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With increasing administrative tasks in Higher Education Institutions(HIEs), automation
provides an effective solution to improve efficiency. This research introduces an RPA Cogni-
tive Placement Bot that automates resume screening and job matching using Machine Learn-
ing (ML) and Natural Language Processing(NLP). The placement bot automatically capture
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INTRODUCTION

education, skills, and experience from resumes and assesses them with 159 job descriptions
acquired from Indeed and LinkedIn. spaCy’s Named Entity Recognition (NER), Selenium,
Python-RPA, and Bidirectional Encoder Representations from Transformers (BERT) are em-
ployed to expedite the placement process by computing candidate scores through job-resume
alignment and sending automated recommendation emails. The bot is trained and tested on
2,006 and 348 resumes respectively with 98.81% training accuracy with BERT, 97.91% with
NER, and a net testing accuracy of 99.14%. The proposed virtual bot exhibits outstanding
classification efficiency and enhanced performance for HEIs placement automation, when
evaluated against current benchmark models —SVM-based (94%), LDA-based (82%), and
Decision Tree-based (94%)) proposed by Jagwani et al., (2023) and Prabha et al., (2024).

Cite this article as: Yadav N, Panda SP. Integrating cognitive intelligence in robotic process
Automation: Placement bots in action. Sigma ] Eng Nat Sci 2026;44(4):2433-2446.

frequently repititive tasks, so that the employees can focus
on analytical work [2]. RPA bots mimic user interactions

Business organisations increasingly seek innovative
solutions to reduce costs, boost efficiency, and reduce man-
ual effort. Rather than digitising all operations, many focus
on automating time-consuming tasks [1]. This problem is
addressed by a Business Process Automation tool known
as Robotic Process Automation (RPA). RPA automates
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within software systems by performing various tasks such
as form filling, email handling, web scraping, data process-
ing, and browser automation [3,4].

RPA is a non-intrusive technique that operates on
top of existing Information Systems(IS) and Enterprise
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Resource Planning (ERP) systems [5], and is extensively
deployed through platforms such as Pega, Microsoft
Power Automate, UiPath, and WorkFusion [6]. It empow-
ers organisations to automate both back-office and cus-
tomer-facing processes by falicitating benefits such as
consistency, speed, regulatory compliance, and cost effi-
ciency, often resulting in a high Return on Investment
(ROI) within a year [3,7,8]. RPA excels in automating
structured, rule-based tasks, however it cannot handle
complex decision-making and therefore lacks cognitive
intelligence. RPA enhances its cognitive capabilities when
integrated with Artificial Intelligence (AI) technologies,
such as Computer Vision, Deep Learning(DL), Machine
Learning (ML), Natural Language Processing (NLP), gen-
erative Al and others [9-13]. This technological unifica-
tion forms Intelligent Process Automation (IPA), enabling
bots to make rule-based decisions, self-adjust, handle
exception and improve over time [14]. Despite the use of
IPA, not all processes are suitable for RPA, as poor selec-
tion can lead to bottlenecks [15]. Literature identifies sev-
eral criteria for task suitability, focusing on processes that

Table 1. Literature review on RPA implementations in HEIs

are highly manual, repetitive, rule-based, high-volume,
and frequently executed [16-19].

This paper is organised as follows: Section 2 outlines the
problem and related work; Section 3 describes the method-
ology and technologies used; Section 4 presents results and
analysis; and Section 5 concludes with findings and recom-
mendations for future work.

Literature Review

Robotic process automation (RPA) is a rising technol-
ogy for the digital transformations in Higher Education
Institutions (HEIs). RPA supports faculty members by
improving teaching efficiency through the automation of
administrative tasks while also facilitating student devel-
opment. While existing studies highlight RPA’s benefits in
improving operations and supporting digital change, its use
in education remains underexplored. This research con-
tributes to the field by developing and analysing a Cognitive
RPA Placement Bot to automate the placement process in
HEIs. Table 1 summarises prior research on RPA’s applica-
tions and impact across administration, teaching, course
delivery and Placements.

Source Key Findings

Gaps in the Study

Khan etal.[20]  The study presented a robot, which is trained to
test the delivery of a course. These bots can help

a teacher improve their lecture delivery.

The study lacks empirical validation of RPA’s effectiveness in
improving teaching and learning outcomes. Moreover, it does
not address the adaptability of RPA systems across different
subjects, educational levels, and learning environments.

Turcuetal.[21]  An OCR-enhanced RPA solution was proposed
in this work. The resume scanning process was
automated by using UiPath for the recruitment
process of Small and Medium Enterprises

(SMEs).

The study limits the use of RPA technilogy by primarily
depending on OCR, It does not incorporated Al or NLP-based
cognitive solutions such as semantic matching, or intelligent
resume parsing. Furthermore, it does not explore the scalability
and applicability of this solution to other industries.

Somasundaram  An RPA-based report generation tool was Lack of quantitative assessment of the RPA tool’s effectiveness
etal.[22] proposed to generate advanced results from in enhancing mentoring efficiency and student performance,
a programming competency test conducted as the current system primarily focuses on report generation
for students. The tool assisted 540 students without cognitive capabilities for in-depth performance
and 35 facult mentors through its successfull analysis.
deployment in the Department of ECE at
R.M.K. Engineering College.
Vrushil Gajraet ~ RPAs UiPath, MySQL Server, Node]S server, The study envisions integrating Artificial Intelligence and
al.[23] and Restful API are used to create a ChatBot to Machine Learning with RPA to handle unstructured data,

automate the procedures of a student management
system and integrate it with ERP system.

predictive analytics, and intelligent decision-making.

D. Boban and J.
Naki¢ [24]

The study presents a step-by-step RPA process
design, including web navigation, data
retrieval, report generation, and automated
communication with users using UiPath. The
study demonstrated significant time reduction
(=77.5%).

