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Abstract

This paper presents a comprehensive exploration of the development process
for a neural network-based chatbot. Given the increasing popularity of neural
networks and chatbots in recent years, investigating the creation process of such
a chatbot is both pertinent and valuable.

The primary objective of this study is twofold: first, to construct an effective
chatbot, and second, to identify the most precise model for text classification.
Furthermore, the paper delves into the mathematical aspects of creating a chatbot
and provides a detailed explanation of neural networks.

The initial step in our project involved the creation of a database containing a suf-
ficient number of student questions, which were then categorized into ten distinct
categories. To achieve this, we carefully selected the ten most commonly asked
questions and generated multiple paraphrased versions of cach question. These
variations were employed for training and evaluating our models.

During the course of our research, we identified three text classification models
that proved to be the most suitable for our purposes: Multinomial Logistic Re-
eression, Naive Bayes, and Neural Network. We conducted extensive tests using
these models and documented the results in a table, providing a comprehensive
analysis of their performance.

Following the successful completion of the database collection and the identification
of the optimal text classification model, we proceeded to create the chatbot using
DialogFlow. Additionally, we integrated our chatbot into the Telegram messenger
for wider accessibility and user convenience.



Angarma

Bya mucceprauussibik x<yMpIcTa 613 HefPOHIBI XKeJlijiep apKbLIbl )KacaJIraH YyaT
GoTTBI KYPY npoueccin cunrrtan 6epaik. Kasipri sananaa neiiponul sxestisep aen
yaT 60TTap KapPKbIHABI JaMyJa, COHABIKTaH Gy JKyMBIC ©3eKTi e CaHAIMbI3.

Byn »KYMBICTbIH MaKCATbl CTYACHTTCPICH XKHi KOHBLIATBHIH CYPAKTapra Kayar
GepeTin OOTTBI KYDPAcTBIPY, KoHE eH THIMI]I TeKCT KiaaccH(UKALMANAY MOIEJiH
anbiKTay. Bymam 6erex, 6i3 60T KypacThipy Men HelffpoHApl JKemilepain MaTeMa-
THKAJIBIK YKAFbIH AIIBII GastHAAIBIK.

Bipinui TancelpMaMbl3 MaJleMeTTep KOPLII KYPbII, col KOPAArbl CypaKTapabl
10 xareropusra 6emny 6oaapl. Byn makcarTbiMbisra skeTy yiunid 6i3 cTyaeHTTepAeH
eH xxui kesetin 10 cypak Tanzaapik. MoJsiMerTep KOpbIH apTTBLIPY MaKCATHIHIA,
Gepisiren cypaxrapra yKcac <aHa cypakrap KypacTbIpAblK. Engi 6yn kopast Kou-
JIAHBII TEKCT KIACCH(HKALUANTAY MOACIACPIH OKBITHII, TCCTLACYre GOMaIbI. 2Ky-
MbIC 6apPBICHIHABI 6i3 YIUIH eH BIHFal/bl KeJlecl yil MoAe b TaHaaaeik: Multinomial
Logistic regression, Naive Bayes, Neural Network. 2Kome Tecriney uoTikenepi

KOPCCTIIFCH KCCTC KYPACTLIPALIK.
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AnHoTanug

Ilenbio paboTel ABIAETCS co3jaHue yaT 60Ta, a Tak »e BblfBJeHIe Hanbojee
TO4HOM MOZenn Knaccudukanuu Tekcra. IIOMHMO 3TOTO, MBI OMIICATN MATEMATH-
4ecKyl0 YacCThb CO3JaHHA 4aT 60Ta U HeHPOHHBIX ceTeil.

Ilepsas 3anata Gplna cosganue 6a3nbl JANHLIX C HCOBXOMIMBIM KOJTHYICCTBOM BO-
IIPOCOB CTYJEHTOB, KOTOpble Obun pasgeneHbl Ha 10 kareropuu. st 3TOro Ml
Bbibpanu 10 Haubojlee MOMYISPHLIX BOIPOCOB I 3aHATMCh PA3HBIMH BapHAHTAMU
nepedppa3sHpoBaHHasA JAHHBIX BOIPOCOB AJis OOY4CHHS M TCCTA HAIIMX MOJICIIH.
B xome paboThbl MbI BBIACHHIIHN, YTO Hanbojlee MOAXOMAUMMH IS HAC MOZIEISIMH
kiaccudukauun Tekcra apnaaores: Multinomial Logistic regression, Naive Bayes,
Neural Network. W npemocraBunu Tabiuiy ¢ TecTamu M Pe3yJbTaTAMH KaX ol
MO/IEJIH.

[Tocne cbopa Heobxomunmoil 6a3bl JaHHLIX, BbIABACHHs Haubosce 3¢deKTUBHOI
MOJEeNH KJIacCH(MUKALMH TeKCTa Mbl NPHCTYMIIM K CO3JAHHIO 4aT 60Ta depes
DialogFlow. A Tax e uHTerpHpoBaJM Hauero 4ar 6ota B Meccenmxep Terne-

rpaMM.
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Chapter 1

Introduction

Modern schooling is incorporating cutting-edge technology like machine learning
and artificial intelligence (AI), which include chatbots. The term "chatbot" origi-
nates from the fusion of "chat," denoting conversational interaction, and "bot," a
concise form derived from "robot" [7]. Chatbots are software applications that use
text-based or text-to-speech interfaces to interact with one or more people. Chat-
bots mimic human communication by conversing. It can get information, process
data, customise replies, book restaurants, and even have informal conversations.
Typically, chatbots leverage natural language processing techniques, enabling them
to understand and generate human-like responses [11]. While they primarily rely
on textual interactions, there are variations where structured exchanges resembling
spoken language are employed, albeit with certain limitations. Alternatively, chat-
bots can operate using decision trees or be guided by artificial intelligence [5]. In
advanced scenarios, chatbots can go beyond conventional database searches for
predefined answers, instead employing vast repositories of previous conversations
to autonomously generate contextually appropriate responses for users [5]. The
primary objective of chatbots is to engage in conversational interactions, aiming
to simulate ordinary human communication as closely as possible. They perform
a wide array of tasks, such as information retrieval, data processing, adapting con-
tent to user preferences, responding to emails, making restaurant reservations, and
even engaging in casual conversation.

