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Abstract: Data mining involves extracting valuable
insights from raw data, which is then organized into a
useful format. Techniques such as prediction,
classification, clustering, and rule mining enable
businesses to make proactive decisions based on data
that would be cumbersome to process manually.
Ontology, the process of extracting useful information
from extensive data sources, has become a key area of
research, particularly in the context of the semantic web.
One emerging challenge is Multiple Choice Question
(MCQ) generation, which requires creating questions
from given phrases or text. Traditional models using
Long Short-Term Memory (LSTM) networks faced
limitations, including issues like the vanishing gradient
problem and suboptimal accuracy with large datasets.
To address these issues, the proposed On toque system
employs the Google BERT model, a Deep Learning NLP
tool capable of handling extensive text and generating
MCQs dynamically. Evaluated using the Stanford
Question Answering Dataset, which includes over
100,000 questions from SQuAD1.1 and 50,000
adversarial written unanswerable questions, OntoQue
demonstrated the ability to accurately generate MCQs
from various text summaries, surpassing previous
models in performance.
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BERT, Long Short-Term Memory, Vanishing Gradient
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I. INTRODUCTION

Ontology serve as advanced knowledge representation
models, fueling the development of intelligent
applications, particularly within the Semantic Web
domain. A notable application is ontology-based
question generation (QG), a subset of artificial
intelligence focused on creating multiple choice
questions (MCQs). MCQs are valuable for assessing
learners' achievements, yet crafting them manually is

often labor-intensive and challenging. While
ontology-based systems have shown promise in
generating MCQs, their effectiveness in educational
contexts remains underexplored. This paper evaluates
the performance of such systems, specifically On
toque, an ontology-based MCQ generation tool. On
toque is designed to automate the creation of
assessment items using domain-specific ontology’s,
offering flexibility across various subjects and proving
accessible for research purposes.

1.1 Existing system

In the existing system there was no proper method to
identify the words from the summary and find out the
question, answers and generate best MCQs for that
input string All the existing approaches are best in
training a text data which is smaller in size and
accurate in generating the MCQ from that pre-defined
trained data. But no method is having ability to test the
text summary dynamically based on any topic despite
of taking pre-defined summary. The following are the
main limitations in the existing system.

1.1.1 Challenges

* In accurate Results

* There is a vanishing gradient problem in the existing
methods

* The existing method LSTM is not efficient to
generate MCQ for large data.

* This is not accurate to test on dynamic inputs that is
train data and test strings with different data is not
supported in the LSTM.

1.2 Proposed system

The proposed Google BERT is having no problem and
this can hold millions of words in order to check the
summary and generate the Question and Answers
along with MCQs dynamically. For testing the
proposed application we try to use Stanford question
answering dataset, in which the data set combines
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more than 100,000 questions in SQUAD1.1 with over
50,000 unanswerable questions written adversarial by
crowd workers to look similar to answerable ones. The
proposed model can accurately train with this dataset
and this can try to generate the desired result for any
type of text summary which we try to enter for the
system. The following are the advantages of the
proposed model like

ADVANTAGES OF PROPOSED SYSTEM

* By using the proposed deep learning model Google
BERT we can able to generate MCQs accurately for
large data.

* [t generate very accurate result

* [t is less time complexity

* There is no vanishing gradient problem in the
proposed Google Bert Model.

* This is very efficient in searching dynamic
summaries | .e Test and Train data may not besame.

2.LITERATUREREVIEW

Ontology-based multiple choice question (MCQ)
generation systems, utilizing domain ontologies for
automated question creation, have made strides in
reducing manual effort and enhancing question
quality. Despite their advancements, these systems
face challenges, particularly with traditional models
like Long Short-Term Memory (LSTM) networks,
which struggle with issues such as the vanishing
gradient problem and limited adaptability to diverse
text inputs. The introduction of Google BERT has
addressed many of these limitations, offering
improved context understanding and handling of
extensive vocabulary. BERT’s ability to dynamically
generate MCQs from large datasets, such as the
Stanford Question Answering Dataset (SQUAD),
demonstrates its potential to overcome the rigidity of
previous systems. However, there is a need for
systematic evaluation of these new systems to ensure
their pedagogical effectiveness. Ongoing research
should focus on refining these tools to better meet
educational standards and improve their versatility
across different domains.