This study automates the course search process on a single
platform namely Udemy, and does not extend its functionality
to other e-learning systems. It also does not provide an
intelligent personalized recommendation system based on user
behavior. Morevoer, the proposed RPA solution is rule-based
and does not integrate NLP or other Al-driven decision-
making techniques for intelligent automation.

Nandwani et
al.[25]

The study proposed an HTML (Hyper Text Mark-
Language), CSS (Cascading Style Sheet), Selenium
and Java Script based method for student outcome
assessment process and saves 94.44% of the time.

This study solely relies on rule-based RPA automation using
Selenium and Java, and lacks the integration of AI or NLP for
intelligent decision-making and data interpretation.
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Table 1. Literature review on RPA implementations in HEIs (continued)

Source

Key Findings

Gaps in the Study

Ding et al.[26]

The study employs a BILSTM network and CNN
to extract unstructured text features for Job-
Resume matching tasks, This study proposes a
novel Dual-Branch Mutual Learning (DBML)
framework for job-resume matching in HR
management.

This study lacks contextual understanding, as it uses

fixed 100-dimensional skip-gram vectors. The semantic
representaions could be enhanced by incorporating newer
contextualized embeddings such as BERT. Furthermore, the
framework does not employ dynamic techniques such as
Beautiful Soup or Selenium to scrape evolving job markets or
candidate profiles; rather, it operates on static datasets.

Hawaril et al. [27] A job-recommendation system is proposed that

uses content-based filtering mechanism to list
the vacancies and to recommend Jobs.

The dataset is relatively small, and the integration of Al and
NLP techniques could further enhance the mechanism.

Mydyti et al. [28]

A job internship matching strategy based on
online scraping is proposed. This work uses an
intelligent web scraping technique and Machine
Learning in an Internship Management System
(IMS).

This study provides only a theoretical approach and does not
represent any practical evaluation. The proposed framework
has not been validated in real-world settings. Furthermore, this
study is based on Machine Learning and NLP techniques hence
wouldn't be relevant for advanced technological models such as
BERT. Therefore, it lacks contextual understanding and fails to
give any feedback or reccomendation for improvement for the
skills that aren’t inhenrited by it.

Suman et al. [29]

This study utilizes web scraping techniques

to computerize tasks such as collection of job
descriptions and resumes from LinkedIn. Fuzzy
mactching techniques were used for Job-Resume
matching. A Decision Tree classifier was used to
classify resumes.

The web scraping was only limited to LinkedIn and no other
job portals were considered for scraping job descriptions and
resumes. Furthermore, only the Decision Tree algorithm was
used for classification and no other classifiers were considered
to assess or improve accuracy. Moreover, other NLP models
such as BERT were not considered, although they could
enhance contextual and semantic understanding.

Rojas-Galeano et
al. [30]

This work presents the research landscape
analysis of job-résumé matching. This study
identifies leading institutions, key trends and
influential authors contributing to the field.

The study discusses literature-based fiding without empirical
validation of job-résumé matching models. It highlights the
paradigm shift toward transformer-based architectures but
does not discuss the advantages and disadvantages of each AI
technique used in recruitment systems.

Lin et al. [31]

A Maching Learning based solution is proposed
for the Job-Resume matching problem. Random
Forest and CNN are used to improve ‘Job-
Resume matching’ for online applicants. They
help solve the problems of traditional rule-
driven and keyword-based search engines.

The framework is developed using predefined datasets. It

does not leverage real-time job market data. Deep learning
and ensemble models are employed to model the training
dataset. Contextual NLP approaches such as BERT or GPT-
based embeddings are not considered. Additionally, the system
doesn’t offer personalization features, including adaptive
recommendations and user preference learning.

Lunn et al. [32]

This study proposes an application to examine
current job trends in the market for computer
science(CS) students. A web scraping technique
is used to collect job listings from the web with
an accuracy of 98.5%. NLP techniques are used
to extract information from textual data, while
Python’s Beautiful Soup library is used for
scraping websites.

This study uses Python’s Beautiful Soup, which cannot process
dynamic content, thereby limiting data extraction. Selenium
WebDriver should instead be used for web scraping. The
scraping process was restricted to Computer Science-related
data, which further limits its applicability to other domains. The
primary focus is to identify job trends in the market; however,
the work could be extended to job-resume matching and user
feedback mechanisms for assessing students’ current skill levels.

Jirjees et al.[33]

A BERT-based approach was used in the
recruitment process to provide accurate and
context-aware job-resume matching. This
study highlights the superiority of BERT over
other models in keyword matching. Several ML
algorithsm such as Support Vector Machine
(SVM), Long Short-Term Memory (LSTM),
and Multi-Layer Perceptron (MLP) models
were used to test the dataset. The SVM-based
model provide 94% accuracy, whereas the LSTM
and MLP models were 92% and 90% accurate,
respectively.

Sophisticated machine learning approaches such as clustering
and hybrid sampling can reveal complex patterns. This study
uses only a Kaggle dataset for the Computer Science field,
which may not be fully representing other domains, and
thus, results may vary. The model could be extended to other
industries.
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Table 1. Literature review on RPA implementations in HEIs (continued)

Source Key Findings

Gaps in the Study

Jagwani et al.[34] This study uses an Object Identification
Tecnique to propose a Resume Evaluation
Framework using spaCy and the Latent Dirichlet
Allocation (LDA) model, achieving 82%

accuracy.

This study was tested on a very limited dataset consisting

of only 20 resumes, which is too limited to generalize the
findings across all Higher Education Systems. Furthermore,

the model does not provide recommendations or feedback
regarding students’ skills and competency gaps. In addition, this
research has not been evaluated using BERT-based techniques,
which could potentially improve the overall accuracy. The
performance of the system could be further enhanced by
incorporating ensemble learning techniques.

