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Abstract-The hiring process is often time-
consuming and inefficient, as recruiters must
manually review large volumes of resumes to
identify suitable candidates. This paper proposes
an Al-powered Resume Matcher system that
leverages Natural Language Processing (NLP) and
Machine Learning (ML) techniques to automate
resume-job description matching. The system
extracts key features from resumes and job
postings, applies vectorization methods such as
TF-IDF and BERT embeddings, and employs
matching algorithms to generate compatibility
scores. Experimental results demonstrate that the
proposed system achieves an accuracy of over 92%
in candidate-job matching, significantly reducing
recruitment time and improving hiring efficiency.
This work highlights the potential of Al to
transform recruitment by providing fair, scalable,
and efficient solutions,
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[.INTRODUCTION

Recruitment is a critical process for organizations, yet
it is often plagued by inefficiencies due to the large
volume of applications received for job postings.
Traditional hiring methods rely heavily on manual
screening, which is both time-consuming and prone to
human bias. With advancements in Artificial
Intelligence (Al), Natural Language Processing
(NLP), and Machine Learning (ML), automated
resume matching systems have emerged as effective
solutions for improving recruitment workflows. This
study introduces an Al Resume Matcher that
compares candidate resumes with job descriptions,
ranks applicants based on suitability, and provides
recruiters with reliable shortlists. Blockchain
Recruiters and HR departments face a major
bottleneck in shortlisting candidates due to the sheer
volume of resumes submitted per job opening.
Manually evaluating each resume leads to
inefficiencies, delays in hiring, and possible
subjectivity in decision-making.
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Il. LITERATURE REVIEW

The Previous research has explored
various Al techniques for recruitment
automation. Early approaches used rule-
based keyword matching, but these
lacked contextual understanding and
often resulted in poor candidate-job
alignment. Machine Learning techniques
such as Support Vector Machines (SVM),
Random Forests, and Logistic Regression
have shown improved results in candidate
ranking tasks. More recently, deep
learning methods including
Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and
Transformer-based models like BERT
have demonstrated superior accuracy in
semantic text matching. Despite progress,
many existing systems face challenges in
scalability, bias reduction, and real-time
performance, which this research seeks to
address.

Resuming with the hybrid approach Bhoir
et al proposed of resume parsing with
Spacy Transformer BERT combined with
Spacy NLP for effective data extraction
from unstructured resumes, there seems
to be strong integration of deep learning
to achieve high accuracy and practical
hurdles such as non-standardized forms
of resumes. The BERT component in
Spacy Transformer captures the semantic
context improving the accuracy of NER;
the Spacy NLP ensures detailed
extraction of relevant details like names,
contact information, and work history.
The study also illustrates how video
resumes can be parsed through visual and
audio  processing  because  these
techniques could, in the future, make
recruitment easier and more efficient
through proper automated profiling.

Deep The work by Khan et al. (2023)
discusses the development of a resume
parser and summarizer to make
recruitment processes easier by taking
unstructured data from resumes and

reformatting it in structured formats. Their
work describes how the inclusion of natural
language processing techniques and machine
learning enhances the extractability of data
and enables an organization, thereby
circumventing the long process that
recruiters spend solely just to identify
information  related to  educational
backgrounds, skills, and work experiences.
Although  existing systems are of
considerable utility, the authors confer that
the current systems suffer from limitations in
the aspects of language complexity and
ambiguity that may result in missing
qualified applicants. Their proposed system
is trained over diverse datasets and supports
multiple document formats for higher
accuracy in parsing. This work underlines
continued advancements in NLP and Al to
further enhance the efficiency of resume
parsing and minimize human error during
recruitment.

Resumes are filtered in a paper named
"Resume Parser Analysis Using Machine
Learning and Natural Language Processing”
by Rasal et al. Advanced machine learning
techniques are applied for the automation of
resume screening. Thereby, inefficiency in
manual recruitment processes is addressed by
proposing a data classification and
extraction-based system employing
algorithms like Support Vector Machine and
Random Forest. Preprocessing Techniques
such as tokenization, text normalization, and
feature engineering are used in this paper in
preprocessing the varied resume formats. It
then evaluates the efficiency of the parser by
considering accuracy, precision, recall, and
F1 score. The system improves the speed and
accuracy of selecting candidates while
scaling up for handling large volumes of
resumes, greatly wuseful in defeating
challenges in modern recruitment
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IN.METHODOLOGY

3.1 Data Collection

Resumes were collected in PDF/DOCX format,
while job descriptions were sourced from online job
portals.

3.2 Data Preprocessing

Text was extracted using PDF and DOCX parsers,
followed by tokenization, stop-word removal, and
lemmatization. Vectorization techniques such as
TF-IDF and BERT embeddings were applied.

3.3 Model Development

Machine Learning classifiers (Random Forest,
Logistic Regression) and deep learning models
(BERT) were trained to compute similarity scores
between resumes and job describe.

3.4 System Architecture

The system consists of three main components: (1)
Resume Parser, (2) Job Description Analyzer, and
(3) Matching Engine, which outputs a ranked list of
candidates.

Upload Resume
(PDF/DOCX)

l l

NLP Parsing &
Preprocessing

Upload Job
Description

NLP Processing
for Requirements

TF-IDF + Cosine Similarit

Extracted Skills,
Degrees,
Organizations

I |

‘ Matching Engine ‘

l

[ Match % + Missing Skills + Feedback ]

Extracted JD
Skills & Role Info

IV. EXPERIMENTAL SETUP

The main objective of this experiment is to evaluate
the performance of the Al Resume Matcher system
in accurately matching candidate resumes to job
descriptions:

4.1 Dataset Preparation:

Gathered 50-100 sample resumes in PDF or DOCX
format from candidates in various domains (IT,
Management, Engineering, etc. Job, & Description
Collection).

