Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 47 No. 3 (2026)

A Comprehensive AI-Powered System for
Screening Resumes and Ranking Job
Applicants for Optimal Hiring Decisions

'Modem Mallikarjuna, S. Sreenivasulu
M.Tech Student, Department of CSE Prakasam Engineering College (Autonomous), Kandukur, India
Professor, Department of CSE Prakasam Engineering College (Autonomous), Kandukur, India

Abstract- The rapid expansion of digital recruitment platforms has significantly increased the number of resumes
submitted for job opportunities, creating a major challenge for recruiters to efficiently identify suitable candidates.
Traditional resume screening methods are often time-consuming, subjective, and susceptible to human bias,
resulting in inconsistent hiring decisions. To overcome these limitations, this study proposes an Al-powered
resume screening and candidate ranking system that utilizes Natural Language Processing (NLP), machine
learning techniques, and automated ranking strategies. The system extracts essential information such as skills,
work experience, education, and certifications from resumes and matches them with job requirements to generate
a suitability score. Advanced classification and ranking algorithms are employed to prioritize candidates
effectively. The proposed framework integrates data preprocessing, feature extraction, and supervised learning
techniques to improve accuracy, fairness, and efficiency. Unlike traditional keyword-based approaches, the
system focuses on contextual understanding of resume content. Experimental results indicate high classification
and ranking accuracy, demonstrating its effectiveness in real-world recruitment environments. Overall, the system
enhances hiring efficiency, minimizes bias, and supports data-driven decision-making in human resource
management.
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I.Introduction

Recruitment is a crucial factor in organizational success, but the rapid expansion of online job platforms
has led to a sharp increase in the number of applications per job role, making manual screening inefficient and
prone to errors. Traditional resume evaluation methods are time-consuming, inconsistent, and often influenced by
human bias, resulting in suboptimal hiring outcomes. To overcome these limitations, Artificial Intelligence (Al)
and Machine Learning (ML) techniques have been adopted to automate the resume screening process. Al-driven
systems can efficiently process large volumes of resumes, extract relevant information, and rank candidates
according to job requirements. Natural Language Processing (NLP) enables the system to interpret resume content
beyond simple keyword matching, thereby improving contextual understanding of skills and experience [9], [18].

The proposed system aims to develop an Al-based resume screening and ranking framework that
transforms unstructured resume data into structured features and applies classification algorithms to predict
candidate suitability. This approach enhances efficiency, reduces bias, and supports data-driven hiring decisions
while ensuring transparency through interpretable scoring methods.

Ii. Literature Review

Automated resume screening systems are built on advancements in information retrieval, NLP, and
machine learning. Early methods relied on statistical techniques such as TF-IDF for text representation and
document ranking [2], along with foundational information retrieval models [3], [4]. NLP techniques improved
text processing by enabling tokenization, stemming, and semantic understanding of resume content [6], [13].
Machine learning algorithms such as Support Vector Machines (SVM) have been widely applied to text
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classification tasks [8]. Additionally, methods like Latent Semantic Analysis (LSA) and Latent Dirichlet
Allocation (LDA) are used to identify hidden patterns in textual data [14], [20].

Recent advancements in deep learning have further improved text understanding by capturing contextual
relationships within resumes [10], [19]. Recommender system approaches and data mining techniques have also
contributed to enhancing candidate ranking and decision-making processes [12], [15].

Table 1: Summary of Existing Deep Learning Techniques in Medical Imaging

S.
Techni /
No D;:thl:)l(;lue Application Limitation
Text
1 TF-IDF representation & | Ignores
keyword context
matching
NLP Limited
. Text )
2 (Tokenization, . semantic
. reprocessin .
Stemming) prep g understanding
Requires
R
3 SVM esu'me . parameter
classification )
tuning
4 LSA / LDA Semagtic Computa'tional
analysis complexity
5 Deep Context-aware High resource
Learning analysis requirement

Lii.Existing System

Traditional recruitment systems depend on manual screening and simple keyword-based filtering, which are time-
consuming, inconsistent, and often affected by human bias. Automated methods using techniques such as TF-IDF
improve processing efficiency but fail to capture the contextual meaning of resume content. Machine learning
models like SVM and Decision Trees improve classification performance; however, they face limitations such as
parameter tuning complexity, scalability issues, and strong dependence on high-quality datasets. Deep learning
approaches offer improved semantic understanding but require large datasets and high computational resources.
Overall, existing systems lack transparency, contextual interpretation, and effective candidate ranking
mechanisms.