Prabha et al.[35] The study was conducted to classify resumes
for selecting or rejecting candidates. Various
classification algorithms, such as Logistic
Regression (LR), Random Forest (RF), and
K-Nearest Neighbour (KNN) were tested

for their performance in the study. Logistic
Regression proide an accuracy of 95%, whereas
Random Forest and KNN were 82% and 88%

accurate respectively.

This model was tested on a very limited dataset consisting of
only 10 resumes. Such a limited dateset does not provide a
broader perspective on job-resume matching and restricts the
generalizability of this study across all the HEIs.

As stated in the literature, traditional job-resume match-
ing approaches primarily rely on exact keyword match-
ing,old web-scraping techniques for acquiring resumes and
job descriptions, and limited datasets. These approaches
often lack contextual understanding and do not provide
recommendations and feedback mechanisms for assessing
candidates’ skill sets despite the integration of advanced
artificial intelligence and machine learning techniques.
Furthermore, existing studies do not leverage Named Entity
Recognition (NER) within BERT-based frameworks and
often overlook critical components such as resume ranking
and personalized feedback generation. This model proposes
an intelligent placement bot that replicates all the tasks of a
placement officer, ranging from resume acquisition to job—
resume matching and sending skill recommendation emails
to candidate. First, the automated system retrieves resumes
through Gmail integratioin using OAuth 2.0 authentica-
tion. It then employes API-based web scraping techniques
using Selenium to collect job descriptions from platforms
such as LinkedIn and Indeed. After collecting job descrip-
tion and resumes, the placement bot automates various
tasks, including resume parsing, candidate-job matching,
ranking, and automated email communication. The pro-
posed bot integrates machine learning techniques includ-
ing Logistic Regression with TE-IDF features [36] , fuzzy
matching, spaCy-based Named Entity Recognition (NER)
[37], BERT-based techniques and automation frameworks
to deliver accurate, adaptive, and intelligent placement
recommendations. Additionally, the system sends person-
alized selection and rejection emails based on candidate
rankings. These recommendation emails help students
understand their skill gaps relative to a specitfic job, repli-
cating the role of human recruiters in an efficient manner.

This virtual bot is adaptive to the dynamically changing
real-time job market and addresses the shortcomings of
conventional job-resume systems. It provides personalized
feedback by identifying skill gaps and rank resumes based
on a weighted scoring framework that considers educaiton,
skills, and work experience. Overall, the proposed software
solution provides a more flexible and responsive approach
to align student competencies with internship opportuni-
ties while enhancing job-resume matching accuracy and
optimizing the recruitment process. The bot significantly
outperforms traditional methods in terms of accuracy, scal-
ability, and automation.

MATERIALS AND METHODS

The approach begins with the Manual Process of Job-
Resume Matching as illustrated in Figure 1, which serves as
a baseline for comparison.

Manual Tasks of Job-Resume Matching Process

The routine manual tasks performed by a placement
officer in an HEI during the placement process are typi-
cally organized step by step to guarantee students have the
best job opportunities. This involves a series of repeated
administrative tasks that must be completed each time
a new Job Description (JD) is issued by the company as
depicted in Figure 1. RPA is best suited to automate such
repetitive, time-consuming processes making it ideal for
RPA automation. The selection of this process aligns with
the suitability of the criteria discussed in the literature. For
the purpose of comprehension and visualisation, Figure
2 lists every step involved in automating the Placement
process.
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Pre-Placement Preparations

Download E-Mails

Company Outreach & Invitations

Resume Shortlisting

Job-Resume Matching

Pre-Placement Preparations

Recommendations & Feedback

OLOLLOLOOL

Figure 1. Manual Job-Resume Matching Process Performed
by the Placement Officer.

(| Gmail Authentication &
Download Resumes

Automation steps of “RPA Cognitive Placement Bot”
The automated RPA Cognitive Placement Bot as
depicted in Figure 2 comprises five steps:

Step 1: Resume and job description extraction

Resume extraction

Resumes are extracted from the placement officer’s
Gmail Id. The resumes and job descriptions used in this
study were provided by the placement cell of a higher edu-
cation institution (ABES Engineering College, Ghaziabad,
India) and represent real-world data from final-year stu-
dents currently undergoing the placement process. All data
was used with the institution’s approval, and strict measures
were taken to maintain candidate privacy. The data was
used exclusively for academic intentions and according to
the institutional research ethics. The bot uses OAuth 2.0 to
authenticate and connects to Gmail API. OAuth 2.0 is an
authorization system that facilitates third-party apps to uti-
lize a user’s data without revealing their credentials (such as

Resume and

Fetching single JD

Parse Resumes for Feature from a text file

e Indeed

Extraction

Job Description _.{
Extract
Job Descriptions (JD)

Extraction

Scraping the JDs
from LinkedIn and
Indeed Job Portals

Parse
JDs for Feature Extraction

Create
a Combined Feature
Matrix of JDs and

° r.-

Feature Resumes to find a match.
Engineering |—
and Matching MultiLabelBinarizer
TF-IDF
\_| for Text Data using NLP
o . Dataset
Splitting
Dataset —
splitting and '4 Model (Lg:l:il;nligmssion)
Model training

Save the
Trained Model as “.pkl™

p-
o ]

Prediction

. “indeed.csv™ file to

of New Resume
Resume B
Ranking & —{ - S:Z]:lvsis Recommendations
Predictions pAnan and Feedback
u Resume
Rankings

Figure 2. Automation steps of “RPA cognitive placement bot”

Login to LinkedIn and

Scrape job
title, Job Descriptions (JD)
from Job search page.