System Design
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Fig.2.1 System Architecture
3. METHODOLOGY

Implementation is the stage where the theoretical
design is converted into programmatically manner. In
this stage we will divide the application into a number
of modules and then coded for deployment. The front
end of the application takes Google Collaborator and
as a Back-End Data base we took Stanford dataset.
Here we are using Python as Programming Language
to implement the current application. The applications
divided mainly into following 5 modules. They are as
follows:

» MCQs are generated from text

I Load Dataset I

}Data an:Proccssi:n%

~J

BERT Summarizer
is apphed

Text is divided into
Parts

~1
| MCQ Generated from |

the text

Flowchart of the Technique
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IMPORTING ALL NECESSARY LIBRARIES

From the Below pseudo code we can see all the
libraries which are required for MCQ generation is
imported and we can see BERT and natural Language
Tool Kit (NLTK) are also imported. Here from the
NLTK library we are going to import two main

INPUT DATA

methods like Stop words and popular, which are two
efficient methods to remove the stopwords and find
out the most useful and popular words which are
present in the given phrase. Here BERT library is used
for summarizing the text from the given phrase or
sentence.

Ipip install gensim

o Ipip install git+https://github.com/boudinfl/pke.git

Ipython -m spacy download en

Ipip install -U spacy
Ipip install -U nltk
Ipip install -U pywsd

Ipip install flashtext
import nltk
nltk.download('stopwords')
nltk.download( 'popular')

Importing text data

° from google.colab import files
files.upload()

[ No file chosen

Please rerun this cell to enable.
Saving Greeks.txt to Greeks (1).txt

Ipip install bert-extractive-summarizer --upgrade --force-reinstall
# lpip install spacy==2.1.3 --upgrade --force-reinstall

#Python Implementations of Word Sense Disambiguation
#FlashText is a Python library created specifically for the purpose of searching

Upload widget is only available when the cell has been executed in the current browser session.

{"Greeks.txt': b'The Greek historian knew what he was talking about. The Nile River fed Egyptian civilization f

From the above figure we can clearly see that user try to browse a text data with name Greeks.txt from the Desktop.
Now the file is uploaded into the drive and now we can able to read the content present in that input file.

° I1s

"Greeks (1).txt'

sample_data

Now we can see the file is loaded successful
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° from summarizer import Summarizer
f = open("Greeks.txt","r") # enter the name of file to read
full text = f.read()
model = Summarizer()
result = model(full text, min length=60, max length = 500 , ratio = 0.4)
summarized text = '',join(result)

summarized text

BERT SUMMARIZER IS APPLIED
Here we try to apply the BERT summarizer method and find out the MCQs for that givenphrase

TEXT IS DIVIDED INTO PARTS

[*The Nile River fed Egyptian civilization for hundreds of years.',
‘It begins near the equator in Africa and flows north to the Mediterranean Sea.',
‘A delta is an area near a river’s mouth where the water deposits fine so0il called silt.’,
'This so0il was fertile, which means it was good for growing crops.’,
‘The red land was the barren desert beyond the fertile region.’,
‘When the birds arrived, the annual flood waters would soon follow."®,
‘Then they used a tool called a shaduf to spread the water across the fields.',
‘These innovative, or new, techniques gave them more farmland.’,
"They were the first to grind wheat into flour and to mix the flour with yeast and water to make dough rise in
‘Egyptians often painted walls white to reflect the blazing heat.’,
"Poorer Egyptians simply went to the roof to cool off after sunset.”’,
"Even during the cool season, chipping minerals out of the rock was miserable work.',
‘One ancient painting even shows a man ready to hit a catfish with a wooden hammer.’,
‘A boomerang is a curved stick that returns to the person who threw it.)’,
‘The river’s current was slow, so boaters used paddles to go faster when they traveled north with the current.