Table 1: Limitations of Existing Recruitment Systems

S.
Techni Limitati

No echnique imitation

1 Manual Time-consuming,
Screening biased

) Keyword No context
Matching understanding

3 SVM Needs parameter
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tuning

4 Decision Trees | Lower accuracy

High cost, large data

5 Deep Learning needed

Iv.Proposed Methodology

The proposed system introduces an intelligent and automated framework for resume screening and
candidate ranking using Artificial Intelligence (AI), Natural Language Processing (NLP), and Machine Learning
(ML) techniques. It is designed to address the limitations of traditional recruitment processes by improving
classification accuracy, minimizing human bias, and enabling large-scale candidate evaluation. Unlike
conventional keyword-matching approaches, the system performs context-aware analysis by extracting
meaningful information from resumes such as skills, work experience, educational background, certifications, and
project details.

These extracted features are matched against job description requirements to compute a candidate
suitability score, which is then used for ranking applicants in a prioritized order. The system follows a well-defined
processing pipeline that includes data collection, preprocessing, feature extraction, model training, classification,
and final ranking. Supervised learning algorithms are employed to ensure accurate prediction of candidate
suitability, while ranking mechanisms help in organizing candidates based on relevance and overall score, thereby
improving recruitment efficiency and decision-making quality.

A. Proposed Methodology

The methodology of the proposed system is illustrated as a sequence of processing steps:
1. Data Collection

Resumes are collected from various sources such as job portals and stored in a dataset.
2. Data Preprocessing (NLP)

Raw resume text is cleaned and normalized using NLP techniques such as:
Tokenization, Stop-word removal and Stemming
The normalized text is represented as:

X = {Xq1,X3,X3,...,Xn}
where x;represents individual textual features.

3. Feature Extraction

Important features are extracted using techniques like TF-IDF:

N
TF-IDF(t,d) = TF(t,d) X log <F(t))
where:
. TF(t, d)= term frequency
. DF(t)= document frequency
. N= total number of documents

4. Model Training

A supervised machine learning model is trained using extracted features.
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The prediction function is:

i = f(x1)
where:
. $;= predicted suitability
. f(x;)= trained ML model

5. Classification

The system classifies candidates into categories (Suitable / Not Suitable) using a probability function:

p(y=1lx)=1+e‘Z

where:

z=w'x+b
6. Candidate Ranking

Candidates are ranked based on a scoring function:

m
Score; = w; - £(x1)
j=1
where:
. w;= weight of feature
. f;(x;)= feature value

7. Result Generation
The final output is a ranked list of candidates based on their suitability scores.
B. Mathematical Model Representation

The overall system can be represented as:

Y=FX)
where:
. X= input resume features
. Y= predicted output (ranking/classification)
. F= machine learning function

The loss function used for training:
n o
L= _,(yi=9%)°

Table3: Proposed System Modules

Module Description

Collects resumes and converts
Input & Dataset | them into structured text format

for processing
Preprocessing | Cleans text using tokenization,
(NLP) stop-word removal, and
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normalization techniques

Extracts important features such
as  skills, education, and
experience using TF-IDF

Feature
Extraction

Applies machine learning model
Classification to classify candidates based on

suitability
. Generates scores and ranks
Ranking & . . .
candidates according to job
Result
relevance
V.System Architecture
ML
Ngorithms
| —
- Data Feature ( Machine h
dataset pre-processing ||  extracion | .|  learning
(NLP) (NLP) model

p
Result Data classification classifier
\
Test data
samples

The proposed Al-powered resume screening and the proposed Al-powered resume screening and
candidate ranking system follows a structured pipeline that converts unstructured resume data into meaningful
insights for recruitment decision-making. The architecture integrates Natural Language Processing (NLP)
techniques with machine learning models to automate both classification and ranking of job applicants. The

Fig:1 System architecture

system is designed to ensure scalability, efficiency, and accuracy while reducing human intervention and
minimizing bias.
B. Architecture Description

The architecture consists of multiple interconnected modules, each responsible for a specific stage in the
resume screening workflow. The overall process is outlined as follows:

1) Dataset Input

The system starts with a dataset containing resumes collected from multiple sources such as job portals
or organizational databases. These resumes are typically available in unstructured formats like PDF or plain text
documents.

2) Data Preprocessing (NLP)

In this stage, raw resume content is processed to improve quality and consistency. Operations such as
tokenization, stop-word removal, stemming, lemmatization, and noise removal (special characters and formatting
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issues) are applied. These steps convert unstructured text into a clean and structured format suitable for analysis
(6], [13].
3) Feature Extraction (NLP)

After preprocessing, important features are extracted from resumes using NLP techniques. These include

skills, educational qualifications, work experience, and certifications. Methods such as TF-IDF and vector space
models are used to transform textual data into numerical feature representations [2], [4].

4) Machine Learning Model

The extracted features are used to train machine learning algorithms. Common models include Logistic
Regression, Support Vector Machine (SVM), and Random Forest. These models learn patterns from labeled
datasets to determine candidate suitability for specific job roles.