Handle pagination to trigger
dynamic job posting

Merge the JDs scraped from
“linkedin.csv™” and

“merged_jobs.csv”.

Personalized e-mail is sent to
each selected candidate.

Feedback emails
are sent to all the non-
selected candidates.
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resume_name skills experience education  |email

Sujeet Kumar.pdf ¢, java, python, react, sql e, ntry, - Levoel [Notspecified [krsujeet0707@gmail.com
Gaurang Gaur.pdf ¢, java, javascript, node s, python, react, sql e,n,t,1,y,-1evel [bachelor pegauranggaur | 0@gmail.com
aaayush.pdf ¢, django, leadership, node js, node s, r, react, sql e, n,t,1r,y,- I, e, v, e, [bachelor yush91620@gmail.com

Aadesh Kumar.pdf  |java, leadership e, ntr,y, - Level [mea aadeshrajput250609@gmail.com
Aaditya Bhardwaj.pdf |c, django, java, javascript, python e,nt,L,y,-Level |bachelor aadibhardwajdec98(@gmail.com
Aditya Kumar.pdf aws, ¢, java, machine learning, python, sql e,ntry-level |Notspecified |0906@gmail.com

aakash jayesh,pdf not specified e, mt, 1y, - Lev,el [Notspecified |aakashl234shah@gmail.com
Aakash Kumar.pdf ¢, java, javascript, python, sql e,ntry,-Levoel [master aakimrt619(@gmail.com

Aakash Kumar.pdf not specified m,i,d-Lev,el bachelor aakashkumarl71555(@gamil.com
Aakash Sharma.pdf  |c, java, javascript, sql e,ntry-level |btech aakashg837799@gmail.com
Aalok mishra.pdf c e.ntry-lev.el |Notspecified |alok.mishras192@gmail.com

Figure 3. Extracted Resume Features stored in ‘resume_extracted.csv” file.

passwords). The resumes are filtered according to specific
subject lines and contents of an email.

Parsing resumes for feature extraction

A CSV file of the name- “resumes_extracted.csv” is cre-
ated, as depicted in Figure 3, to store the extracted informa-
tion from the collected resumes such as candidate names,
skills, educational qualifications, certifications, contact
information, and work experience.

Experience extraction

Experience related information such as ‘5 years’ or ‘since
2020, are extracted from resumes using Named Entity
Recognition (NER) and spaCy’s ‘en_core_web_sm’ model.
The bot indentifies the experience levels by identifying dif-
ferent phrasing such as ‘5+ years’ or ‘over 5 years’ and classi-
fies candidates into three groups: Entry-Level (less than two
years of experience), Mid-Level (2-5 years of experience),
and Senior-Level (more than 5 years of experience).

Education extraction

A hybrid approach (regex+NLP) is used for identifying
degree names (e.g., “B.Tech”, “Master’s”). It uses Sentence-
Bidirectional Encoder Representations from Transformers
(SBERT) “all-MiniLM-L6-v2” model and spaCy’s NER for
semantic similarity matching and to fetch full educational
phrases (e.g., “Master’s in Data Science).

Skills and email extraction

The bot scans resumes for predefined skills such as
‘Python, ‘ML, and ‘SQL, and uses regex to extract email
addresses. It also stores unique skills for efficient processing.

Scrape job descriptions

From LinkedIn web portal

Python’s Selenium Web Driver is used to dynamically
log in, identify input fields, and perform the authentication.
It queries LinkedIn for specific job titles, locations, and
experience levels. It then fethes job titles, company names,
and descriptions using CSS selectors, storing the data in

JavaScript objet Notation (JSON) and Comma Separated
Values (CSV) formats. Job Title and Job Description are
scraped from LinkedIn and stored it the ‘job_data.csv’ and
‘job_data.json’ files.

From Indeed web portal

Selenium-based web browser automation is used to
dynamically interact and scrape Indeed’s job listings. The
web driver waits for up to 40 seconds for the job listings to
appear to avoid scraping an empty page.

From text file

The Job Descriptions (JDs) provided by the companies
are simple text files containing sections like job title, respon-
sibilities, required skills, qualifications, and experience. In
this study a “job_description.txt” file as shown in Figure 4
is used to match student’s resumes with the company’s JD.

Parsing job descriptions for feature extraction

To generate a feature matrix, Job Descriptions (JDs)
taken from text files, Indeed, and LinkedIn need to be
refined. The data sourced from LinkedIn and Indeed pres-
ents several challenges, including irregular newline format-
ting, unclear experience format, and unclear skills in the
free text. Two different CSV’s are generated as linkedin_
jobs.csv and indeed_jobs.csv. Both CSV are merged into
one csv file “merged_jobs.csv” as depicted in Figure 5.

job_description.txt

File Edit View

Job Title: Software Developer - Fresher

Location: Remote

Employment Type: Full-time

Experience Level: Fresher or Entry-level

Required Skills: Python, Java, SQL, C, Communication Skills
Education: Bachelor's degree in Computer Science (B.Tech), MCA