From the above figure we can clearly see that input data is divided into meaningful sentences and now we can generate
the MCQs and their corresponding options from this input phrase.

OUTPUT:
C+
MOQ GENLBATION FROM TEXT
L
1) The Nile provided se well for that sosetimes they had surpluses, or sore goods than they reeded.

a ) Egyptians
b ) Algerian
€ ) Angalan
d ) Bantu

HMore optioni: ["Basotho', "Beninese”, "Berber®, 'Black Africon”, "Burwndion®, "Cassrooniosn®, "Carthaginiam', "Chedisn', "Chewa", 'Congaless

correct anseers is @ egyptians

2) As in mamy ancient societies, much of the knowledge of came about as priests studied the world to find ways to please the gods.
a ) Emsait
b)) Irag
€ ] Egypt
d)  Swesdi Arsbia

More options: ['Jordan®, "Isrsel’, °"Fertile Crescent”, 'Turkey®, "Iren’, "Lebanon', 'Shari', "Meuritenia®, “Migeria', 'Somali peninsula®, *
correct answers is @ oegypt

1) The provided so well for Egyptians that sosetimes they had surpluses, or sore goods than they needed.

Entebbe
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From the above figure we can see MCQs are generated from a given input. Here we can see questions along with four
options and more options are suggestions. Here at the end, we can see a clear answer for that generated MCQ

MCQ GENERATION FROM TEXT

RESULTS

OO GEWERATION FROM TEXT

. RERP PRSP RR PR PR R LR PR R PR R Rl PR PR PR R R )]

iiffidfiddiiifidifiidnidiisiidRidfidfRiiRiiRiifiidfiddRidRididisindRadfnadnad

thout people, andmals, and plants bec

s¢ these things need sunlight and to live.

The On toque system, utilizing Google BERT for
MCQ generation, achieved notable improvements in
accuracy over traditional Long Short-Term Memory
(LSTM) networks. BERT’s advanced processing
capabilities allowed On toque to handle large datasets
effectively, overcoming issues such as vanishing
gradients that hindered previous models. The system
demonstrated its ability to dynamically generate
MCQs from a variety of text summaries, adapting well
to different content inputs. Testing with the Stanford
Question Answering Dataset (Squad) confirmed On
toque’s effectiveness, with the system managing both
answerable and adversarial crafted unanswerable
questions proficiently. This indicates that On toque
can reliably generate relevant and accurate MCQs. By
automating the question creation process, On toque
significantly reduces manual effort and enhances the
quality of assessment items, proving its potential for
wide application in educational settings and beyond.

CONCLUSION

In this paper, we present On toque, an innovative
ontology-based MCQ generation system, evaluated
using the Google BERT deep learning model. Unlike
traditional Long Short-Term Memory (LSTM)
networks, which faced challenges such as vanishing
gradients and limited accuracy with large datasets, On
toque utilizes BERT’s advanced capabilities to handle
extensive vocabulary and contextual information
effectively. This allows On toque to dynamically
generate MCQs from text summaries with high
precision. Testing with the Stanford Question
Answering Dataset (Squads), which includes both
answerable and adversarial crafted unanswerable
questions, demonstrated On toque’s ability to produce
accurate and relevant MCQs. The system’s robust
performance highlights its potential as a valuable tool
for automated question generation in educational and
assessment contexts.
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FUTURE SCOPE

Building on our current focus on MCQ generation
with Google BERT, future research could expand to
evaluate and integrate various algorithms for
generating questions and answers. Exploring different
deep learning models, such as transformers beyond
BERT, or incorporating hybrid approaches that
combine multiple algorithms, could provide a
comparative analysis of their effectiveness in MCQ
generation. Additionally, investigating techniques like
reinforcement learning and transfer learning might
further enhance the system's ability to produce high-
quality, contextually relevant MCQs. Future work
could also involve developing mechanisms to
dynamically adapt to different educational domains
and subject areas, improving the system’s versatility.
Implementing these advancements has the potential to
refine automated question generation, making it a
more powerful tool for diverse educational and
assessment applications.
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