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Abstract—This project Smart Data Analysis presents an
automated, end-to-end data pipeline system designed to
improve data quality, streamline preprocessing, and
support  reliable  business  analytics.  Modern
organizations often struggle with inconsistent,
incomplete, and unstructured data, which leads to
inaccurate insights and poor decision-making. To
address this, the proposed system integrates automated
data ingestion, profiling, cleaning, version control, and
analytics within a unified platform. Using a combination
of heuristic rules and machine learning techniques, the
system detects anomalies, resolves inconsistencies,
performs  intelligent  cleaning, and  ensures
reproducibility through dataset and code versioning. It
further incorporates a feature store and automated KP1-
driven report generation to support data-driven decision
processes. Built using technologies such as Kafka, Spark,
Pandas, PySpark, DVC, Git, FastAPI, and Power BI, the
pipeline ensures scalability, transparency, and
continuous monitoring through observability tools.
Evaluated on academic and business datasets, the system
demonstrates significant improvements in data
consistency, reporting accuracy, and operational
efficiency, making it suitable for applications in HR
analytics, finance, sales forecasting, customer feedback
analysis, healthcare, and more.

Index Terms—Smart Data Analytics, Automated Data
Pipeline, Data Ingestion, Data Profiling, Data Cleaning,
Machine Learning, Data Quality Management, Version
Control (DVC, Git), Feature Store, KPI-based
Reporting, Big Data Processing, Apache Kafka, Apache
Spark, PySpark, Pandas, FastAPl, Power BI,
Observability, Business Intelligence.

I. INTRODUCTION

The rapid expansion of data across organizational and
academic domains has significantly increased the need
for efficient and reliable data management
solutions. As data volumes and complexity continue to
rise, organizations face persistent challenges in
maintaining data accuracy, consistency, and

dependability. Problems such as unstructured data
acquisition, irregular preprocessing methods, and lack
of effective version control frequently lead to
unreliable analytical results and poor reproducibility
of insights of the business. This paper presents a
model-driven approach for ML monitoring. The extent
to which such an approach can lower the to overcome
these limitations, this project proposes the design and
development of an automated data pipeline
framework that enables seamless data acquisition,
preprocessing, transformation, analysis, and reporting.
The framework incorporates integrated version control
mechanisms to track changes in both datasets and
associated source code, ensuring transparency,
improved collaboration, and stronger data governance
throughout the workflow. The primary objectives of
the proposed system are to develop scalable data
ingestion modules capable of interfacing with multiple
heterogeneous sources, implement automated data
cleaning and anomaly detection algorithms to enhance
data quality, and enable flexible data transformation
pipelines that support diverse analytical needs. In
addition, the system provides interactive dashboards
displaying Key Performance Indicators (KPIs),
assisting stakeholders in making informed decisions
based on real-time insights.

Through embedded version control, the pipeline
guarantees  reproducibility,  traceability, and
auditability across the complete data lifecycle, from
raw data acquisition to final visualization. The scope
of this work spans the full range of data pipeline
operations, including automated data extraction from
application programming interfaces (APIs), databases,
and flat file systems; standardized data cleansing
techniques to address missing or erroneous records
transformation workflows tailored for analytical
processing; and comprehensive visualization and
reporting modules. The architecture is modular,
scalable, and adaptable, supporting both batch and

206719 © IJIRT | www.ijirt.org MAY 2026 234



International Conference on Recent Innovation in Computer Science

streaming data processing. It is designed to meet the
demands of diverse organizational and research
environments  while  facilitating distributed
collaboration through shared data and code version
management. The project is scheduled over a four-
month development period. The initial phase focuses
on requirement analysis, literature review, and system
architecture design. The subsequent two months are
dedicated to implementation of the data ingestion
framework, cleaning modules, transformation
pipelines, and version control integration.
Development responsibilities are distributed across
specialized teams to enable parallel progress. Backend
developers manage ingestion pipelines, preprocessing
modules, and version control integration. Data
scientists design and implement data quality
assurance techniques and anomaly detection models.
Frontend developers create user centric dashboards
and visual analytics interfaces. Continuous
collaboration among all teams during testing and
documentation ensures quality assurance and
comprehensive system validation. This structured
division of roles enhances workflow efficiency,
accountability, and timely project completion.

