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ABSTRACT

This proposed work an Al-based resume shortlisting system that automates initial candidate screening using natural
language processing (NLP) and machine learning (ML) techniques. The system extracts key attributes from resumes
and job descriptions, then intelligently matches them to generate ranked candidate lists. The proposed approach
combines TF-IDF vectorization, word embeddings, and ML classifiers (SVM, Random Forest) with transformer-
based models (BERT) to achieve competitive matching accuracy. Implemented as a user-friendly web application.
Comprehensive testing demonstrates 82-91% accuracy improvement over keyword-based ATS systems while
reducing human bias in recruitment. The system provides explainable rankings, supporting fair and efficient hiring

practices.

Keywords : Resume Screening, Natural Language Processing, Machine Learning, Recruitment Automation,

Applicant Tracking System, BERT, Candidate Ranking.

INTRODUCTION

A. Background and Context

The recruitment industry faces exponential growth in application volumes, making manual resume review
increasingly impractical. Traditional recruitment workflows are time-consuming, resource-intensive, and prone to
inconsistency. Early Applicant Tracking Systems (ATS) introduced keyword-based filtering but suffered from
limited semantic understanding and high false-negative rates qualified candidates were missed due to terminology
variations. Modern organizations require intelligent, Al-driven solutions that combine efficiency with fairness in

hiring decisions.

B. Problem Statement

Current recruitment processes face critical challenges:

Time Inefficiency: Screening 500 resumes manually requires 40—200 hours of HR effort.

Inconsistency: Different evaluators apply subjective criteria, introducing bias.

Limited Semantic Understanding: Keyword-based systems cannot recognize synonyms (e.g., "ML" vs. "artificial
intelligence").

Format Variability: Diverse resume formats confuse both manual reviewers and parsing algorithms.

Bias Concerns: Human reviewers and simplistic systems perpetuate demographic hiring biases.
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C. Proposed Solution
This project develops an end-to-end Al system combining NLP parsing, feature engineering, and ML classification
to provide semantic resume-job matching. The system achieves 82-91% accuracy with explainable results and

candidates processing in minutes.

D. Objectives

1. The Developed system is accurate and time efficient.

2. Improve matching accuracy using semantic understanding

3. Enhance recruitment efficiency (days — minutes)

4. Clear reasons come with each rank given. A smooth website waits for HR staff to arrive. Resumes show

up whether saved as PDF or DOCX. Fairness grows when choices rely on facts, not feelings. Older hiring tools

serve as a measuring stick here.
LITERATURE SURVEY

A. Rule-Based and Keyword-Driven Systems

Early ATS platforms employed simple keyword matching, storing resumes in searchable databases. While fast,
these systems lacked semantic understanding and were vulnerable to keyword stuffing. Rule-based classification
attempted to formalize matching logic but required extensive manual rule engineering and failed to capture job-

resume matching complexity.

(1). To overcome this, rule-based systems were introduced, where predefined rules were used for candidate
selection, but these systems required continuous manual updates and were not scalable (2). Technology moved
forward, so machines started using methods like Support Vector Machines to sort resumes better by spotting trends
in sample data (3). Instead of stopping there, researchers turned to Decision Trees and Random Forests because
these could boost precision while managing tangled data links (4). Text from resumes needed turning into numbers,
which led to frequent use of TF-IDF - yet it failed to grasp meaning behind phrases (5). Since that gap mattered,
tools like Word2Vec and GloVe came along, aiming to reflect how closely words relate in sense (6). On top of that,
steps in NLP - such as breaking text apart, trimming word forms, adjusting roots - helped clean up language inputs
more effectively (7). Picking out key details like skills, education, and work history became easier through Named
Entity Recognition, shaping messy data into something clearer (8). Instead of reading each resume line by line,
automated parsers turned them into organized layouts ready for analysis (9). With deep learning, systems began
spotting patterns on their own using neural networks - powerful but hungry for computing power (10). Lately,
models built on transformers, especially ones like BERT, started grasping meaning based on context, lifting how
well resumes fit jobs (11). Mixing machine learning with natural language tools led to smarter results by pulling
insights from both word meanings and number-driven clues (12). Clearer Al methods showed up to explain how
candidates get ranked, using straightforward logic instead of hidden steps. On top of that, ways to cut down
unfairness leaned into data-focused checks rather than gut feelings. Even so, many current setups miss full
integration - things like smooth interfaces, handling growth, and reading different resume types stay spotty at best.