An alternative approach to chatbot development involves the utilization of deci-
sion trees or the implementation of artificial intelligence (Al) algorithms for control
[5]. In the most advanced scenarios, chatbots go beyond the traditional method
of searching pre-existing databases for known answers. Instead, they engage in
self-communication, drawing upon extensive collections of past conversations as
their found:tion. Through this process, chatbots leverage the acquired knowl-
edge to generate contextually appropriate responses for users. This sophisticated
approach allows chatbots to adapt and evolve their conversational abilities by
learning from previous interactions, resulting in more dynamic and personalized
interactions with users [7]. By relying on decision trees or Al-based {rameworks,
chatbots can enhance their performance and provide more advanced and intelligent



responses.

In the present day, individuals maintain constant interaction with technology
to access a diverse array of services. Among the most convenient methods is the
utilization of automated service delivery processes. This includes self-service ticket
offices, online shopping platforms, and various other applications. Additionally,
there exists a streamlined automated process through which users can promptly
obtain the required information, typically with high accuracy and without the need
for direct engagement with a human agent.

This efficient mechanism is made possible through the use of chatbots. These
intelligent virtual assistants enable users to swiftly access relevant information,
often receiving precise responses without the necessity of interacting with a real
person [2]. Chatbots serve as efficient intermediaries, providing instant and ac-
curate assistance to users in a wide range of tasks, from information retrieval to
transactional processes. By reducing dependence on human involvement, these au-
tomated systems enhance convenience and accessibility, enabling users to obtain
the services they require promptly and efficiently. And this process is provided
to us by chatbots. Chathots make it possible to minimize the human factor and
thereby improve the quality of service or provision of services.

The integration of bots into systems has led to significant transformation in
various processes enhancing the overall user experience, egov.Kz with its efficient
system including Telegram Bot has made administrative procedures less burden-
some by making it possible for users to obtain certificates or documents within
just a few minutes instead of wasting several hours. In addition, online banking
platforms such as the Kaspi guide have significantly transformed how people access
information on financial services.They are now able to perform various transac-
tions more efficiently with the help of bots providing real-time information and
assistance in banking transactions, whith has never been easier or quicker.

In addition, integrating chatbots into online platforms has become much more
common with their ability to provide quick help and support for users [5]. The
main objective of developing these chatbots is to offer quick assistance in addressing
queries and ensuring a seamless user experience.

Language models like ChatGPT have broadened the range of possibilities when
it comes to designing advanced hots, and interactive communication is made pos-
sible through the use of chat-based application known as ChatGPT that leverages
on the potential of Conversational Al for generating text content with resemblance
to human-like writing.Natural language conversations that are more personalized
" are possible thanks to the usc of large amounts of text data by these bots, and
incorporatiny such bots can botentially revolutionize the way in which people inter-
act with modern technology. This has positive implications for improving overall
efficiency and accessibility while also increasing user satisfaction.

Also, chatbots allow you to perform operational actions. For example, detecting
errors in the code. In this article [23], the author used CHATGPT as a tool for
finding errors in the written code. In addition, he tried to anticipate errors, replace



faulty code with serviceable code, find possible code vulnerabilities, and so on. And
the author also compared the bot with other tools for detecting errors in the code.

Among the popular approaches, chatbots are commonly built using two main
principles: rule-based and neural networks [7]. Rule-based bots operate based on
predefined rules and patterns, while neural network-based bots leverage machine
learning techniques for more advanced interactions. Rule-based bots do have cer-
tain disadvantages when compared to neural network-based bots [24].

Rule-based bots are limited in their potential, as their responses are constrained
by the specific rules and patterns programmed into them. If a user asks a question
in a way that deviates from the programmed rules, the bot may struggle to provide
a relevant answer. This lack of flexibility can limit the bot’s ability to handle a
wide range of user queries [24].

Rule-based bots typically lack the capability to improve themselves, learn from
interactions, or adapt to individual users. Their responses are predefined and fixed,
lacking the ability to cvolve and refine their understanding over time. This can
hinder their effectiveness in providing personalized and contextually appropriate
responses [24].

On the other hand, neural network-based bots, such as those powered by artifi-
cial intelligence and machine learning, can offer more advanced capabilities. These
bots can lecarn from data and user interactions, cnabling them to adapt and im-
prove their performance over time. They can understand nuances in user queries
and generate more accurate and contextually relevant responses. Bots based on
neural networks arc sclf-lcarning, adaptable to different requests, understand the
context, have their own personal vocabulary and can develop it. Advanced versions
of bots can also save an archive of correspondence with the user, making the work
more convenient and efficient. For exaqple, a ChatGPT bot, which, depending on
the dialogues with it, can provide different answers [13].

Overall, while rule-based bots have their limitations, neural network-based bots
provide greater potential for dynamic and intelligent conversational expericnces.
They can learn, adapt, and continuously enhance their abilities, leading to more
effective and personalized interactions with users.