Il. LITERATURE REVIEW

Several research studies have explored the
development of efficient data pipelines, automated
preprocessing techniques, and scalable analytics
frameworks.

[1] Nagarkar proposed a multi-cloud data pipeline
architecture combining Google Cloud Storage,
Apache Airflow, and MongoDB Atlas to support real-
time recommendation systems. Their approach
demonstrated effective orchestration of web-scraped
and API-based data using automated ETL workflows,
ensuring scalability and synchronization across
distributed cloud platforms.

[2] The authors introduced a workflow-based data
integration model using the KNIME platform for
research environments. Their study highlighted how
visual pipeline design enables automated data
extraction, transformation, validation, and analysis
without requiring complex coding skills. The
framework proved effective in improving data
consistency, process transparency, and reproducibility
across research datasets.
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[3] Sachin Murarka presented a comprehensive review
of modern data ingestion and pipelining techniques for
large-scale big data platforms. The study examined
batch and real-time data processing tools such as
Apache Kafka, Flume, and Sgoop, emphasizing the
growing integration of artificial intelligence and
machine learning for pipeline optimization, anomaly
detection, and intelligent resource management. The
authors concluded that cloud-based, Al driven
architectures are essential for achieving scalable and
reliable big data workflows.

[4] Huang and Gubin focused on the importance of
data cleaning during preprocessing to enhance
analytical accuracy. By applying techniques such as
missing-value imputation, noise reduction, outlier
removal, and feature consistency checks on financial
datasets, they demonstrated that systematic cleaning
significantly improves data quality and leads to more
reliable analysis results.

[5] Dasari and Varma explored practical data cleaning
methods using Python libraries such as pandas. Their
work demonstrated strategies including null-value
handling, duplicate removal, data type correction, and
textual normalization, showing that incorporating
structured cleaning routines greatly enhances data
reliability and analytical outcomes.

[6] Haider et al. proposed an automated data cleaning
framework for managing large and complex data
center datasets. The system applies staged processing
including data merging, profiling, mean imputation,
removal of low-quality attributes, and visual anomaly
detection. Implemented using Python and R, the
framework was tested on real-world industrial
datasets. The results showed improved scalability and
cleaning efficiency compared to commercial tools
while reducing manual effort and enhancing data
quality.

[7] Bobulski and Kubanek proposed automated
smoothing methods for cleaning noisy time-series data
generated by loT sensors. Their work evaluated
moving average (MA) and a modified moving average
(PMA) technique to correct common Sensor errors.
Experiments on real 10T datasets showed that PMA
achieved improved signal-to-noise performance. The
study emphasized the importance of scalable
preprocessing for real-time 10T big data pipelines.
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[8] The authors introduced Auto-Prep, an automated
preprocessing framework for machine learning
workflows. The system detects dataset issues such as
missing values, duplicates, incorrect data types, and
outliers, and recommends suitable cleaning
techniques.  Evaluations on open  datasets
demonstrated improved or comparable model
accuracy to manually prepared pipelines. Auto-Prep
also reduced user dependency on domain expertise and
manual tuning.

[9] The authors investigated learning conflicts in
supervised datasets where similar inputs produce
contradictory outputs. Their method identifies such
conflicts using distance-based similarity metrics and
conflict-level estimation. Corrective strategies,
including removal or replacement of conflicting
samples, were shown to enhance model accuracy. The
study highlighted conflict detection as a crucial
preprocessing step for reliable machine learning
performance.

[10] The authors explored the use of large language
models (LLMs) for automated classification of
software issue reports. Using prompt-based instruction
strategies, models such as GPT and Llama were
evaluated on GitHub project datasets. Advanced
LLMs achieved strong classification performance,
outperforming traditional approaches. The research
demonstrated the scalability of LLMs for reducing
manual labeling effort while improving consistency.

I1l. REQUIREMENTS

A well-defined requirement specification is essential
for the systematic design and implementation of the
proposed automated data ingestion, cleaning,
transformation, and visualization platform. These
requirements define the hardware and software
resources needed to ensure reliable operation,
scalability, and performance under real-world data
workloads.