Approach taken here splits the work across six levels stacked together. This setup walks through stages: pulling
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info from resumes, cleaning it up, pulling out key traits, then sorting applicants with smart algorithms. Tools like

TF-IDF, word vectors, and BERT pitch in to line up job profiles with applicant backgrounds more precisely.
METHODOLOGY

The system comprises six layered components:
The proposed system follows a layered architecture that includes resume parsing, preprocessing, feature extraction,
and machine learning-based classification for candidate ranking. It utilizes techniques such as TF-IDF, word

embeddings, and BERT to ensure accurate and efficient matching between resumes and job descriptions.
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[Fig.1 System Architecture]

The system follows a layered architecture in which the input layer provides a web interface for uploading resumes
and job descriptions.

Once the parser pulls text from PDFs and DOCX files, cleaning begins - removing clutter, adjusting formats,
breaking sentences into words, trimming them down. Following that, patterns emerge when raw words transform
into numbers via methods including TFIDF, embedded representations, or deep language models like BERT. From
there, classifiers take over; systems based on support vector machines, decision forests, or neural networks sort
through applicants, weighing relevance carefully. After sorting finishes, a final stage arranges top matches into
ordered groups while spelling out why each person fits - or does not fit - the role. Before delivery, every result
carries not just rank but reasoning, making choices visible instead of hidden inside opaque scores. One part handles
many file types by pulling out raw words then spotting main parts like phone numbers, schools attended, jobs held,
abilities listed, and credentials earned before turning everything into clean data rows. Following that step comes
language cleanup using lowercase conversion alongside deleting odd symbols, breaking sentences apart, cutting
common filler words, reducing verbs to roots so every document reads more alike. Instead of relying on just one
method, features come from weighted term scores, numeric word maps built by older systems like Word2Vec or
GloVe, also deeper meaning patterns caught by smart BERT-style layers - each reveals something unique about
intent or context. At last, several learners get tested: support machines fed keyword weights, decision forests given
similar inputs, plus advanced attention networks based on BERT - all measured side by side to see which sorts or

ranks applicant files best.

© 2026, IJSREM | https://ijsrem.com [ Page 3



https://ijsrem.com/

LT
& IISREM . e . . .
@ug International Journal of Scientific Research in Engineering and Management (I[JSREM)
W Volume: 10 Issue: 04 | April - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

Performance Metrics

Table I presents performance comparison across models on test set of 200+ resume-job pairs:

Model Accuracy | Precision | Recall Fl-
Score
Keyword ATS 70% 0.68 0.72 0.70
SVM + TF-IDF 82% 0.80 0.84 0.82
Random Forest 85% 0.83 0.87 0.85
BERT 91% 0.90 0.92 0.91
Transformer

Table 1: Performance Comparison of Resume Screening Models

Cross-validation uses 5-fold methodology, yielding:

o SVM: 82% + 3% accuracy
o Random Forest: 85% + 2% accuracy
o BERT: 91% =+ 2% accuracy

Comparison and Observation
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[Fig 2: Accuracy Comparison]

This chart compares the accuracy of SVM, Random Forest, and BERT models. The BERT model achieves the
highest accuracy, indicating superior semantic understanding of resumes and job descriptions. Random Forest

performs moderately well, while SVM provides acceptable baseline performance.
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Precision Comparison

[Fig 3: Precision Comparison]

The precision comparison shows that the BERT model minimizes false positives more effectively than traditional

models. This ensures that highly ranked candidates are more relevant to job requirements.
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[Fig 4: Recall Comparison]

This chart highlights the recall capability of each model. BERT demonstrates the highest recall, indicating its

effectiveness in identifying most of the qualified candidates, reducing the risk of missing suitable applicants..

Performance Evaluation

The Al-based resume shortlisting system was evaluated through comprehensive testing, including unit testing,
integration testing, functional, performance, security, and user acceptance testing, to ensure correctness, efficiency,
and reliability Over fifty tests ran - checking how well resumes get parsed, prepped, features pulled out, matches
made using machine learning, ranked, plus how the user interface behaves. Success showed up more than 95 percent
of the time. Glitches found? Small ones only, quickly fixed by retesting earlier functions. When pushed to perform,
the setup held up, hitting every speed target set ahead of time. One resume finished processing in less than two
seconds flat. A group of a hundred took no longer than one hundred seconds total. Even when many tasks piled on
at once, memory stayed under five thousand megabytes. The website responded smoothly whether used on desktops
or phones, proving it can scale and is ready to go live. Eighty two percent accuracy came through when the SVM
method was tested. Not far behind, at five points higher, sat the Random Forest result. Each algorithm showed clear

signs of solid match detection. Performance stayed consistent, even under varied test conditions.

The transformer-based BERT model delivered the highest performance with an accuracy of 91%, highlighting the

effectiveness of contextual embedding techniques for semantic resume—job matching.
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CONCLUSION AND FUTURE WORK

To design an efficient, accurate, and time-saving Al-based recruitment system
To develop a user-friendly web-based HR interface

To compare the proposed system with traditional keyword-based automated systems
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