The purpose of this dissertation is to create an effective chatbot capable of
answering students’ questions ahout the university and the student life of the
university. I think this is an actual problem, because sometimes you have to wait
for weeks to get a response to your request. After all, the adviser is loaded for
students. And being a freshman without answers is very hard. The chatbot that
we will create will be based on neural networks and integrated in telegram, and
we will be uble to train it to answer the most popular questions of students,

Why we choose Telegram? In this article [25] author compared telegram, What-
sApp and Viber. Author compared this three messangers in four criteria: general
information. users, contacts and security. In general information we got these re-
sults: WhatsApp 4,4, Telegramm 4/4 and Viber 2/4. In users we got: WhatsApp
1/4, Telegram 4/4 and Viber 0/4. From the contacts results was: W hatsApp 2/4,



Télegram 4/4 and Viber 1/4. And security results: WhatsApp 2/3, Telegram 3/ 3,
Viber 0/3. Afterall here the results: Whatsapp got 9 points, Telegram 15 and
Viber 3. So this shows us why Telegram is better.

In addition, we will describe the math part of chat bot creation. We will talk
about what math formulas, theorems and etc. is behind text classifications models
like Naive Bayes, Logsitic Regression, Neural network [8].



Chapter 2

Literature review

2.1 History of artificial intellegence

Can machines think? In 1950, Alan Turing asked this question in his article
"Computing machincry and intelligence", and since then there have been many
attempts to answer it in research in the field of artificial intelligence, including
research related to chatbots [26].

The development of chatbot technology began in the 1960s. Joseph Weizen-
baum, a professor at the Massachusetts Institute of Technology, developed the
Eliza chatbot, which imitated a paticnt’s dialogue with a psychotherapist [19].
Eliza’s communication with the interlocutor was rather primitive: the program
studied the user’s message, identified keywords and, based on the found keyword,
transformed the message, basically simply paraphrasing the uscr’s message. If
Eliza did not find a keyword in the database, she either gave a general answer or
repeated one of the previous messages. Such poor "communication" was due to a
lack of memory for storing previous conversations, the limitations of the database,
as well as the limitations of methods that allow identifying keywords and combin-
ing them, structuring the chatbot’s knowledge using decision trees and pre-existing
scenarios created by developers.

Nevertheless, the principles used in Eliza provided the basis for determining
the structure of the following chatbots: this is the presence of keywords, specific
phrases and pre-programmed answers [19).

As for the term "chatbot" ("ChatterBot"), it was introduced by Michael Mauldin
in 1994 to describe such dialog programs [15].

An impertant milestone in the history of chatbots was the appearance in 1995 of
the chatbot Alice (A.LLC.E. - Artificial Linguistic Internet Compiter Entity - ar-
tificial linguistic Internet computer being), developed by Richard Wallace. Unlike
Eliza, Alice could enter into a dialogue with a human by applying some heuristic
rules of natural language brocessing, comparing expressions with samples. The
program was open source, and based on the chatbot A.L.I.C.E. developers could



create their own chatbots using AIML (Artificial Intelligence Markup Language)
[1].

Another chatbot whose appearance played an important role in the development
of technology was Jabberwacky, created in 1988 by British programmer Rollo Car-
penter and launched on the Internet in 1997 [6]. The stated goal of this project
was to create an artificial intelligence capable of passing the Turing test. Jabber-
wocky was designed to simulate a natural human conversation in an interesting,
entertaining and humorous manner. Unlike more traditional artificial intelligence
programs, the technology used in Jabberwacky was intended for entertainment,
and not for use in computer support systems .

Another interesting chatbot— Mitsuku, was created using AIML technology
by Steve Worswick [4]. The developer claims that this is an 18-year-old female
chatbot from Leeds, England. The Mitsuku database contains all of Alice’s AIML
files, with a lot of additions from user conversations. The chatbot is always in
the process of working. Mitsuku’s intelligence includes the ability to reason in
application to specific objects. For example, if someone asks: "Can you eat the
whole house?", Mitsuku searches for properties for the "house" and answers, "No,"
since the house is not edible. She can play games and do various "tricks" at the
request of the user. In 2015, she communicated on average more than a quarter
of a million times a day [16].

The development of chatbot technology can be divided into three main stages
[17], each representing significant advancements and capabilities:

o The first stage, which occurred in the 1970s and 1980s, marked the begin-
ning of research into creating natural language interfaces. However, during
this period, the interfaces were limited in their ability to simulate conversa-
tions between two people. The fdcus was on exploring the possibilities and
limitations of natural language processing and understanding;

e The sccond stage coincided with the popularization of the Internet. With the
advent of the Internet and its widespread adoption, conversations multiplied,
and it became possible to communicate with a large number of users simul-
tancously. This level saw the emergence of chatbots that might interact with
heaps of customers simultaneously, catering to their queries and providing
records or assistance;

e In the third stage, chatbots have advanced to include a aggregate of advanced
technologies. herbal language processing and expertise capabilities have ad-
vanced, permitting chatbots to have greater sophisticated and context-aware
conve-sations. additionally, advancements in speech synthesis have enabled
chatbots to communicate through spoken language. furthermore, the com-
bination of real-time video capabilitics has superior the interactive and im-
mersive revel in of chatbot interactions. The 1/3-level chatbots leverage a
combination of natural language technologies, speech synthesis, and actual-
time video to offer customers with extra flexible and attractive stories. they
are able to understand and reply to customers’ queries in real-time, at the
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same time as additionally incorporating multimedia factors like speech and
video to complement the interaction.

The evolution of chathot technology has progressed from simulating basic con-
versations to facilitating widespread online interactions, and finally to the integra-
tion of advanced features such as natural language processing, speech synthesis,
and real-time video, enabling more immersive and dynamic chatbot experiences.