A. Hardware requirements

The system requires an 8-core CPU (minimum) to
support parallel operations such as file parsing, data
validation, cleaning, and workflow execution. A
minimum of 16 GB RAM is necessary to enable
efficient in-memory data processing for large datasets
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and complex transformations. SSD storage is required
to provide fast read/write performance for dataset
access, version storage, logs, and caching. A stable
high-speed internet connection is needed to support
cloud integration, API data ingestion, synchronization
services, and web-based dashboard rendering. For
advanced analytics and machine-learning based
operations, GPU acceleration is recommended to
improve computational speed. In multi-user or
enterprise environments, containerized infrastructure
using Docker/Kubernetes is advised to enable
scalability, load balancing, and high availability.

B. Software requirements

The platform is designed to operate on Windows,
Linux, and macOS systems. Python 3.8 or higher
forms the core development environment, supported
by libraries such as Pandas and NumPy for data
processing, Scikit-learn for anomaly detection and
automated classification and
Matplotlib/Plotly/Seaborn for data visualization.
Dashboard development is supported through
Streamlit or Power BI.LETL workflow automation is
managed using tools like Apache Airflow or KNIME.
Git is used for source- code version control, while Data
Version Control (DVC) ensures tracking and
reproducibility of datasets. MongoDB or PostgreSQL
databases store metadata, logs, processed data, and
pipeline history. Backend services are developed using
FastAPI, Django, or Node.js, with secure
authentication and encrypted communications
ensuring safe system access.

IV. METHODOLOGY

The proposed system provides an end-to-end solution
for ingesting, cleaning, transforming, and visualizing
CSV data. It is designed to simplify the handling of
inconsistent, incomplete, and heterogeneous datasets
by integrating automated validation, intelligent
column classification, column-level version control,
customizable cleaning operations, and interactive
visualization.

A. Data upload and validation

The system supports secure CSV upload and
automatically converts raw data into structured format.
During ingestion, it scans for missing values, invalid
data types, empty fields, malformed entries, and
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mixed-type columns. All detected issues are displayed
to the wuser before cleaning begins, ensuring
transparency. Large datasets are processed
incrementally in batches to improve efficiency and
early error detection.

B. Intelligent column classification

Uploaded data columns are automatically classified as

Numeric, Categorical, or Text.

o Numeric columns are checked for outliers and entry
errors.

o Categorical columns are normalized by detecting
inconsistencies such as spelling and case
mismatches.

e Text columns undergo standard preprocessing
including  whitespace removal and case
normalization.

This automated classification enables context aware

cleaning recommendations and reduces manual

inspection.

C. Column-level version control

The system maintains fine-grained version tracking at
the column level. For each modification, it stores the
previous state, updated state, applied rule, and
timestamp. This allows selective rollback of changes
without affecting the entire dataset and ensures full
traceability and collaboration support.

D. Data cleaning operations

Users can apply automated or custom cleaning rules,

including:

e Removal or imputation of missing values (mean,
median, mode),

e Text normalization and formatting, [ Special
character removal,

o Case conversion, outlier detection and correction.
All operations are executed instantly and logged
within the version control system.

E. Visualization engine

The system provides two interactive visualization

modes:

1. Individual Mode Each column is displayed using
automatically selected charts such as bar or line
charts for numeric data and pie or doughnut charts
for categorical data.

2.Comparison Mode Multiple columns can be
visualized together on a single chart to support
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cross- column analysis. Users may override
recommended chart types as needed.

V. DESIGN

A. Architecture

The Smart Data Analytics Platform automates the
complete process of CSV data handling, from upload
to final visualization. Users begin by uploading
datasets through an easy-to-use interface, where the
system parses the files and automatically identifies
column types such as numeric, text, categorical, or
date. Data is then cleaned using predefined rules to
eliminate missing entries, duplicates, and outliers,
ensuring improved accuracy and consistency. Every
change made during this process is recorded through
an integrated version control system, supporting
transparency and reproducibility. Once cleaned, the
data is analyzed and visualized using interactive
dashboards and charts developed with React-ChartJS.
In addition, a comparison engine allows users to view
different datasets or versions side-by-side, enabling
faster insights and better decision-making.

Figurel: System Architecture

B. Data flow diagram
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Figure2: Data Flow Diagram
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The Data Flow Diagram illustrates how data moves
through the Smart Data Analytics Platform. Users
upload CSV files that are parsed and forwarded to the
cleaning module, where data types are identified and
cleaning rules are applied to handle missing values,
duplicates, and outliers while maintaining version
history. Raw and cleaned datasets are stored separately
for traceability. A comparison engine retrieves
processed data to generate visual comparisons,
which are displayed on interactive dashboards.
Additional modules support reporting and prediction
tasks. The system is designed for scalability, secure
multi-user access, and efficient data management,
enabling accurate analysis and informed decision-
making.