Figure 4. Snapshot of a “job_description.txt” file used for
job-resume matching.
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job_title skills experience education
Tagile’. lar', ‘aws’, " ication skills',
Jr Software Engineer .[Aaglle.,. anguar | ?Wq azu.reY Ycoml:n.um?a. 1on ski q' [1 ["'bachelor\'s"]", "['bachelor]
‘java', javascript’, 'leadership’, 'react’, 'sql’, 'teamwork']
Engineer, 11 Software ['agile', '¢', 'java', javascript', 'python'] ['31 ['["bachelor\'s"]"]
Software Engineer - Java [['aws', 'azure’, java', 'python’, '‘teamwork'] ['31 [""'master\'s"', "'mea']", "['m.tech™]
Software Engincer [‘communication skills', 'java’, 'sql'] rs', ‘104, '7, 2%, '15" ['["bachelor\'s"]"]
Software Engineer I1 ['agile', 'angular’, ‘aws', 'azure', 'c', 'gep’, 'sql'] ['2] [""bachelor\'s"]", "['bachelor'"]
Suﬁ.warc Development '['communilcaliun skills', java', 'python’, 'sql', (2] ["['not specified’]"]
Engineer I1 teamwork']
Software Engineer | [‘agile', 'aws', 'java’, 'react’, 'sql'] ['2','11 ["['not specified']"]
Software Engineer ['azure', '¢', 'leadership’, 'project management’, 'sql'] [1 [""bachelor\'s"]", "['bachelor']
Software Engineer '[agllc,'alngulajr: i Ja‘v‘?,‘Javasc'npl »'nodejs’, ['5','2" [""bachelor\'s"]', "['bachelor™]
python', 'react’, "restful apis', 'scrum'’]
Senior Software . ["'phd']", "'bachelor\'s"', "'['bachelor™,
et * toen! Yaval . 151 1y
Development Engineer I [laws', 'azure’, 'gep’, java, python’] [5,2] "'master"]
Software Developer [ljava', 'python’, 'sql'] ['41 ['["bachelor\'s"]']
Software Engineer ['angular', ‘java', 'leadership', 'python’, 'sql'] [1 [""'master\'s"]", "['bachelor", "'master"']

Figure 5. Merged job dataset (“merged_jobs.csv”) compiled from LinkedIn and Indeed.

Step 2: Feature engineering and matching

Flow of combining feature matrix

The bot uses two modules, exact_match() for direct
matches and fuzzy_match() techniques to match resumes
with job descriptions, scraped from LinkedIn and Indeed.
fuzzy_match() employs an Al-based Levenshtein distance
to suggest approximate matches (e.g., “ML’ vs. “Machine
Learning”). It evaluates and differentiates between candi-
date’s education, skills and experience with job require-
ments and returns true if a match is found.

MultiLabelBinarizer

MultiLabelBinarizer (MLB) is employed to transform
skills, education, and experience levels by converting mul-
tiple fields into binary matrices. MultiLabelBinarizer is
used when a single column contains multiple values (e.g.,
a candidate having multiple skills). Each unique skills (we
are accessing the resumes for 33 skills) becomes a separate
column with 1 or 0 (1 = candidate has the skill, 0 = can-
didate doesn’t have the skill). It converts experience levels

(entry-level, mid-level, senior-level) into a binary matrix
(0, 1). The same process applies to encode education as
depicted in Figure 6.

Term frequency (TF) - Inverse document frequency
(TE-IDF)

TF measures how frequently a term appears in a doc-
ument. For ex: If “python” appears 5 times in a document
containing 100 words. Then the TF will be TF=5/100=0.5.
IDF measures how unique a term is across all documents.
For ex: If “python” appears in 10 out of 1000 times in a doc-
ument containing 100 words. Then the IDF = log (1000 /
10) = log (100) = 2.

Step 3: Dataset splitting and model training

Dataset splitting

To split the dataset into training and testingsets, the
bot used Stratified K-Fold cross —validation. It ensures that
each fold has the same proportion of class labels as the orig-
inal dataset [39]. Stratified K-Fold cross validation splits the

filename skills experience_level |education match |agile|angular |aws [azure [¢ |c#
aaayush.pdf [n id:j:jlgg';l;ﬁerzzllﬁ' ‘node js, ['entry-level'] ["bachelor] 0 0 |0 0 |0 1|0
Aadesh Kumar.pdf [java', 'leadership'] [entry-level'] ['mea’] 1 0 |0 0 |0 0 10
Aaditya Bhardwaj.pdf ['¢', 'django’, ‘java', ‘javascript!, 'python’]  [[‘entry-level] ["bachelor'] 0 0 |0 0 |0 [ (1]
Aditya Kumar.pdf [P E;‘:smcsﬁ‘r ‘machine learning, [entry-level] [Not specified] [0 0 o o o
Aakanksha.pdf ['communication skills'] ['entry-level'] ['Not specified'] [0 0 |0 0 |0 0 10
aakash jayesh.pdf ['not specified] ['entry-level'] ['Not specified'] [0 0 |0 0 |0 0 10
Aakash Kumar bsc.pdf  [['c, 'java', 'javascript’, 'python’, 'sql'] ['entry-level'] ['master'] 0 0 10 0 |0 110
Aakash Kumar.pdf ['not specified] ['mid-level’] ['bachelor'] 0 0 |0 0 |0 0 |0
Aakash Sharma.pdf ['¢', 'java’, javascript, 'sql'] ['entry-level'] ['b.tech’] 1 0 |0 0 |0 110

Figure 6. Encoding of experience, skills, and education attributes using MultiLabelBinarizer.
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dataset into K equal folds, but preserves the original dis-
tribution of classes in each fold. The 2,006 resumes used
in this study are split into 5 equal folds and each fold has
the same class distribution. Logistic Regression (LR) is a
supervised machine learning algorithm is perfect for classes
with binary (0 or 1) values. The output of the trained LR
classifier’s and TF-IDF vectorizer’s are saved in files named
“logistic_regression.pkl” and “vectorizer.pkl” respectively
for future predictions.

Step 4: Resume ranking & predictions

Prediction on new resumes

The trained model is used for prediction on new
resumes. The pickle files “logistic_regression.pkl” and “vec-
torizer.pkl” are loaded. The CSV files containing parsed
skills, experience level, education, and match labels (true
labels) of 348 students is also loaded by the bot. After this,
the pre-trained LR model predicts each resume for a match
(1) or no match (0).