2.2 Main components and types of chatbots

A chatbot must have the following main components [10] in order for a dialogue
to take place between it and a person:

o conversational artificial intelligence is the basis of chatbots, thanks to it
all the control and processing of natural language expressions takes place.
The first chatbots only recognized patterns and rules and interpreted them.
Modern advanced chatbots use deep learning processes to analyze a person’s
speech, study previous conversations and compose the most appropriate re-
spouse;

o database of previous conversations: a database of previous conversations
allows chatbots to create optimal versions of answers, ensuring a natural, in-
telligent, and consistent conversation. By leveraging historical data, chatbots
can learn from past interactions and improve their conversational abilities
over time;

o interface: The interface serves as a way of interaction between a person
and a chatbot. Therefore, the interface should be intuitive, meaningful and
convenient. The interface allows you to interact with the chatbot verbally
or in writing. A

o understanding the dialogue: in order for the chat bot to correctly and cor-
rectly answer the question, the bot must be able to understand the context
of the question. In other words, the bot needs to understand the user’s in-
tention at least a little. The chatbot needs to understand "Why I am being
asked this or that question, and what they want to hear from me." To achieve
this goal, it is necessary to use NLP technology, response generation and Al

By incorporating these components, a chatbot can engage in effective and mean-
ingful dialogues with users. Conversational artificial intelligence provides the foun-
dation for processing natural language, while a database of previous conversations
helps maintain consistency. The user interface enables seamless interaction, and
the combination of natural language processing, speech recognition, response gen-
eration, and artificial intelligence enables the chatbot to interpret user intent and
generate appropriate responses.

From this article [7] we know that based on user experience with chatbots,
chatbots can be divided into the following categories:



o Menu/Buttou-based Chatbots: This type of chatbot is the easiest to create
and use. It typically consists of a vertical menu with different buttons. The
functionality of the chatbot is limited to what the creator has programmed.
It may not be capable of handling complex or unusual tasks and is primarily
suitable for simple intcractions;

o Keyword Recognition-Based Chatbots: These chatbots utilize artificial in-
telligence techniques. Initially, the chatbot familiarizes itself with the data
provided by the user. Then, using various algorithms, the chatbot identifies
and highlights keywords from the user’s query. Based on these keywords, the
chatbot formulates a response. However, if there is an excessive number of
keywords within a single sentence, the chatbot may not interpret the query
correctly;

o Contextual Chatbots: This type represents the most advanced category of
chatbots available today. Contextual chatbots leverage machine learning and
artificial intelligence technologies. Their primary objcctive is to understand
the user’s intention when asking a question and provide an appropriate re-
sponse based on that understanding. These chatbots continuously learn and
improve their capabilities over time, enabling them to handle non-standard
user requests and adapt to different contexts.

These categories reflect the varying levels of sophistication and capabilities ex-
hibited by chatbots. While menu/button-based chatbots are simpler and have
limited functionality, keyword recognition-based chatbots offer more intelligence
by identifying keywords. Contextual chatbots, on the other hand, employ ad-
vanced technologies and self-learning mechanisms to understand user intent and
provide tailored responses.

2.3 Modules used by chat bots to respond to user
requests and examples

In article [5] it is clear that to work with the user’s request chatbots are use these
modules: NLP, NLU, Dialogue Manager, Data Sources, Response Generator.

Natural Language Processing (NLP) is a branch of artificial intelligence that
focuscs on the intcraction between computers and human language [5]. It involves
the processing and analysis of natural language text or speech to understand and
extract meaning from it. NLP techniques enable machines to understand, inter-
pret, and generate human language.

NLP encompasses various tasks and techniques, including:

Lemmatization: It is the process of reducing words to their base or dictionary
form, known as the lemma [5].

Lemmatization® Linguistic rules and algorithms convert each word to its lemma
hased on the part-of-speech tag. Suffixes, prefixes, and word ends determine the

hase form.



Lemmatization output: The converted words are returned as their base or
root form. Lemmatization uses language rules, stemming algorithms, and pat-
tern matching, not arithmetic. These methods use morphology and context to
determine word roots.

Because languages have various laws and structures, lemmatization is language-
dependent. Lemmatization methods and implementations differ per language.

Lemmatization docs not use formulas from mathematics. Some lemmatization
algorithms employ statistical or probabilistic models. Two common methods:

Rule-based Lemmatization [10):

Rule-based lemmatization relies on a set, of linguistic rules or patterns to trans-
form words into their base forms. These rules are often language-specific and are
created based on linguistic knowledge. While there are no mathematical formulas
involved, the rules may include regular expressions or pattern matching techniques
to identify and modify word endings or suffixes.

Example rule:
If a word ends in
the base form.
Word: cats (plural noun)
Lemma: cat

n_an T .
-s" and is tagged as a plural noun, remove the "-s" to obtain

Statistical Lemmatization [10]: Statistical lemmatization approaches leverage
statistical models, such as hidden Markov models (HMMs) or conditional random
fields (CRFs), to determine the most probable lemma for a given word. These
models are trained on annotated corpora that provide word-to-lemma mappings.
The probability of a lemma is calculated based on the obscrved frequencies of
word-lemma pairs in the training data.

Example statistical model:

P(lemmalword) = Count(word, lemma)/Count(word) (2.3.1)

This formula calculates the probability of a lemma given a word based on the
frequency counts in the training data [10].

While these examples illustrate some aspects of the computational linguistics
methods employed in lemmatization, it’s important to note that the specific algo-
rithms and formulas used can vary across implementations and languages. The fo-
cus in lemmatization is primarily on linguistic rules and statistical patterns rather
than traditional mathematical formulas.

el 1. * . 3 i .
Tokenization [5]: It involves breaking down a text into smaller units, called
tokens, such as words, phrases, or sentences. Tokenization allows for easier analysis
and manipulation of text data.