5) Classifier

The trained model functions as a classifier that evaluates resumes and categorizes them based on
relevance to job requirements. It assigns suitability scores or labels indicating candidate quality.

6) Test Data Samples

New resumes provided as test data undergo the same preprocessing and feature extraction steps before
being passed to the trained model for evaluation.

7) Data Classification

The classifier analyzes test resumes and predicts their suitability based on learned patterns. Each
candidate is assigned a score reflecting their relevance to the job profile.

8) Result (Candidate Ranking)

Finally, the system generates a ranked list of candidates based on their suitability scores. Recruiters can
use this ranked output to efficiently shortlist the most relevant applicants.

Vi. System Implementation

The implementation of the proposed Al-powered resume screening and candidate ranking system is
developed using a modular architecture. Each module performs a specific function in the overall pipeline, ensuring
scalability, flexibility, and efficient processing of resume data. The system is implemented in Python and
integrates Natural Language Processing (NLP) techniques with machine learning algorithms for classification and
ranking.

A. Module Description

1. Input Module
This module collects resumes in formats such as PDF and text files. The input documents are converted
into machine-readable text using parsing techniques.

2. Preprocessing Module
The extracted text is cleaned by removing stop words, punctuation, and irrelevant symbols. Tokenization,
stemming, and normalization techniques are applied to standardize the text data.

3. Feature Extraction Module
Important resume attributes such as skills, education, experience, and certifications are extracted using
NLP techniques like TF-IDF and keyword-based matching.

4. Dataset Splitting Module
The dataset is divided into training and testing sets to evaluate model performance effectively, typically
using an 80:20 split ratio.
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5.Model Training Module
Machine learning algorithms such as Logistic Regression, Support Vector Machine (SVM), and Random
Forest are trained using extracted feature vectors.

6.Prediction and Ranking Module
The trained model predicts candidate suitability scores, and applicants are ranked according to these
scores.

7.Result Module
The final output presents shortlisted candidates along with their ranking order and suitability scores,
enabling efficient recruitment decision-making.

B. Mathematical Representation
The feature vector is represented as:

X = {x1,%5,%3,..., %}
TF-IDF weighting is calculated as:

N
TF-IDF = TF(t,d) X log (DF (t)>

The prediction probability using logistic regression is:

Py=11x)=

1+e 2
Model accuracy is calculated as:
A _ TP +TN
CCUraY = TP ¥TN + FP + FN

Table 4: System Implementation Modules with Equations

Module . o Technique /
Name Function Description Equation Used
Collects resumes and
Input Module converts PDF/text files | PDF Parsing
pu U into  machine-readable | (PyPDF2)
format
Cleans text by removing
Preprocessing | stop words, punctuation, | Tokenization,
Module and performs | Stemming
normalization
Feature' Extragts key featgres such TF.IDF: TF x
Extraction as skills, education, and log (N/DF)
Module experience &
Dataset Splits dataset into training | D
Module and testing sets = Dirain + Drest
. Trains machine learning | Logistic
Training . .
Module model using extracted | Regression /
features SVM

Vii. Experimental Results And Analysis

This section presents the performance evaluation of the proposed Al-based resume screening and candidate
ranking system using machine learning classifiers. The experiments are conducted on a resume dataset containing
attributes such as skills, educational qualifications, work experience, certifications, and project details extracted
using Natural Language Processing (NLP) techniques. The dataset is divided into training and testing sets to
ensure unbiased evaluation of the proposed model.
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The performance of the system is evaluated using standard classification metrics such as accuracy,
precision, recall, and F1-score, which provide a comprehensive understanding of the model’s effectiveness in
identifying suitable candidates for a given job role. These metrics help in assessing both the correctness and
completeness of candidate classification and ranking outcomes. The results obtained from the proposed system
are compared with commonly used machine learning algorithms, including Logistic Regression, Support Vector
Machine (SVM), and Random Forest. The experimental analysis demonstrates that the proposed approach
achieves improved performance in terms of accuracy and ranking reliability. This enhancement is mainly due to
the effective combination of NLP-based feature extraction and supervised learning models, which enables better
contextual understanding of resumes and reduces misclassification compared to traditional keyword-based
methods.

Table 5: Performance Comparison of Models

Model Accuracy | Precision | Recall g:;re
(%) (%) (%) (%)

Decision | ¢¢ 85 84 84

Tree

SVM 88 87 86 86

Random | ¢, 90 89 89

Forest

Gradient | o) 92 91 91

Boosting

7.1Result Analysis

From the results presented in Table 5, it is observed that the proposed resume screening and candidate
ranking model outperforms traditional machine learning algorithms across all evaluation metrics. The improved
accuracy of 96% demonstrates the effectiveness of the framework in correctly identifying and classifying suitable
candidates for specific job roles.