4.2 Feature Extraction:

Text Vectorization-Used NLP techniques to convert
text into machine-readable vectors.

4.3 Model Training and Matching:

Similarity Calculation-Used cosine similarity to
measure similarity between job descriptions and
resumes.
Ranking-Resumes were ranked according to similarity
SCOres.

4.3 Evaluation Metrics:

Precision: Fraction of correctly matched resumes out
of all predicted matches.

Recall: Fraction of correctly matched resumes out of
all actual relevant resumes.

Ranking Accuracy: Measures if the top-k resumes
contain the most suitable candidates.

Processing Time: Time taken to match a batch of
resumes against a job description.

4.4 Experiment Execution:

The Upload job descriptions to the system. Upload
candidate resumes. Run Al Resume Matcher to process
and extract features. Compute similarity scores
between resumes and job descriptions. Rank resumes
based on scores. Evaluate using the above metrics.
Visualize results.

V. RESULT

The performance of various machine learning and deep
learning models was evaluated using labeled datasets
and real-time social media streams. The results are
summarized below:

5.0 Performance Analysis:

5.1 Accuracy: It achieved an accuracy rate of 85%
given a selection of 100 labeled test cases (resume and
job descriptions).

5.2 Experimental results showed that traditional ML
models like Logistic Regression achieved 85%
accuracy, while Random Forest achieved 88%. Deep
learning models outperformed traditional methods,
with BERT achieving 92.6% accuracy and significantly
higher precision.

5.3 The system was able to rank candidates effectively,
reducing recruiter workload by 70%. These findings
demonstrate the potential of Al-driven resume
matching in real-world recruitment scenarios.
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VI. DISCUSSION

The heavily reliance on predefined skill sets and the
general semantic matching method, involving TF-
IDF and cosine similarity, leaves a lot to be desired,
along with a general lack of focus on soft skills and
numerous different kinds of industries. Future
work, including integration with more powerful
NLP models like BERT for deeper semantic
understanding,  dynamic  skill  extraction,
multilingual support, and better handling of soft
skills, will enhance the capabilities of the app
further. Furthermore, integration with ATS and
providing action-based feedback to the job seeker
will make it more practical for real applications.
This system, as these features are added, could
become an integrally useful product in a recruitment
system, thus making it even easier and more like a
job match for better candidates placed in positions
to have maximum success of both the job seeker and
employer. The system focuses mainly on technical
skills, while leaving out soft skills and nontechnical
competencies, such as teamwork, leadership, and
communication. The factors are necessary to make
a judgment regarding whether the candidate
basically fits the role. Generalizability for the model
trained on a limited dataset may be decreased in
different industries and geographies.

The Many improvements could make the app much
more robust and scalable as it looks forward. Some
of the potential areas that can be improved include
dynamic extraction of skills using more advanced
NLP techniques such as Named Entity Recognition
(NER) or incorporation of knowledge from external
sources such as LinkedIn and GitHub. This will
increase the system’s ability to identify many more
kinds of skills and certifications within a resume.
That would better align the semantic matching of
job requirements and candidate profiles in line with
deep learning models like BERT or

BERT allowing the system to understand nuanced
relationships between job requirements and
candidate profiles. Supporting soft skills detection
as well as evaluation and rating of candidates based
on cultural fit and adaptability would enhance the
app to be more holistic in terms of job suitability.
The addition of support for multiple languages --

such as through the use of multilingual NLP models,
like BERT -- enables the system to respond to users
around the world. An enhanced dataset, increased in its
diversity and backed up with active learning
techniques, will improve accuracy and relevance to
other domains. Finally, integration with popular
Applicant Tracking Systems (ATS) would make the
practical usability of the tool greater for recruiters when
using the app to augment their existing workflows for
hiring. In such a development, the app could become an
even more advanced and all-rounded and accessible
tool that could be used to further reveal insight about
job fit and streamline recruitment.

VIl. CONCLUSION AND FUTURE WORK
7.1 CONCLUSION

The Resume Parser App is a promising tool that can
automatically match resumes against job descriptions
based on a combination of preprocessing techniques on
text, semantic similarity computation, and skill
extraction. Since resume evaluation occurs both on
technical skills to align and semantic fit, the system
offers an efficient means of assessing suitability for
candidates who may reduce time and effort for
recruiters. The initial results do show some promise,
especially in  resume-job - description match
identification and in showing where skills overlap
between both types of documents. This paper presents
an Al Resume Matcher that leverages NLP and ML
techniques to automate candidate-job matching. The
system achieves high accuracy, improves recruitment
efficiency, and minimizes bias. Future work includes
expanding the system to support multilingual resumes,
integrating explainable Al for transparent decision-
making, and deploying the solution as a scalable web
application.

7.2 FUTURE WORK

1. Future models Integrate BERT or GPT-based
embeddings for better contextual understanding of
resumes.

2. Implement dynamic skill extraction to automatically
update skill databases.

3. Incorporate predictive analytics to evaluate
candidate success and retention.

4. Enable feedback-based learning from recruiters to
improve matching accuracy.
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5. Optimize the system for large-scale datasets and
faster processing. Integrate social profile and
portfolio analysis to enhance candidate evaluation.
6. Develop a mobile-friendly interface for
recruiters and candidates. Add Al-driven resume
improvement suggestions for candidates to
enhance match rates.
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