitalization of recruitment has created
the need for automated, accurate, and unbiased resume
screening systems. This research presents an Al-powered
Resume Analyzer that utilizes Natural Language Processing
(NLP), Machine Learning (ML), and semantic matching
techniques to evaluate resumes efficiently. The system extracts
key information such as skills, experience, education, and
achievements using text-processing algorithms and transforms
them A machine-learning—based
relevance model then compares candidate profiles with job
descriptions to generate a match score, highlight missing
skills, and provide improvement suggestions. The proposed
system reduces manual screening time, enhances decision-

into structured data.

making accuracy, and minimizes human bias. Experimental
results demonstrate that the Al Resume Analyzer improves
candidate—job matching efficiency and delivers consistent,
objective evaluations, making it a valuable tool for modern
recruitment workflows.

I. INTRODUCTION

In today's competitive job market, job seekers often
struggle to differentiate themselves from a large number of
applicants. A strong resume is essential for a successful job
search, yet crafting one that genuinely reflects one's skills,
experience, and qualifications can be difficult. Resumes that
do not meet the expectations of hiring managers during the
initial screening process may lead to a candidate being
overlooked, even if they are well-qualified. To help overcome
this issue, a new tool has been introduced — the Intelligent
Resume Analyzer. This system uses artificial intelligence and
machine learning to review and provide feedback on resumes.
It is designed to assist job seekers in creating resumes that are
more likely to pass through the initial screening stages of a job
search. The Intelligent Resume Analyzer evaluates various
elements of a resume, such as work experience, education,
skills, and achievements.

It can an extract key information, compare candidate
profiles with job requirements, and provide structured insights
for better decision-making. This technology not only reduces
the workload of HR professionals but also improves the
accuracy and fairness of the recruitment process. As
organizations increasingly depend on data-driven hiring tools,
Al-powered resume analysis becomes essential for modern
talent acquisition.
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II. LITERATURE REVIEW

Early automated resume screeners relied on rule-
based parsing and keyword matching,using hand-crafted
patterns (regex, gazetteers) to segment résumés and align
skills to job descriptions (JDs). While fast, these methods
struggle with noisy layouts and synonymy/polysemy across
domains, leading to brittle extraction and poor generalization
across resume templates and job lexicons. Recent reviews
catalog the limitations and motivate statistical and neural
approaches for robust extraction and matching.

A Information Extraction and Parsing
Named Entity Recognition (NER) is the core of resume
parsing—identifying spans such as Name, Education,
Organization, Degree, Skill, Experience, Project. Publicly
shared annotated corpora (e.g., the Resume Entities for NER
dataset) catalyzed the move from heuristics/CRFs to deep
sequence NER (BERT,
DeBERTa) now dominates, substantially improving F1 on
fields and fine-grained skills. Open, reproducible pipelines and
models (e.g., BERT-based resume NER on Hugging Face)
report >90% F1 on in-domain data, though cross-template and
cross-locale robustness remains a challenge.

models.  Transformer-based

B. Job—Resume Matching
Beyond parsing, semantic matching estimates candidate—role
fit. Early vector-space/similarity baselines gave way to deep
representation learning: Siamese encoders (e.g., SBERT)
compute embeddings for resumes and JDs; cross-encoders
model token-level interactions for higher accuracy at higher
cost. Recent work explores domain-aligned encoders
C. Skills Taxonomies and Knowledge Resources
Accurate matching often hinges on skills normalization:
mapping noisy skill mentions (“PyTorch,” “Torch”) to
canonical concepts and relating them
(broader/narrower/related). O*NET and ESCO are widely
used for grounding; they provide hierarchical skills/abilities
and  standardized  descriptors  across  occupations.
Complementary work builds data-driven skill taxonomies
from job postings to capture emerging technologies, and
studies methods for keeping digital skill classifications up to
date as language drifts. Using these resources improves recall
for synonymy and supports explainable gap analysis (“missing
ML ops skills™).
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D. Datasets, Benchmarks, and Reproducibility
Compared to other NLP tasks, public benchmark datasets for
resume—JD matching remain scarce due to privacy/IP
constraints. Researchers commonly report results on private
corporate data or synthetic pairings, limiting comparability.
Public items include NER datasets (Kaggle) and scattered
academic corpora; a stream of recent papers shares
architectures and qualitative analyses but lacks standardized
splits and metrics. This fragmentation makes reproducibility
and cross-domain  generalization key open issues.
E. Fairness, Accountability, and Regulation
Automated hiring is high-risk from a legal/ethical standpoint.
Surveys across HCI, law, and ML document disparate impact
and measurement

F.EmergingDirectionsRecent systems emphasize end-to-end
pipelines with layout-aware parsing, hybrid symbolic-neural
extraction, and transformer cross-encoders for matching, often
adding explainable components (skill coverage, gap heatmaps)
for recruiter transparency. Domain-aligned models trained on
large labor corpora.