Stemming [5]: It iz a technique for reducing words to their root form by remov-
ing suffixes and prefixes. Stemming helps in reducing words to their basic form



to capture the core meaning and improve processing efliciency. From this article
we know [3] that in chatbot architecture we have natural langﬁage understanding
(NLU) methods. After the NLP stage has passed, we proceed to the NLU. This
processing process is used to work with information that has already been entered
by the user. And without NLP, this technology will not be able to be used. Because
to use NLU, it is necessary that the model can understand a person. Currently
six methods are used: classification, dialogue planning, name entity recognitionj
vector recognition with cosine similarity, lexicon and long short-term memory. |

Dialogue Manager: It is responsible for managing the flow of conversation be-
tween the chatbot and the user. The dialogue manager keeps track of the con-
versation context, maintains state, and decides appropriate actions or responses
based on the current conversation context [5].

Data Sources. After processing the information in the dialog manager, the bot
extracts it and then stores it. The database can be external and internal. Usually,

possible answers are generated at this stage [5].

Response Generator: It is responsible for generating appropriate responses
based on the input and dialogue context. The response generator can use pre-
defined templates, machine learning models, or rule-based approaches to generate
relevant and coherent responses [5].

The article [3] discusses the development of a chatbot spccifically designed to
answer questions related to the engineering field. The chatbot utilizes the Natural
Language Processing (NLP) method and is implemented using the JSON format.
One of the key advancements in this chatbot is the integration of a neural model
directly connected to the university data, which helps to address the retraining
issue. Additionally, the chatbot’s live updating capability allows for real-time
enhancements and improvements. N

To ensure usability, the chatbot is deployed on the Facebook Messenger plat-
form, where users can interact with it and receive responses within their Messenger

interface.

The performance of the chatbot was evaluated through testing conducted in
two stages [3]. In the initial stage, the accuracy of the answers was reported to
be 0.46. However, in the subsequent stage, by increasing the number of keywords
and training phrases, the accuracy improved significantly to 0.76. This highlights
the importance of having a comprehensive and diverse database to enhance the
accuracy of response predictions.

The article |3] emphasizes the significance of data collection and the direct cor-
relation be tween the quantity of data and the accuracy of the chatbot’s responses.
By gathering and incorporating more data, the accuracy of the chathot can be im-
proved. The authors of the article 3] faced a similar challenge regarding accuracy
and resolved it by increasing the volume of data. Further details regarding their
approach to addressing this issue are likely discussed later in the article.

In this article [9], the author created a bot called Freudbot. The purpose of
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creating this bot was to determine the impact of the chat bot on the perception of
learning material during distance learning. AIML structure with source code was
used in the creation of this bot. Fifty-three psychology students participated in
this experiment. The bot was able to provide instruction on two specific questions.
Students who participated in the experiment interacted with the bot for 10 min-
utes, and then filled out a questionnaire. The author, who observed the results of
the questionnaires, evaluated the work of the bot neutrally. However, the students
gave a positive assessment of the bot, and approved of the development of this bot
in the long term, and even pointed out the direction for development. In general,
the experiment showed that the chat bot can be useful in distance learning.

Also, bots mostly take information from public sources, and are designed to
answer questions from the same sources. But the author of this article [20] tried
to creatc a bot for generating questions and answering them. That is, the bot must
get a certain set of data in question/answer format, and then go through a process
of cleaning and preprocessing. Then generate a quiz based on this database. Prior
to that there were no attempts to make such a bot, and did not exist. This bot is
useful in education, and helps you quickly and efficiently create a quiz or test to
check the progress of students.

CapacitaBOT [14], was created in 2022 to help people who have intellectual
disabilities. If a person does not have the full ability to use his or her intellect, due
to some disability, it is not a good thing. But if such a person cannot go out and
develop his or her social skills because of a disability (e.g. COVID 2019), that’s
too bad. And this bot was designed to help people with disabilities develop their
social skills through communication with the bot. The bot tcaches the person
how to behave in different situations, supports and gives hints if the person has a
question regarding these situations.

N

2.4 Math part of chatbots

And now about the mathematical part of our work [8]. In the creation of chatbots
the most commonly used are the following sections:

o Algorithms and data structures: algorithms are crucial in natural language
processing and text analysis. Designing and optimizing algorithms for input
processing, keyword scarching, classification, and text mining are important
aspects of chatbot development.

e Probability and statistics: probabilistic methods and statistical models are
used to analyze and predict language structures, understand context, and
classify text. Bayesian networks, hidden Markov models, and statistical-

hased machine learning methods are often used to train chatbots to recognize
and generate text.

o Linguistics and grammar: understanding language is the basis for developing
effective chathnts. Formal grammar, semantics, syntax, and morphology help
in text analysis and Processing. Concepts such as lemmatization, stemming,
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and partitioning are often used to extract meaning and context from textual
data.

o Linear algebra: linear algebra is applied when working with vector represen-
tations of words and text. Methods such as word2vec and GloVe use matrix
operations and calculations to create semantic vector representations that
allow models to understand semantic relationships between words.

o Machinc learning and deep learning: machine learning techniques, including
neural networks and deep learning, are widely used to classify text and create
chatbots. Algorithms such as recurrent neural networks (RNNs), convolu-
tional neural networks (CNNs), and transformers are used to analyze and
generate text, determine tone, categorize, and respond to queries.

2.5 Chatbots in education

Let’s consider some chatbots used for educational purposes. We have these chat-
bots: AniBot, BetterBot, CEU, CourseO, Differ, Duolingo [10)].