Skill gap analysis

This module determines missing and matching skills by
assessing an applicant’s abilities with a job description. The
candidate’s skills and the required job skills are represented
by sets. Missing skills are calculated using the set difference
(-). The set intersection (&) is used to find the common
skills between the candidate and the job.

Ranking resumes

The calculate_scores() module evaluates each resume by
computing a composite matching score derived from three
primary metrics, skills, experience, and education. For skills,
a 60% similarity threshold is applied, and only those match-
ing or exceeding this threshold contribute positively to the
score. The candidate’s experience score is determined by cal-
culating the ratio between the required job experience and
candidate’s experience, which is subsequently normalized
to 1. A value of 1 is assigned to the education score, if the
candidate’s qualification exactly matches the job require-
ment; otherwise a value of 0 is assigned. A weighted scoring
mechanism is used to rank resumes by assigning weights of

30% to experience, 50% to skills, and 20% to education. The
resulting sum produces a ranking score, where 1 indicates a
perfect match across all criteria. Finally, the scored results,
along with missing and matched skills, are stored in the file
“ranked_resumes.csv;” as shown in Figure 7a.

Step 5: Selection, recommendations and feedbacks

The bot sends email notifications to candidates with a
score of 1. The authenticate_gmail() module is used to obtain
credentials for accessing the Gmail service. Further the bot
fetches email Ids of candidates from “ranked_resumes.csv”
and sends personalized selection emails via send_emails_to_
selected_resumes() module. Filtered candidates with scores
<1 in the “ranked_resumes.csv” file are fetched to give feed-
back on missing skills. The send_email gmail() authenti-
cates using OAuth2.0 using authenticate_gmail() .

RESULTS AND DISCUSSION

This “RPA Cognitive Placement Bot” automates tra-
ditional placement processes, making them faster, more
objective, and more efficient. This Placement Bot com-
pletely automates the whole process of obtaining emails,
processing resumes and job descriptions, screening each
resume to find a selected candidate, and then sending
emails to selected and rejected prospects, without human
intervention. This Al-driven approach ensures that place-
ment processes remain up-to-date, efficient, and equitable;
promising a new alternative to traditional job placement
strategies in higher education institutions.

Placement Bot’s Training Model Evaluation

This Placement Bot is trained on 2006 resumes with 159
Job Descriptions. The LR classifier achieved 97.91% accu-
racy and the average precision, Recal and F1-Score is 0.98.
The confusion matrix depicted in Figure 8 shows that True
Positive (TP) =471, which means that 471 resumes were
correctly classified as selected. True Negative (TN) =1493,
means that 1493 resumes are correctly classified as rejected.
False Positive (FP) =26 means 26 resumes were mistakenly
classified as selected when they should have been rejected.

candidate_id missing_skills matching_skills i::]::::“ce ::;cc;tion_ email score
ANIMESH KUMAR DUBEY.pdf|{'sql', '‘communication skills'} {java', 'c', 'python'} TRUE TRUE animeshkdji@gmail.com 1
Akeel Ahmad.pdf {'communication skills', 'python’} [{'sql', ‘java’, 'c'} TRUE TRUE akeel21m0141196@abes.ac.in |1
Ashruti Srivastava.pdf {'communication skills'} {'sql', java', ', 'python'} |TRUE TRUE ashrutisrivastava20@gmail.com |1
Divyanshu Varshney.pdf {'communication skills'} {'sql', Yjava’, 'c', 'python'} |TRUE TRUE dbyan8859(@gmail.com 1
Vikash Singh.pdf {'communication skills'} {'sql', 'java’, '¢', 'python'} |TRUE TRUE sahilsingh11012002@gmail.com |1
Harshit kumar.pdf {'communication skills'} {'sql', ‘java', ', 'python'} |TRUE TRUE harshitlucky11@gmail.com 1
Saurabh Saroha.pdf {'java’, 'communication skills'} {'sql', 'c’, 'python'} TRUE TRUE saurabh.22m0141056@abes.ac.in (1
Akshay Kumar Resume.pdf {'communication skills'} {'sql', 'java', 'c', 'python'} |TRUE TRUE akshaykumar.uk18@gmail.com |1

Figure 7. Output of the resume ranking module stored as “ranked_resumes.csv” file.
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Trained Model Confusion Matrix

True Label
No Match(0)

Match(1)

No Match(O) Match(1)
Predicted Label

Figure 8. Confusion matrix showing the performance of
the prained logistic regression classifier.

False Negative (FN) =16 means 16 resumes were mistakenly
classified as rejected when they should have been selected.
A comprehensive comparison is conducted among ML
classifiers using Bidirectional Encoder Representations
from Transformers (BERT) embedding’s to identify the
most effective model for Job-Resume matching. BERT
substantially extends matching accuracy by acquiring con-
textual semantics, understanding how education, experi-
ence, and skills fit together within context. Specifically, the
semantic embeddings for resume and job description texts
are extracted using thebert-base-nli-mean-tokens’ model
from the SBERT family. Each resume and job description
is represented through a structed integration of skills,

experience, and education. The preprocessed text is subse-
quently passed through the SBERT model, which generates
a 768-dimensional dense vector representations , denoted
by x_bert, for each resume.

The variable x_bert is used as the input feature set for
Machine Learning Models such as Logistic Regression and
Support Vector Machine (SVM). In the resume classification
process, match = 1 indicates that the resume is predicted as
selected, whereas a match = 0 indicates that the resumes is
predicted to be rejected. When a new resume is provided, the
model predicts candidate selection or rejection based on its
representation in the BERT embedding space.