However, open challenges persist: (1) Domain shift
across industries and geographies; (2) Multilingual and code-
mixed resumes; (3) Robustness to creative layouts and
scanned PDFs; (4) Evaluation on standardized, representative
benchmarks; (5) Fairness auditing across protected classes,
including disability; and (6) Privacy-preserving learning over
sensitive applicant data

III. METHODOLOGY

The process used to develop the Intelligent Resume
Analyzer system involves several important stages during its
creation and use. This section explains the key parts of the
research plan, how data was gathered, and the methods used to
analyze it within the Intelligent Resume Analyzer system.

Research Design: The basic plan for the Intelligent Resume
Analyzer system follows the principles of machine learning
and natural language processing.

This method involves carefully collecting and
studying a large number of resumes to find important patterns
and features that help in efficiently screening resumes. The
system is built using a supervised learning approach, where it
is trained using resumes that have been marked with specific
details to help it recognize certain patterns.

Data Collection: The data gathering for the Intelligent
Resume Analyzer system comes from various sources such as
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job websites, social media platforms, and other online
resources.

Resumes are collected in different formats, including
PDF, Microsoft Word, and plain text. After collection, a
process of preparation is done to remove unnecessary
information and protect personal details.

Data Analysis: The data analysis step includes several
important steps.

First, the prepared resumes are analyzed using
natural language processing techniques to extract important
information such as skills, education, work experience, and
achievements. Then, machine learning algorithms examine
these extracted details to find patterns that help in predicting
whether a resume is suitable for a particular job. The system is
then tested on a large set of resumes to check its performance
and identify areas that need improvement.

Evaluation: The evaluation process checks how well the
system works using a group of resumes that have been marked
as a test set.

These resumes are grouped based on how well they
fit for different job roles. The system is assessed based on how
accurately it predicts if a resume is suitable for a specific job.
The results from the evaluation show that the system is highly
accurate in predicting which resumes are appropriate for
different job positions.

In summary, the methodology section of the
Intelligent Resume Analyzer system follows a careful process
that includes thorough research planning, detailed data
collection, and advanced analysis methods.

By using machine learning and natural language
processing, the system effectively analyzes resumes and
provides useful feedback for improvement. The evaluation
results confirm that the system is highly accurate in predicting
the suitability of resumes for various job positions.

Analysis And Model Testing

The Intelligent Resume Analyzer system is built upon
advanced modeling and analysis methods.

It uses strong natural language processing and
machine learning to review resumes. The system begins by
creating a model of the job market. By examining a variety of
job postings, it discovers the key skills, credentials, and
experiences needed for different job roles. This model acts as
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a reference point to compare resumes with job requirements,
giving job seekers customized feedback to improve their
resumes and better match employer expectations. In addition,
advanced analysis techniques evaluate the content and
structure of resumes, highlighting strengths and areas for
improvement in areas like work history, education, and skills.

This detailed analysis offers personalized feedback to
job seekers, helping them improve their resumes and increase
their chances in the competitive job market. The system also
uses machine learning algorithms for ongoing enhancement.
By studying a growing collection of resumes and job postings,
the system adapts, learning to recognize new trends and
patterns in the job market. This evolution improves its ability
to deliver more useful feedback to job seekers, strengthening
its position as a flexible tool for managing the challenges of
job searching. In summary, modeling and analysis are
essential and vital parts of the Intelligent Resume Analyzer
system.

System Architecture

1.User Interface Layer

The User Interface acts as the entry point for both
candidates and authorized users. It provides two primary
functionalities:

Candidate Registration/Login: New users can register and
upload their resumes for analysis, while existing users can log
in to access their previous submissions.

Login Module: Recruiters or system administrators can log in
to view analysis results, manage candidate data, and monitor

system performance.

This layer ensures secure authentication and seamless
communication with the backend system.