C. Use case

The platform enables users to upload CSV files for
automated parsing and analysis. Users can clean data
manually or automatically with built-in rules for
handling missing values, outliers, and data types.
Interactive charts support data visualization and
exploration of trends. A comparison feature allows
side-by-side analysis of multiple columns or
datasets. The system generates analytical reports and
predictive outputs to support planning and decision
making. Integrated version control lets users review
change history and restore previous data versions,
ensuring transparency and data integrity.

D. Module design

The Smart Data Analytics Platform is structured into

modular components, each responsible for a specific

function in the CSV processing and analytics
workflow:

o Data Management Module: Manages data upload,
manual and automated column cleaning, version
tracking, and overall dataset administration.

e Data Cleaning Module: Performs data type
detection (numeric, text, date, etc.), rule-based
cleaning, missing value handling, outlier
processing, and version saving to ensure data
quality.

o Data Visualization Module: Provides interactive
graphical views of individual columns and
comparisons through dynamic chart rendering.

o Insights and Output Module: Generates analytical
reports and predictive outputs, presenting
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meaningful summaries and trend forecasts.

e Comparison  Engine:  Enables  side-by-side
comparison of selected columns for deeper
analytical insights.

e Version Control System: Maintains change history
and supports reverting to previous states, ensuring
traceability and transparency.

e Storage Components: Store raw datasets, cleaned
versions, and version histories securely for
consistent data access.

o Frontend Ul Components: Implemented using React
to deliver intuitive dashboards for managing data,
visualization, reporting, predictions, and
comparisons.

VI. IMPLEMENTION

Implementation is a crucial phase in the software
development lifecycle, where theoretical designs and
system models are transformed into a functional
application. This chapter focuses on the practical
realization of the proposed system, detailing the tools,
technologies, and steps used to develop a working
solution.

A. CSV Upload Algorithm

Input: CSV file

Output: Parsed data in tabular form Steps:
o User selects CSV file.

System validates file type and size.
PapaParse reads and parses file.

Store parsed rows in RawDataStore.
Display the table in UL.

B. Column Type Detection Algorithm

Input: A single column of raw values

Output: Detected type: "numeric” | "text" | "date"

Steps:

e Scan sample of first N rows.

e Count how many values are numbers, dates, text.
Apply heuristic:

If % numeric > 70 — type = numeric Else if % date >

70 — type = date Else type = text

Return column type

C. Cleaning Algorithm

Input: Column data & type

Output: Cleaned column + transformation rules
applied
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Steps:

e If numeric — remove non-numeric characters, fill
nulls, remove outliers.

If text — trim, lowercase, remove special symbols.
If date — unify format (DD-MM-YYYY).

Store cleaned column.

Save a version snapshot.

D. Version Control Algorithm Input: * Cleaned data &
metadata Output: * Saved version entry Steps:

o Increment version number.

o Store (timestamp, previous value, current value).

o Insert into Version History Store

E. Comparison Mode Algorithm

Input: User-selected columns

Output: Multi-parameter comparison graph Steps:
Read N selected columns.

Normalize values if needed.

Construct dataset object for chart.

Render combined line/bar chart.

VII. RESULTS

The system was tested using both black box and white
box methods to ensure accuracy and reliability. The
CSV upload module correctly handled valid files,
displayed proper visualizations, .and rejected
unsupported formats with clear error messages.
Column type detection and data cleaning functions
performed effectively by standardizing numeric, text,
and date values. Stress testing with multiple columns
showed stable performance without crashes, even
with large datasets. The version control feature
successfully restored previous data states, and code
coverage analysis confirmed correct system logic
execution. Overall, the system met all functional
requirements and demonstrated reliable performance
for real-world data processing tasks.

A. Csv upload and data preview interface

Upload CSV

Choose €SV Clear Data
Selected: Walrmart Store_sales cev

Figure3: CSV Upload and Data Preview Interface
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The CSV Import module enables users to upload
datasets and instantly view them in a clean, structured
tabular format. Key metadata such as file name, size,
number of rows, and columns are automatically
displayed, helping users verify file correctness.

