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Abstract—Recently, the limited job opportunities and the
primary reasons for updating resumes have become
major contributors to the issue of unemployment. Early
updates and continuous monitoring of resume
automation using Machine Learning (ML) can be costly.
To address the challenges associated with the Automated
Classification Logistic Regression System Classification
Method, early updates and automation of job
applications improve the accuracy of results, and the
collection of documents becomes more secure. Moreover,
the Text Preprocessing Module eliminates duplicate
data, minimizes unknown data, and maximizes valuable
data during preprocessing. The Term Frequency-Inverse
Document Frequency (TF-IDF) separates each data
value type, starting with the minimum representation to
reduce the unpredictable values and enhance resume
update performance. Ultimately, the proposed method
classifies data, tests it, and validates the predicted
outcomes to assess performance. Calculation is a training
process, while the testing data is multi-level in
classification. Each type of data connects to its network
within the classification framework. It facilitates
comprehensive monitoring based on input data from
video tests of the training data and checks the various
recruitment models involved in the process. Finally, it is
automatically updated to assist in the job application
process. The proposed method offers greater reliability
and achieves high performance while maintaining
standard scalability. These techniques reduce time
complexity, ensuring performance remains within an
accurate range of 91%.

Index Terms—Automated Classification  Logistic
Regression System, Term Frequency-Inverse Document
Frequency (TF-IDF), Text Preprocessing Module,
Automatic Classification.
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. INTRODUCTION

The KNN enhances the identification of suitable
candidates. Its societal impact includes streamlining
hiring  processes, improving efficiency and
accessibility, and maintaining stability [1]. The
strengths of the DL techniques are calculated from the
resumes and ranked from maximum to minimum
match. Text classification involves assigning data and
labels of potential in the resume for use, and it
automatically updates the resume used for Natural
Language Processing (NLP). Boosting is a method
used in machine learning to reduce errors in predictive
data analysis on labeled data, allowing for guesses
about unlabeled data. It's one of the ML techniques
used to assess performance [2]. Bidirectional Encoder
Representations from Transformers (S-BERT) can
revolutionize processes. For HR professionals facing
overwhelming numbers of resumes, the manual
screening process is time-consuming and prone to
errors.

The resume update is a job application for use in deep
learning, analyzing real-time data, and verifying the
process. To determine the skills, communication of the
process, and analysis of the data utilized for the
Random Forest (RF), i.e., reliability of the process,
maintaining stability of the process, to resume
updating the performance [3] generally. The strengths
of the DL techniques are calculated from the resumes
and ranked from maximum to minimum match. Text
classification involves assigning data and labels of
potential in the resume for use, and it automatically
updates the resume being used.
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The process lacks transparency in assessing
performance, has high computational costs, and
sometimes misclassifies the data. It is data-dependent
and poses risks of overfitting and a lack of
interpretability. Additionally, it is a more expensive
tool that exhibits greater interoperability in
performance; however, it requires lower efficiency in
performance and consumes more power [4]. The
process is limited in its contextual understanding of the
techniques, which are high-cost and have a low
accuracy range. It is affected by unwanted data
regarding the performance of the techniques and is
impersonal due to screening and the absence of a
human touch. Moreover, it incurs high computational
costs and sometimes misclassifies the data, while
being a more expensive tool that demonstrates greater
interoperability in performance [5]. Overall, the
process lacks transparency in assessing performance,
is data-dependent, and poses risks of overfitting and a
lack of interpretability.

The main contribution ensures that each data type is
normalized for performance and addresses the data
variables of the techniques. All kinds of data are
separated for testing and training, updating the data
variables in the skills. It checks the different types of
recruitment models involved in the process. Finally, it
is automatically updated to assist in the job application
process.

Il. LITERATURE SURVEY

According to the job application, the resume is
updated using machine learning (ML). It aims for a
high-salary position, but the developed skills are
applied to the convolutional neural network (CNN) to
enhance performance [6]. The system is responsible
for matching the resumes to the corresponding job
descriptions; however, the process lacks transparency
in assessing performance.

The text classification assigns the data and labels of
the potential in the resume to be used, and it
automatically updates the resume used for the Natural
Language Processing (NLP). However, the process
has low accuracy in performance [7]. The proposed
method is deep learning (DL), which allows real-time
data analysis of the resume for the skin and updates the
process. However, the process has a high
computational cost, and sometimes the data is
misclassified.
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The advanced deep learning techniques enhance
resume ranking in web development, improving the
recruitment process [8]. Using the embedding model,
the text extraction hybrid matching approach offers
highly accurate and relevant resume rankings.
However, the process is data-dependent and poses
risks of overfitting and a lack of interpretability.

The hybrid model compares the resume model with
verification and testing of the skills used for Artificial
Intelligence [9]. It focuses on achieving a more
accurate level of various performance metrics and
reducing the misclassification of data to predict the
unknown performance data. However, the process is a
more expensive tool that is utilized and exhibits
greater interoperability in performance.