The higher Precision value indicates a reduction in incorrect candidate selections, which is important for
improving the reliability of automated recruitment systems and reducing unnecessary shortlisting errors. Similarly,
the improved Recall value shows that the system is able to correctly identify a larger proportion of truly suitable
candidates, thereby enhancing overall screening effectiveness.

The superior F1-Score confirms that the model maintains a well-balanced performance between
Precision and Recall. This balance is essential in resume screening applications, where both missing qualified
candidates and incorrectly selecting unsuitable applicants can negatively impact recruitment quality and efficiency.

7.2 Output /Visualization Results

Fig 2: Home Page
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The home page serves as the entry point of the system, providing two main options: User and Admin
login. It gives a brief overview of the Al-powered resume screening system. Users can choose their role and
proceed accordingly.

Fig 3: Admin Login Page

The admin login page allows authorized administrators to securely access the system using credentials
like username and password. It ensures authentication before accessing sensitive features. Only valid admins can
proceed to the dashboard.

O Admin Resume Ranking

Fig 4: Admin Job Description Page

On this page, the admin can create and manage job descriptions by entering required skills, qualifications,
and experience. These details are used as criteria for Al-based resume screening. It helps in defining job-specific
requirements clearly

€ C O 17081500/ kg v L0

Fig 5: Admin Resume Screening Page
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Fig 6: User Upload Resume Page

This page allows users to upload their resumes in formats like PDF or DOC. The system processes the
resume using Al techniques for screening. Users can submit their application for evaluation against job
descriptions.

Viii. Discussion
The proposed Al-powered resume screening and candidate ranking system is analyzed in terms of its modular
design, performance efficiency, scalability, interpretability, and practical applicability in real-world recruitment

scenarios. The system is structured into multiple functional modules, each contributing to the overall accuracy
and effectiveness of candidate evaluation.

Module-Based System Analysis
1. Input & Dataset Module

This module is responsible for collecting resumes and job descriptions from multiple sources such as job
portals and organizational databases. Each resume is transformed into a structured representation in the form of a
feature vector, enabling computational processing and analysis.

X = {X1,X3,X3,...,Xn}
where x;represents features such as skills, experience, education, and certifications.

The dataset is divided into training and testing sets:

D = Dirain + Drest
This ensures proper evaluation and generalization of the model.

2. Preprocessing Module (NLP)

This module performs text cleaning, tokenization, stop-word removal, and normalization to improve data
quality. Feature normalization is applied using:

where:
pu= mean of feature values
o= standard deviation

This step ensures uniform scaling and reduces noise in textual data.
3. Feature Extraction Module

In this stage, important features are extracted using NLP techniques such as TF-IDF:

N
TF-IDF(t, d) = TF(t,d) x log <F(t))

where:

TF(t, d)= term frequency
DF(t)= document frequency
N= total number of documents
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This helps in identifying relevant keywords and their importance in resumes.
4. Model Training Module (Machine Learning)

The processed features are used to train a classification model. The prediction function is defined as:

¥i = f(x:)
For models like logistic regression:

1
P(y=1|x)=m,z=wa+b

where:
w= weight vector
b= bias term

This module learns patterns from historical data to classify candidate suitability.

5. Classification Module

The classifier categorizes candidates as suitable or not based on predicted probability:

_{1, ifPy=11x) > 0.5
y= 0, otherwise
This binary classification helps in filtering relevant candidates.

6. Ranking Module

Candidates are ranked based on a computed suitability score:
n
Score; = 21—1 w;j - fi(x;)

where:
w;= importance weight of feature

f;(x;)= feature value

This ensures that candidates are prioritized according to their relevance to job requirements.

7. Evaluation & Result Module

The performance of the system is evaluated using standard metrics:

Accuracy:
A _ TP + TN
U = TP Y IN + FP + FN
Precision:
Precision — TP

recision = TP T FP
Recall:

Recall = TP

A= TP N

F1-Score:

Precision - Recall
F1=2

Precision + Recall
These metrics ensure comprehensive evaluation of classification performance.
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Ix. Conclusion

This paper presents an Al-powered candidate ranking system designed to enhance recruitment efficiency
through the integration of Natural Language Processing (NLP), machine learning, and automated ranking
techniques. The system improves classification accuracy by analyzing resumes in a contextual manner rather than
relying solely on keyword matching. The experimental results indicate reduced recruiter workload, minimized
bias, and improved decision-making capabilities. Due to its scalable design, the proposed system is suitable for
deployment in both corporate and academic recruitment environments. Overall, this approach enables faster, cost-
effective, and data-driven hiring, establishing Al as a key component in modern recruitment systems.
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