The SBERT-derived x_bert embeddings are assessed
using various Machine Learning models, including Logistic
Regression (LR), Random Forest, K-Nearest Neighbors
(KNN), Support Vector Machine (SVM), Gradient Boosting
(XGBoost), and Naive Bayes (NB). Among these models,
LR achieved the highest F1 score of 0.9881, as shown in
Table 2 and Figure 9. The tree-based Random Forest, dis-
tance-based KNN and NB models achieved comparatively
lower F1-Scores. Whereas SVM and XGBoost achieved F1
scores above 0.95. These results indicate that linear classi-
fiers achieve higher accuracy, when integrated with BERT-
based semantic features for job-resume matching systems.

Figure 9 presents a comparison of evaluation metrics
such as Accuracy, Precision, Recall, and F1-Score across
multiple ML classifiers applied to the job resume matching
problem using SBERT embeddings.

Table 2. Performance comparison of ML Models using SBERT

Model Configuration Accuracy Precision Recall F1-Score
Logistic Regression 0.9880 0.9884 0.9880 0.9881
Support Vector Machine (SVM) 0.9566 0.9624 0.9566 0.9577
XGBoost 0.9551 0.9555 0.9551 0.9552
Random Forest 0.9382 0.9388 0.9382 0.9363
KNN 0.8579 0.8551 0.8579 0.8556
Naive Bayes 0.7333 0.8499 0.7333 0.7521
_ 120

% 100 -

% % i W Accuracy

S 60

g 40 - M Precision

E 20 ™ Recall

S 0 -

5 (R SVM  XGBoost Random KNN  Naive ™ Fi-Score

Forest Bayes

Machine Learning(ML) Models

Figure 9. Comparison of evaluation metrics for ML models using SBERT.
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Placement Bot’s Testing Model Evaluation

The Placement Bot was tested on 348 resumes using a
Logistic Regression classifier, achieving high classification
performance. Table 3 summarizes the values of all evalua-
tion metrics.

The confusion matrix in Figure 10 (a) illustrates the clas-
sification outcomes in detail. The precision-recall trade-off
shown in Figure 6(b) highlights the balance between false
positives(FP) and false negatives(FN), with an accuracy
of 0.99, recall of 0.97, and F1-score of 0.98. Figure 10 (b)
presents the confusion matrix results, where True Positive
(TP) = 66, indicate that 66 resumes were correctly classified
as selected, while True Negative (TN) =279 shows that 279
resumes were properly predicted as rejected. False Positive
(FP) =1 represents one resume incorrectly predicted as
selected instead of rejected, whereas False Negative (FN) =2
indicate two resumes that were incorrectly rejected despite
being relevant.

Table 3. Evaluation metrics

Metrics Values
Accuracy 99.14%
Recall 0.97
Precision 0.99
F1-Score 0.98

Recommendations and Feedback

The Placement Bot not only automates the
resume-matching process, but also sends personalised feed-
back letters to rejected candidates that highlight their skill
gaps. Selected candidates will be sent automated congrat-
ulatory emails. Automated emails (rather than handwrit-
ten comments) ensure that all applicants receive a timely
response and thereby reducing ambiguity and enhancing
the overall candidate experience. The bot helps candidates
to identify missing skills and competencies so that they can
improve their resume profiles and be better prepared for

Confusion Matrix with Combined Labels

= - 250

€ ™ FP
- 279 1 - 200
T =
£z O
s 2 - 150
g e

= - 100
iy~ FN

5 -

= 2 - 50

=

No Match (0) Match (1)

Predicted Label

Figure 10 (a). Confusion matrix of the prediction model.

future resume submissions and job applications. Figure
11 depicts the selection emails sent to the candidates, who
achieved a matching score of 1. Figure 12 shows the rejec-
tion and recommendation emails sent to the candidates
who were not selected due to obtaining a matching score
of below 1.

The automated Placement Bot changes the way man-
ual processes performed by placement officers in Higher
Education Institutions (HEIs). The proposed Placement
Bot mimics human-like intelligence and exhibits cognitve
capabilities such as strategic thinking, pattern recogni-
tion, learning, evaluation, and communication, thereby
enhancing the way conventional automation tools work.
The current study offers precision and objectivity by bridg-
ing the gap between automated and human-like placement
processes. To understand the practical relevance of the
automated placement bot, a dataset comprising final-year
students of ABES Engineering College, Ghaziabad, India
was used. Although the dataset did not include resumes
of all the final year students, currently seeking placement
assistance, the preliminary study verified the reliable per-
formance of the bot under current HEI conditions and
extends its viability in automated placement assistance.
Consent to use their personal information such as name,
email, experience and skill set was obtained from all par-
ticipating students during the study. The prototype system
retrieved such personal information solely for illustration
and testing purposes. However, if the bot is deployed in a
real-world environment, the system must acquire proper
explicit user consent for resume processing and commu-
nication activities. Throughout the study, personal infor-
mation was handled ethically and strict measures were
implemented to ensure data safeguarding.

Furthermore, no information apart from students’
personal details, such as phone numbers, email, skills,
experience, education and gender was used. Resumes in
non-conventional formats, such as screenshots, scanned
PDFs, and PDFs converted to Word documents, introduce
inconsistencies during NLP processing and are compar-
atively more challenging for the automated processing.

Precision-Recall Tradeoff

1.0 e T S L R S

0.6 T
2 !
A |
0.4 '
|
1
i
i
0.2 ‘
=== Precision
Recall
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Threshold

Precision: ©.99, Recall: ©.97, F1 Score: 0.98

Figure 10 (b). Precision-recall trade-off.
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Inbox x

Congratulations! You've Been Selected

Dear Candidate,

Placement Team
placement.team@example.com v

tome v

* €

Thu, Jan 30, 12:53 PM

We are pleased to inform you that you have been selected for the next round for the position

of Software Engineer.