Ani. A chatbot designed for teaching and capable of replacing human teachers
when performing certain tasks. Its goal is to provide personalized learning and
mentoring that helps students show commitment and involvement in the learning
process [10]. The chatbot includes clements of motivation, cvaluation and imme-
diate feedback, it is able to adapt to the user’s needs using automatic learning
algorithms. The chathot also contains a tutoring course for learning English.

Better. This is a physical robot, which is being tested at the University of
Oberta de Catalunya [10]. Better is a chatbot that is designed to help and sup-
port students in monitoring their learning progress. He is able to interact with
students using light signals, sound messages (motivating and frustrating sounds
and phrases) and movements. Using such a chatbot implies a new way of commu-
nication between the campus and the student. The chatbot works as a cognitive
learning technology, especially in that it contributes to changing the behavior of

students.

CEU. Since 2017, a Microsoft Azure-based chatbot bas been used to mentor
students and respond to their requests without delay with constant availability
[10]. Currently, he acts as a personal assistant to answer administrative requests,
but the goal of the developers is to make him more active in the future, able to
predict the behavior of students and advise them throughout the learning process.

CourseQ. Developed at Cornell University (USA) [10]. It can integrate with
LMS and »i-tual learning environments (for example, with Moodle). The functions
of the chatbot include receiving information for teachers and students, as well as
providing reminders about application dates, schedules, materials and events, The
chatbot database consists of text messages shared by teachers.

Differ. Used at the Norwegian BI Business School [10]. He is able to create
communities that unite students in similar situations. The chatbot publishes rel-
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evant messages and reminders in order to increase student engagement, as well as
create a space where students do not feel judged because of the questions they ask.
Duolingo. Designed for learning languages, conversation is used in communication
along with gamification methods.
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Chapter 3

Methodology

3.1 Used libraries

kYIS

Libraries that we ,used in our work: “pandas”, “numpy”, “nltk”, “sklearn”, “gensim”,
"dialogflow". Let’s discuss them and identify their features.

The pandas library is a powerful and popular open-source data manipulation
and analysis tool for Python. It provides high-performance, easy-to-use data struc-
tures, such as dataframes, and a wide range of functions for working with struc-
tured data.

Key features:

o Data Structures: The core data structure in pandas is the dataframe, which
is a two-dimensional tabular data structurc with labeled axcs (rows and
columns). It allows for efficient kandling and manipulation of structured
data, similar to working with a spreadsheet or SQL table.

e Data Manipulation: Pandas offers a rich set of functions for dats, manipu-
lation, including filtering, sorting, grouping, merging, reshaping, and aggre-
gating data. These opcrations can be performed on dataframes, allowing for
efficient data transformations and analysis. '

o Data Cleaning and Preprocessing: Pandas provides tools for handling miss-
ing data, removing duplicates, handling outliers, and transforming data
types. It simplifies the process of data cleaning and preprocessing, mak-
ing it easier to prepare data for analysis.

o Data I/O: Pandas supports reading and writing data in various formats,including
CSV, txcel, SQL databases, and more. It provides functions to import data
from external sources and export processed data to different formats.

0 Integra‘tion. with NumPy: Pandas is built on top of the NumPy library
leveraging its fast and efficient numerical operations. It seamlessly integrates

: T - . oy . .
with NumPy arrays and provides additional functionality for data analysis.
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o Visualization: Although pandas does not provide built-in visualization ca-
pabilities, it integrates well with popular visualization libraries such as Mat-
plotlib and Seaborn. This allows users to create insightful plots, charts, and
graphs based on the data stored in pandas dataframes.

Pandas is used in various domains, including data analysis, finance, scientific re-
search, and machine learning. Its intuitive syntax and extensive functionality make
it a valuable tool for working with structured data in Python.

NumPy (Numerical Python) is a fundamental open-source library for scientific
computing in Python. It provides powerful tools for working with large, multi-
dimensional arrays and matrices, along with a collection of mathematical functions
to operate on these arrays efficiently. NumPy serves as the foundation for numerous
other libraries and applications in the Python ecosystem.

Key Features:

o Multi-dimensional Arrays: NumPy’s main feature is its ndarray (n-dimensional
array) object, which allows for efficient storage and manipulation of homo-
geneous data. Arrays in NumPy can have any number of dimensions and are
highly optimized for numerical operations.

o Mathematical Functions: NumPy provides a comprehensive set of mathe-
matical functions for performing operations on arrays. These include basic
arithmetic operations, mathematical functions (such as trigonometric, ex-
ponential, and logarithmic functions), linear algebra operations, statistical
functions, and more.

o Broadcasting: NumPy enables broadcasting, which allows for performing
arithmetic operations between arrays of different shapes and sizes. This
feature simplifies code and eliminates the need for explicit loops, making it
easier to work with arrays of different dimensions.

o Indexing and Slicing: NumPy offers powerful indexing and slicing capabilitics
to access and manipulate data within arrays. It allows for selecting specific
elements, subsets, or entire sections of arrays based on various conditions or
criteria. :

o Array Manipulation: NumPy provides functions to reshape, resize, trans-

pose, concatenate, split, and stack arrays. These operations enable flexible
and efficient manipulation of array data.

o Integration with C/C+ + and Fortran: NumPy is designed to seamlessly
integrate with existing C, C+-+4, and Fortran codebases. It provides tools for
easily ‘nterfacing with low-level languages, allowing for efficient computation
and integration with other scientific computing libraries.

o Performance Optimization: NumPy’s underlying implementation is highly
optimized, leveraging efficient algorithms and memory management tech-
niques. It performs computations on arrays much faster than traditiona]
Python lists, making it a preferred choice for computationally intensive tasks.



o Integration with Scientific Libraries: NumPy is a foundational library in
the Python scientific computing ecosysten and integrates well with other
libraries such as SciPy, Pandas, Matplotlib, and scikit-learn. This integra-
tion enables a seamless workflow for data analysis, numerical simulations,
visualization, and machine lcarning.