The system generates a preview of the first ten rows
with clearly labeled columns, allowing quick
inspection of data quality and structure. Basic
validation checks detect issues such as missing
headers, inconsistent delimiters, duplicate records,
and mixed data types, alerting users before further
processing.

The interface remains responsive and stable even for
large datasets, supporting smooth scrolling, sorting,
and inspection of entries. Overall, this module ensures
fast, reliable, and user-friendly data exploration prior
to cleaning and analysis.

B. Smart column cleaning interface

The interface is designed to be clean and intuitive,
allowing users to easily navigate between data upload,
cleaning, and visualization features. Its well-
structured layout supports real-time tracking of
processing tasks and dataset status, while clear alerts
and notifications guide users in making accurate
decisions.

The responsive and user-friendly design ensures
smooth interaction for both new and experienced
users. clean and intuitive, allowing users to easily
navigate.
Cleaning — Before — After penliioy  Unda  Redo

Summary

o v fill-median applied to Salary

Changes Preview (frst 10 tows)

Domain  Domain  Sabry  Salary

(before)  (after)
30000
30000
30090
30000

Figure4: Smart Column Cleaning Interface

C. Reporting and data prediction dashboard

This figure illustrates the Reporting and Dashboard
module, which delivers automated insights through
visual summaries and trend analysis.

The module processes uploaded data, identifies
important patterns, and presents structured predictions
to help users better understand the dataset and make
informed, data-driven decisions.
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Figure5: Smart Column Cleaning Interface

D. Version control

The system includes an integrated version control
mechanism that automatically tracks all changes
made during data cleaning and preprocessing. Each
modification creates a new version shapshot,
allowing users to review updates, compare previous
states, and restore earlier versions when needed. This
ensures data transparency, prevents accidental data
loss, and supports reliable experimentation by
enabling users to safely test different cleaning
strategies.

Version History

Name — 0 saved
Age — 0 saved
Domain — 0 saved

Salary — 1 saved

12/10/2025, 3:19:54 PM
Figure6: Version Control

E. Visual representation of dataset metrics

The dashboard provides a central platform for visual
exploration of each dataset column through clear and
interactive charts. It highlights trends, distributions,
and category breakdowns to help users quickly
understand data patterns and make informed analytical
decisions. Numerical data is displayed using line, bar,
and histogram charts, while categorical data is shown
using pie and stacked bar charts, enabling easy
comparison of values and relationships.

Analytics — Smart Insights u
67372189871 o 450 39037144

/ j.‘.‘ﬁ‘v&i.tb-.‘

Figure7: Dataset Analytics
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F. Download options for reporting & dashboard

Smart Data Analytics Upload Cleaning Analytic

Reports

Download Full PDF Report

Figure8: Downloading Report

The report download panel allows users to easily
export cleaned datasets, prediction results, and
generated visualizations for further analysis, sharing,
and documentation. All preprocessing steps are
preserved to ensure reproducibility, while charts and
dashboards can be saved in common formats for
seamless reporting and collaboration.

VIIl. CONCLUSION

The Smart Data Analytics Platform provides an
automated and user-friendly solution for converting
raw CSV data into clean, structured, and visually
interpretable insights. With integrated modules for
data upload, validation, intelligent cleaning,
visualization, reporting, and version control, the
system ensures accurate, transparent, and efficient
data processing while reducing manual effort and
errors. Its modular design enables smooth workflow
coordination and supports effective data-driven
decision making for students, researchers, and
professionals. Future enhancements include cloud
deployment for scalable processing and collaboration,
integration of machine learning for predictive
analytics and anomaly detection, support for real-time
data streams from APIs and loT sources, advanced
dashboard customization, multi format reporting, role-
based access control, continuous data ingestion, and
mobile application support, further extending the
platform’s real-world applicability and intelligence.

REFERENCES

[1] R. Nagarkar, C. Bennie, K. Wang, and M. Lam,
“Integrating Multiple Cloud Platforms to Build a
Data Pipeline for Recommendation Systems,” in
Proc. 7th Int. Conf. Data Sci. Inf. Technol.
(DSIT), IEEE, 2024.