Please respond to this email if you have any questions.

Best regards,
Placement Team

Figure 11. Selection email sent to Khadija Razvi.

Feedback on Your Application inbox x

Placement Team
placement.team@example.com v

tome v

Dear Candidate,

Thank you for applying for the position of Software Developer — Fresher.

w €

Wed, Mar 19, 9:22 PM

To improve your chances in future applications, we recommend enhancing your

communication skills and SQL skills.

We encourage you to work on these areas and reapply in the future.

Best regards,
Placement Team

Figure 12. Feedback email sent to Sahil Kapil with missing skills.

Text-based resumes allow smooth processing, whereas
resumes contaning graphical elements such as icons,
images, signature, tables often hinder NLP parsing, poten-
tially leading to inaccurate information extraction. In
such cases, there is a chance of inaccurate extraction of
skills, education, or experience, which further affects ML
model training and testing. Aditionally, the use of Optical
Character Recognition (OCR) for unstructured resumes
(resumes with screenshots and scanned PDFs or graphical
elements) can further reduce parsing accuracy, as it intro-
duces extra noise into the extracted text. These limitations
can cause the rejection of candidates who do not follow
the standard resume format. Apart from the test dataset
consisting of only 348 resumes, the performance metrics
obtained from the ML models, particularly the BERT-based
models are encouraging. However, the limited sample size
may not represent real-world resume patterns. Therefore,
further validations of the trained model using larger and
more heterogeneous dataset is required to ensure the

generalizability of the proposed system. On average, the bot
requires approximately 0.5-0.7 seconds to for end-to-end
automation, whereas BERT-based models require approxi-
mately 1.2-1.5 seconds per resume.

Cognitive aspect of RPA placement bot
The Placement Bot uses intelligent RPA and emulates

human-like intelligence in classification, pattern recogni-
tion, strategic thingking and decision-making. These fea-
tures provide the bot with an edge over other conventional
manual approaches. This intelligent bot enables the system
to learn, reason, adapt, and provide meaningful insights to
candidates and recruiters.

a. The bot mimics the end-to-end placement activities typi-
cally performed by human recruiters, including assessing
resumes and providing job opportunities and sending
career-related recommendations. It employs a weighted
scoring mechanism that allocates 50% weight to skills,
30% to experience, and 20% to education. Based on these
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scores the bot assesses resumes, makes decisions and
rank candidates according to their weighted scores.

b. The bot sends recommendation emails based on can-
didate rankings, explaining why a particular candidate
has been selected or rejected. Based on the candi-
dates’” scores, it sends personalized selection or rejec-
tion emails. It mimics a human recruiter by providing
feedback in a logical and efficient manner. Moreover
it informs candidates about their skill gaps, which can
support their future career development and enhance
their employability.

c. The bot acts dynamically by retrieving current jobs
opportunities through the continuous updating of
job descriptions and resume datasets. It also supports
recruiters by utilizing information from real-time job
market platforms such as LinkedIn and Indeed, to pro-
vide more accurate and relevant recommendations.

CONCLUSION

This study proposes an RPA-based intelligent Placement
Bot designed to automate placement-related activities tra-
ditionally carried out by placement officers in Higher
Education Institutions (HEIs). The system integrates tech-
nologies such as Selenium-based AI web scraping, spaCy’s
Named Entity Recognition (NER), Python RPA frame-
works, and machine learning models to construct an auto-
mated placement pipeline. The dataset comprises 159 job
descriptions scraped from LinkedIn and Indeed, with 2,006
resumes used for training and 348 samples reserved for
testing. The developed bot attained an overall accuracy of
99.14%, with precision and recall values of 0.99 and 0.97,
respectively. Its performance outperformed the previous
reported approaches based on LDA (82%), SVM (94%) and
decision tree (94%) . The results indicate that the proposed
system has the potential to standardize the placement pro-
cess and improve the accuracy of job-resume matching in
Higher Education Institutions (HEIs).

The proposed RPA-based virtual bot has some limita-
tions that may affect its overall performance and applicabil-
ity. Variations in resume structure, formatting and quality
affect the accuracy of information extraction. Infographic
style resumes and image-based PDF documents are par-
ticularly challenging to conventional text-based extraction
approaches. In addition, resumes that are sent as scanned
images or screenshots have to be processed through Optical
Character Recognition (OCR) that can cause recognition
errors because of low image resolution, inconsistent font
styles and complex document layouts. The dependencies
on OCR can also lead to inconsistencies in parsing, par-
ticularly with non-standard fonts or degraded input qual-
ity. The current study is evaluated on a dataset of 2,006
resumes with 348 test samples. However, large scale deploy-
ment in Higher Education Institution (HEI) environments
would require further considerations such as infrastruc-
ture optimization, distributed processing architectures and

batch-parallel processing strategies to ensure efficiency,
scalability, and robustness.

Ethical considerations were strictly followed throughout
the study. Explicit consent was obtained from all participat-
ing students before collecting their resumes for this institu-
tional pilot study. No personal information was shared os
dissemincated across any platforms, ensuring privacy and
confidentiality of all participants. In addition, the system
fetches job descriptions from third-party platforms such
as LinkedIn and Indeed. Consequently, the bot’s workflow
may be disrupted by changes in the user interfaces, API’s
or underlying website structures of these platforms. Such
dynamic changes require continuous maintenance and reg-
ular software updates to ensure system reliability. Although
the proposed placement bot does not directly employs an
Explainable Artificial Intelligence (XAI) framework, its
architecture includes inherently interpretable components
such as skill-experience-education-based scoring and
rule-based feature extraction mechanisms. Future work
may involve the integration of XAI techniques such as
SHAP and LIME to enhance interpretability, transparency,
explainibility.
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