NumPy is used in scientific research, data analysis, machine learning, and sim-
ulation. Its efficient array operations, broad mathematical functions, and inte-
gration with other libraries make it an essential tool for numerical computing in
Python.

Scikit-learn, also known as sklearn, is a popular open-source machine learning
library for Python. It provides a wide range of tools and algorithms for data pre-
processing, feature extraction, model training, model evaluation, and prediction.
Sklearn is built on top of other scientific computing libraries like NumPy, SciPy,
and matplotlib, and it integrates well with the Python data science ecosystem.

Key Features:

o Supervised Learning: Sklearn supports various supervised learning algo-
rithms, including regression, classification, and ensemble methods. These
algorithms aim to learn patterns and relationships in labeled training data
to make predictions or classify new unseen data points.

o Unsupervised Learning: Sklearn provides several unsupervised learning algo-
rithms, such as clustering, dimensionality reduction, and anomaly detection.
These algorithms aim Lo discover patterns, structures, or anomalies in unla-
beled data without explicit guidance.

o Model Selection and Evaluation: Sklearn offers tools for model selection,
hyperparameter tuning, and model evaluation. It provides techniques like
cross-validation, grid search, and scoring metrics to assess the performance
and generalization of machine learning models.

o Preprocessing and Feature Extraction: Sklearn provides a wide range of pre-
processing techniques to prepare data for machine learning tasks. These
techniques include scaling, normalization, encoding categorical variables,
handling missing values, and feature extraction methods like Principal Com-
ponent Analysis (PCA).

o Ensemble Methods: Sklearn includes ensemble lecarning methods such as
Random Forests, Gradient Boosting, and AdaBoost. These methods combine
multiple individual mnodels to create a stronger, more accurate model.

o Mod¢: Persistence: Sklearn allows models to be saved to disk and loaded later
for reuse or deployment. This feature enables developers to train models on
large datasets and use them in production environments.

o Integration with Other Libraries: Sklearn integrates seamlessly with other
Python libraries like NumPy, SciPy, and pandas. This integration facili-
tates data manipulation, feature engineering, and model evaluation within a
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unified data science workflow.

Math behind the scikit-learn: Sklearn utilizes various mathematical formulas and
algorithms for machine learning tasks. Here are a few examples:

1. Lincar Regression: The formula for simple linear regression can be repre-
sented as
y=mz+b (3.1.1)

where y is the dependent variable, x is the independent variable, m is the
slope of the line, and b is the y-intercept.

2. Logistic Regression: The logistic regression formula involves the logistic func-
tion, which maps the linear combination of input features to a probability
value between 0 and 1. It can be expressed as

p=1/(1+¢) (3.1.2)

where p is the probability, and z is the linear combination of input features.

3. Support Vector Machines (SVM): SVM aims to find a hyperplane that sepa-
rates data points of different classes with the maximum margin. The formula
for the decision function in SVM can be written as

f (z) = sign(wz + b) (3.1.3)

where f(x) is the predicted class, w is the weight vector, x is the input feature
vector, and b is the bias term.

4. o Sklearn incorporates these mathematical formulas and algorithms to im-
plement various machine learning techniques effectively. It provides a user-
friendly interface to apply these algorithms and perform complex data anal-
ysis tasks with ease.

Gensim is a popular open-source library for natural langnage processing (NLP)
and topic modeling in Python. It provides a range of algorithms and models
for unsupervised learning, text representation, similarit.y'calculation, and topic
modeling. One of the key features of Gensim is its implementation of Word2Vec,
a widely used algorithm for learning word embeddings.

Word2Vec is a neural network-based model that learns word embeddings, rep-
resenting words as dense vectors in a continuous vector space. Gensim’s imple-
mentation of Word2Vec has two variants: Continuous Bag of Words (CBOW) and

Skip-gram.

CBOW: T'he CBOW model predicts a target word based on its surrounding
context words. The objective is to maximize the conditional probability of the
target word given the context words. The formula for CBOW can be represented
as:

Z log P(w|c) (3.1.4)

where w is the target word and ¢ represents the context words.
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Skip-gram: The Skip-gram model predicts the surrounding context words-given
a target word. The objective is to maximize the average log probability of context
words given the target word. The formula for Skip-gram can be represented as:

Example: Let’s consider a simple corpus with the following scntence: "I love
to learn natural language processing." Using the Skip-gram model, Gensim can
learn word embeddings where similar words are represented by vectors that are
close in the vector space. For instance, after training, the vectors for "love" and
ilearn" might have high cosine similarity, indicating that these words have similar
contexts and meanings.

Latent Semantic Analysis (LSA):

LSA is a technique used for dimensionality reduction and topic modeling. It
represents documents and terms as vectors in a high-dimensional space and cap-
tures the latent semantic structure of the corpus.

Singular Value Decomposition (SVD): LSA uses SVD to reduce the dimension-
ality of the document-term matrix. SVD factorizes the matrix into three matrices:
U, =, and VT. The formula for LSA is:

M =~ UsVT (3.1.5)

where M is the document-term matrix, U and VT are orthogonal matrices, and
T is a diagonal matrix with singular values.

Example:
Suppose we have a corpus of documents related to sports. By applying LSA using

Gensim, we can identify latent topics and extract key concepts from the corpus.
The LSA model can reveal topics suchwas "football," "hasketball," and "tennis"
based on the co-occurrence patterns of words within the documents.