206719 © IJIRT | www.ijirt.org MAY 2026 240



International Conference on Recent Innovation in Computer Science

[2] J. Tunpita and K. Kirimasthong, “Data Integration
and Data Pipeline Model Using KNIME for
Research Data,” in Proc. 8th Int. Conf. Inf.
Technol. (InCIT), IEEE, 2024.

[3] S. Murarka, A. Jain, and L. Singh, “Advanced
Techniques in Data Ingestion and Pipelining for
Scalable Big Data Platforms: A Comprehensive
Review,” in Proc. IEEE 4th Int. Conf. ICT Bus.,
Ind. Government (ICTBIG), 2024.

[4] H. Shan and E. Gubin, “Data Cleaning for Data
Analysis,” in Proc. Tomsk Polytechnic Univ.,
IEEE, 2017.

[5] D. Dasari and P. S. Varma, “Employing Various
Data Cleaning Technigues to Achieve Better Data
Quality Using Python,” 2022.

[6] S. N. Haider, Q. Zhao, and B. K. Meran,
“Automated Data Cleaning for Data Centers: A
Case Study,” in Proc. 39th Chin. Control Conf.,
2020.

[7] J. Bobulski and M. Kubanek, “A Method of
Cleaning Data from loT Devices in Big Data
Systems,” in Proc. IEEE Int. Conf. Big Data,
2022.

[8] M. Bilal, G. Ali, and M. W. Igbal, “Auto-Prep:
Efficient and Automated Data Preprocessing
Pipeline,” IEEE Access, vol. 10, 2022, doi:
10.1109/ACCESS.2022.3198662.

[9] S. Ledesma, M.-A. Mario, and D.-L. Dora,
“Analysis of Data Sets with Learning Conflicts
for Machine Learning.”

[10]J. Heo and S. Lee, “A Study on Applying Large
Language Models to Issue Classification,” in
Proc. IEEE/ACM 33rd Int. Conf. Program
Comprehension (ICPC), 2025.

[11]P. Kourouklidis, D. Kolovos, and J. Noppen, “A
Model-Driven  Engineering  Approach  for
Monitoring Machine Learning Models,” in Proc.
ACM/IEEE Int. Conf. Model Driven Eng. Lang.
Syst. Companion (MODELS-C), 2021.

[12]H. Li, “Research on Big Data Analysis: Data
Acquisition and Analysis,” in Proc. Int. Conf.
Artif. Intell., Big Data Algorithms (CAIBDA),
2021.

[13]S. Sharma and R. Sharma, “An Innovative
Solution for Data Persistence Problems in
Reliable Data Transmission,” in Proc. Int. Conf.
Distributed Computing and Electrical Circuits
and Electronics (ICDCECE), IEEE, 2023.

[14]M. Sharma and R. Gupta, “The Significance of

ISSN: 2349-6002

Using Data Extraction Methods for Effective Big
Data Mining,” in Proc. 2nd Int. Conf. Innovation
Technol. (INOCON), 2023.

[15]M. Muniswamaiah and T. Agerwala, “Big Data
and Data Visualization Challenges,” in Proc.
IEEE Int. Conf. Big Data (BigData), 2023.

[16]1. Stancin and A. Jovic, “An Overview and
Comparison of Free Python Libraries for Data
Mining and Big Data Analysis,” in Proc. IEEE
Int. Conf. Big Data (BigData), 2023.

[17]1D. Gao, M. Yang, and B. Feng, “Business System
KPI Anomaly Detection Based on an Adversarial
Variational Autoencoder,” in Proc. IEEE 3rd Int.
Conf. Inf. Technol., Big Data Artif. Intell.
(ICIBA), 2023.

[18]S. Staudinger and C. G. Schuetz, “Using
Multilevel Business Artifacts for Knowledge
Management in Analytics Projects,” in Proc.
ACM/IEEE Int. Conf. Model-Driven Engineering
Languages and Systems Companion (MODELS-
C), 2023.

[19]Y. He and X. Zhu, “Application of Big Data
Technology in Dynamic Prediction Models Based
on Intelligent Algorithms,” in Proc. Int. Conf.
Intelligent Computing and Knowledge Extraction
(ICICKE), 2025.

[20]P. Gandhi and S. Bhatia, “Realization of Business
Intelligence Using Machine Learning,” in Internet
of Things in Business Transformation:
Developing an Engineering and Business Strategy
for Industry 5.0, 2021.

206719 © IJIRT | www.ijirt.org MAY 2026 241