Boosting is a method used in machine learning to
reduce errors in predictive data analysis on labeled
data to make guesses about unlabeled data. It's one of
the ML techniques used to assess performance, but the
process of testing and verifying resume performance is
slow [10]. The proposed method is a DL compared to
all kinds of resumes, and proper performance updating
is necessary. However, the processes require lower
performance efficiency and more power consumption
of the techniques.

The Resume Parsing and Shortlisting System is
designed to transform recruitment through an
innovative machine focused on this task [11]. It offers
a refined resume parsing tool that identifies the most
qualified candidates according to the recruiter’s
criteria.  Natural Language Processing (NLP)
techniques are employed, and strengths are calculated
from the resumes and ranked from maximum to
minimum match. However, the process is limited in its
context understanding of the techniques.

Bidirectional  Encoder  Representations  from
Transformers (S-BERT) can revolutionize processes.
For HR professionals facing an overwhelming number
of resumes, the manual screening process is time-
consuming and prone to errors [12]. The proposed
method involves an NLP calculation and ranking
based on scores. In our evaluation of a dataset, it
demonstrates the ability to identify relevant resumes
effectively. However, the process is high-cost, and the
techniques have a low accuracy range.

Identifying module titles and grades involves using
supervised ML models, with the Support Vector
Machine (SVM) model demonstrating the highest
accuracy, albeit with greater time complexity [14].

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6863



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

The proposed method enhances the identification of
suitable candidates. Its societal impact includes
streamlining hiring processes, improving efficiency
and accessibility, and fostering a more productive and
equitable job market. However, the process is affected
by the unwanted data regarding the performance of the
techniques.

They identify the most suitable candidates for their Job
Description (JD), while ensuring that no talent
acquisition is overlooked due to human mistakes or
low performance reliability [15]. The proposed
methods of Applicant Tracking Systems (ATS) have
taken over the human process of resume screening,
enabling the assessment of thousands of resumes in
seconds. However, the process is impersonal due to
screening and the lack of the human touch of the
techniques.

The decision support system (DSS) assigns the data
and labels of the potential in the resume to be used and
automatically updates the utilized resume, and the data
processing. However, this process has low accuracy in
performance [16]. The proposed method, NLP, allows
real-time data analysis of the resume for skin and
updates the process. Nonetheless, the process incurs a
high computational cost, and sometimes there is a
misclassification of the data.

The hybrid model compares the resume model with
verification and testing of the skills used for Artificial
Intelligence [17]. DL focuses on achieving a more
accurate level of various performance metrics and
reducing misclassification data to predict unknown
performance data. However, this process is a more
expensive tool that exhibits greater interoperability in
performance.

The multi-keyword scoring techniques enhance
resume ranking in web development, improving
recruitment [18]. Using the embedding model, the K-
Nearest Neighbor (KNN) hybrid matching approach
offers highly accurate and relevant resume rankings.
However, the process is data-dependent and poses
risks of overfitting and a lack of interpretability.

The resume used for ML is for a high-salary position,
but the developed skills are applied to the Recurrent
Neural Network (RNN) to enhance performance [19].
The system is responsible for matching the resumes to
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the corresponding job descriptions; however, the
process lacks transparency in assessing performance.
The KNN enhances the identification of suitable
candidates. Its societal impact includes streamlining
hiring  processes, improving efficiency and
accessibility, and maintaining stability [20]. The
strengths of the DL techniques are calculated from the
resumes and ranked from maximum to minimum
match. However, the process is limited in its
contextual understanding of the techniques.

I1l. PROPOSED METHODOLOGY

The section predicts the value and collects data
regarding the performance verification and testing of
data variables. It predicts the value of the data in the
skills testing process and training for the resume
update of performance. The process automatically
updates; it measures the performance's recall,
precision, and reliability. It calculates classification,
accurately reflecting the process to identify the
appropriate skill based on recent performance.
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Figure 1 measures recall, precision, and reliability of
performance. It calculates classification, accurately
reflecting the process of identifying the appropriate
skill based on recent performance.

A. Dataset Description

The section of the dataset measures the range of skills,
quantitative performance, communication skills, extra
knowledge, building in the fraction of information,
and general aspects of the performance of the process
to update the job application in a resume model
evaluation of the performance.
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Figure 2 measures the data in various skills and resume

models of performance. Its automatic updating dataset

is composed of the performed.

B. Text Preprocessing Module

The section is a module evaluation resulting from the

job applications' collection of more data. It aims to

check corrections to a verification process, minimize

unwanted data, and maximize proper data quality

checks. Ultimately, it ensures that each data type is

normalized for performance and addresses the data

variables of the techniques.

Equation 1 is a collection of data in the job application

that identifies unknown data and unwanted skills of

performance and predicts value in the data.

S = (81,52,53, «+Sn) @

Equation 2 predicts the value and collects the

data regarding the performance verification and testing

of the data variables.
Cix) _x;
s(rly) = =B s ()
Equation 3 is for all types of data, normalized for
performance and measures of the respective data

variable, validating the data's veracity.
s=—yz ®)

=1 syl

C. Term frequency — inverse document frequency (TF-
IDF)
The section is a numerical statistic that measures the
importance of aword in a document within a collection
of documents. It's commonly used in information
retrieval, and all kinds of data are separated for testing
and training, updating the data variables in the skills.