2. Backend System

The Backend System represents the core processing unit
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responsible for handling data storage, text extraction, and Al-
based classification.

a. Document Storage

All uploaded resumes are first transferred to the
Document Storage module. This component manages the
storing and preprocessing of documents, including text
extraction, format normalization, and conversion to structured
data formats. It ensures that every resume is prepared
consistently before being passed to the classification engine.

b. Classification Using NLP Algorithm

Once the resume data is preprocessed, it is fed into
the NLP-driven classification module. This module applies
various Natural Language Processing (NLP) techniques—such
as tokenization, named-entity recognition, skill extraction, and
semantic similarity matching—to identify key
attributes.

resume

Machine learning algorithms then classify the
candidate profile based on skills, experience, education, and
relevance to a given job description. This stage forms the
intelligence layer of the system, enabling automated and
objective evaluation.

3. Output / Further Processing

The final stage generates the Classified Results,
which may include candidate—job match scores, extracted skill
sets, missing competencies, and overall suitability ratings.
These results can be viewed by candidates or recruiters for
further decision-making. The module also supports potential
integration with additional HR systems for extended

processing.
IV. RESULTS AND DISCUSSION

The performance of the proposed Al Resume
Analyzer was evaluated using a dataset containing resumes
from multiple professional fields and corresponding job
descriptions. The analyzed on four key
parameters: information extraction accuracy, candidate—job
matching performance, processing efficiency, and user
experience. The results demonstrate that the system effectively
automates resume screening and provides reliable
classification outcomes.

system was

1.Information Extraction Accuracy
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The NLP module successfully extracted key components such
as skills, education, experience, and contact details from
various resume formats.

Skill extraction accuracy: 87%

Experience and role identification accuracy: 89%

Education extraction accuracy: 91%

Errors occurred mainly in resumes with heavy
graphical elements or unconventional layouts. Despite these
limitations, the system maintained consistent extraction
accuracy across different domains.
2.Candidate—Job Matching Performance

The classification model showed strong capability in matching
resumes with job descriptions using semantic similarity and

machine learning algorithms.
Match score accuracy: 85-90%
Classification reliability: 88%
Semantic relevance score: 86%

The integration of contextual embeddings (e.g., BERT)
enhanced the model’s understanding of job requirements and
improved overall relevance scoring compared to traditional
keyword-based methods.

3.Processing Efficiency

One of the primary benefits of the system is its ability to
significantly reduce resume screening time.

Manual screening time: Approximately 5-10 minutes per
resume

Al Analyzer processing time: 8—15 seconds per resume
This reduction in processing time demonstrates the system's
suitability for large-scale recruitment workflows, especially

during high-volume hiring phases.

4.User Feedback and System Usability
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Feedback was collected from HR professionals, recruiters, and
students who tested the system prototype.

Overall usability score: 86/100 (based on System Usability
Scale)

Users reported that the system provided clear skill insights,
objective rankings, and helpful improvement suggestions.

Recruiters appreciated the reduction in manual workload and
the improved consistency in candidate evaluation.

V. DISCUSSION

The results indicate that the Al Resume Analyzer is

in addressing the challenges
traditional resume screening. By incorporating NLP and
machine learning techniques, the system delivers accurate,
fast, and unbiased resume analysis. It enhances decision-
making by offering structured insights and reliable match

effective associated with

SCOres.

However, a few limitations were observed:
Difficulty processing resumes with graphical or non-standard

formats

Limited performance for multilingual resumes not included in
training

Dependence on the quality and size of the training dataset

Future improvements may include incorporating OCR for
complex layouts, adding multilingual NLP support, and
expanding the dataset for better generalization.

VI. CONCLUSION

The Al Resume Analyzer is an intelligent system that
automates and enhances the recruitment process by leveraging
Natural Language Processing (NLP) and Machine Learning
(ML) techniques.Through text extraction and vector-based
similarity matching, the system efficiently evaluates resumes
against job descriptions, ensuring faster, fairer, and more
accurate candidate shortlisting.Overall, the AI Resume
Analyzer:Reduces manual effort in resume
screening,Improves accuracy and consistency of candidate
evaluation,Enhances decision-making through data-driven
insights, andAdapts over time through continuous learning
from recruiter feedback.
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Hence, it represents a powerful and scalable

solution for intelligent talent acquisition in modern HR
systems.
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