Equation 4 separates each kind of data value, first
detecting the maximum representation in the
performance to reduce unknown data.

k
Xij = PqijSqij = Pqij X log, (S_fh) 4

Equation 5 separates each kind of data value, first
training the minimum representation in the
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performance to reduce the unpredictable values of the
data.

aij k
Xij = PqijSqij = kij x log, (g) ®)
Yr=o(paijsaij) :
Equation 6 predicts the value of the resume data

in the skills testing process and resume training,
updating performance.

x(p,q) = \/Z}}gzo(srm = Srn)? (6)
D. Automated Classification Logistic Regression
System

The section is an automatically updated record of the
various skills in the recruitment process and compares
another resume model, the implementation of the
resume portfolio, and checks the different types of
recruitment models involved in the process. Finally, it
is automatically updated to assist in the job application
process.

Equation 7 tests the validity of the data and is
classified as part of the process to predict
misclassification of the performance.

Pqj+ps;

Z§'=1 pqi+znil+zli+psi (7)

Equation 8 calculates the classification, accurately
reflecting the process to identify the appropriate skill
based on recent performance.

Pqj+ps;

Yimom— (8)

Equation 9 is an automatic update of the process; it
measures the performance's recall, precision, and
reliability.

Y=o P4i
E;l=0p;{j+psj (9)
IV. RESULTS AND DISCUSSION

This section evaluates the precision, recall, accuracy,
FN, and time complexity scores across various
parameters and approaches. Furthermore, the
proposed method can detect data updating in job
applications using Technology and data points in the
attack dataset.

Table 1. Simulation Parameter

Simulation Process Parameter Name
Dataset Name Job Dataset
No of Dataset 1048576

Training Dataset 100000
Testing Dataset 48576
Language Python

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 6865



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

As illustrated in Table 1, the simulation parameters
were evaluated using 1048576 data points collected in
the feature selection process. 100000 is a training
dataset, and 48576 is a testing dataset.
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Fig. 3 Analysis of Precision

Figure 3 illustrates using precision analysis for secure
health data exchange through Artificial Intelligence
technology. This review assesses previous methods,
including NLP, ATS, and DSS contrasts them with the
proposed ACLR method. The precision levels of the
performance ratings for these methods are 85.6, 89.9,
and 99.2, respectively, for the various performance
levels in data protection.
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Fig. 4 Analysis of FN Score

Figure 4 illustrates using FN Score analysis for secure
health data exchange through Artificial Intelligence
technology. This review assesses previous methods,
including NLP, ATS, and DSS contrasts them with the
proposed ACLR method. The precision levels of the
performance ratings for these methods are 85.6, 89.9,
and 99.2, respectively, for the various performance
levels in data protection.
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Fig. 5 Analysis of Recall
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Figure 5 illustrates using recall analysis for secure
health data exchange through Artificial Intelligence
technology. This review assesses previous methods,
including NLP, ATS, and DSS contrasts them with the
proposed ACLR method. The precision levels of the
performance ratings for these methods are 85.6, 89.9,
and 99.2, respectively, for the various performance
levels in data protection.
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Fig. 6 Analysis of Accuracy

Figure 6 illustrates using accuracy analysis for secure
health data exchange through Artificial Intelligence
technology. This review assesses previous methods,
including NLP, ATS, and DSS contrasts them with the
proposed ACLR method. The precision levels of the
performance ratings for these methods are 85.6, 89.9,
and 99.2, respectively, for the various performance
levels in data protection.
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Fig. 7 Analysis of Time Complexity

Figure 7 illustrates using time complexity analysis for
secure health data exchange through Artificial
Intelligence technology. This review assesses previous
methods, including NLP, ATS, and DSS contrasts
them with the proposed ACLR method. The precision
levels of the performance ratings for these methods are
5.56, 3.45, and 1.50, respectively, for the various
performance levels in data protection.
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V. CONCLUSION

This study explores the Automated Classification
Logistic Regression of Technology in enhancing
detection, prevention, and response in automatically
updated systems to assist in the job application. The
proposed method offers greater reliability and
achieves high performance while maintaining standard
scalability. Performance measurement is improved
using the F1 score, time complexity, recall, precision,
and accuracy based on commonly employed real-time
data for result comparison. The capacity to identify
unknown data is bolstered by compressing vast
amounts of information into manageable archives and
transforming the data. This process involves further
classification and reduction of the data. It is trained
and tested on labeled data to ascertain the relationship
between features and classes, with the class having the
highest calculated probability as the prediction. Each
type of data connects to its network within the
classification framework. It facilitates comprehensive
monitoring based on input data from video tests of the
training data and checks the various recruitment
models involved in the process. The process is
managed efficiently, completed within a defined time
frame, and performed with multitasking efficiency,
ensuring reliability. The system has achieved a 91%
accuracy rate in automated job application updates.
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