These are just two examples of models available in Gensim. The library also pro-
vides other models like TF-IDF’, Latent Dirichlet Allocation (LDA), and Doc2Vec
each with its own mathematical foundations and applications. Gensim Simplii
fies the implementation of these models and allows users to perform various NLP
tasks, including text similarity calculation, document clustering, and topic mod-
eling, with ease and efficiency.

The Dialogflow Python library lets Python developers usc the Dialogflow API
It handles authentication, agent, intent, context, entity modification, and event.s'
Using a service account JSON key file, pip installs the library. The library letﬂ';
you query Dialogfow agents, get answers, manage conversational contexts desi ‘;1
and handle intents, deal with entities, and trigger events. It simplifies Dia.lx’)gﬂo“g;’s
natural language comprehension into Python apps for interactive chatbots.

Here is the code (Fig 3.1):
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import pandas as pd

import numpy as np

import dialogflow

#for text pre-processing

import re, string

import nltk

from nltk.tokenize import word_tokenize

from nltk.corpus import stopwords

from nltk.tokenize import word_tokenize

from nltk.stem import SnowballStemmer

from nltk.corpus import wordnet

from nltk.stem import WordNetLemmatizer

nltk.download( 'punkt"')
nltk.download('averaged_perceptron_tagger')

nltk.download( 'wordnet"’)

#for model-building

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LogisticRegression

from sklearn.naive_bayes import Multinomial\NB

from sklearn.metrics import classification_report, fl_score
from sklearn.metrics import accuracy_score, confusion_matrix
from sklearn.metrics import roc_curve, auc, roc_auc_score
# bag of words

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.feature_extraction.text import CountVectorizer
#for word embedding

import gensim

from gensim.models import Word2Vec

Figure 3.1: Imported libraries

3.2 Data collection and preprocessing

In the initial stage of data collection, we began by selecting the 10 most relevant
and frequently asked questions from the university’s FAQ. This resulted in 10
distinct classes of questions. To expand the dataset, each question was manually
rephrased, leading to a total of 100 questions. However, this quantity was still
considered insufficient for comprehensive testing of classification models.

To address this limitation, we employed a chatbot developed by OpenAl known
as ChatGPT. ChatGPT is a powerful language model that falls under the umbrella,
of conversational Al It has been trained on a vast corpus of text data, enabling
it to generate human-like text responses. By leveraging ChatGPT, we were able
to significantly increase the size of our question database. This collaboration
allowed us to expand the dataset to encompass 598 questions, which were further
categorized into the original 10 classes. You can refer to Fig 3.1 for a detailed
breakdown of these question classes.

The in(‘tlusion of ChatGPT in our data collection process played a crucial role
in enhancing the comprehensiveness and diversity of the dataset. Thig enlarged
dataset forms a solid foundation for the training and evaluation of classification

19



models, empowering us to develop more robust and accurate systems for question
classification and response generation.
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Figure 3.2: Frequencies of labels

Then, we started preprocessing the data with NLTK libraries.
This is our code for preprocessing the data (Fig 3.3):

As you can see here, we conberted text to lowercase, removed stopwords and
after lemmatized and tokenized our sentences.

NLTK, short for the Natural Language Toolkit, is a comprehensive collection
of libraries and programs designed for symbolic and statistical natural language
processing (NLP) tasks. Specifically tailared for English, NLTK is implemented in
the Python programming langnage and was originally developed by Steven Bird
and Edward Loper at the University of Pennsylvania’s Department of Computer
and Information Science.

The NLTK package not only provides a wide range of functionalities for NLP
but also includes graphical demonstrations and sample data, making it a versatile
resource for researchers, educators, and practitioners in fields such as empirical lin-
guistics, cognitive science, artificial intelligence, information retrieval, and machine
learning. Its accompanying book delves into the foundational concepts underlying
various language processing tasks supported by the toolkit, while the cookbook
offers practical guidance and examples.

NLTK serves as a powerful tool for research, teaching, individual study, and the
development of research systems. It has been widely adopted in academic settings,
with 32 universities in the United States and 25 countries around the world incor-
porating NLTK into their courses. Among its notable features, NLTK supports
essential NLP functionalities, including classification, tokenization, stemming, tag-
ging, parsing, and semantic reasoning. Its versatility and extensive capabilities
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def preprocess{text):
text = text.lower{()
text=text.strip()
text=re.compile{'<.x?>"),sub("**, text)
text = re.compile{'[%s]"' % re.escape(string.punctuation)).sub(® *, text)
text = re.sub{'\s+', ' ', text)
text = re.sub(r*\[[0-9]x\]"',"' *,text)
text=re.sub(r'[*\w\s]', "', stritext).lower().strip())}
text = re.sub(r'\d',* ', text)
text = re.sub(r'\s+'," ', text)
return text
def stopword(string):
a= [i for i in string.split() if i not in stopwords.words(‘'english’)]
return ' '.join(a)
wl = WordNetLemmatizer()
def get_wordnet_pos(tag):
if tag.startswith{'J'):
return wordnet.AD]
elif tag.startswith('v'):
return wordnet.VERB
elif tag.startswith('N'):
return wordnet.NOUN
elif tag.startswith('R*):
return wordnet.ADV
else:
return wordnet.NOUN
def lemmatizer(string):
word_pos_tags = nltk.pos_tagi{word_tokenize(string))
a=[wl.lemmatize(tag[@], get_wordnet_pos(tag(1l)) for idx,
ltag in enumerate(word_pos_tags)]
return * ".join(a)

Figure 3.3: Preprocessing the data

make it a popular choice for NLP practitioners and researchers secking to explore
and implement various langnage processing tasks.

We used “stopword” function. The co\ncept of "stop words" in natural language
processing (NLP) involves removing cominonly occurring words that are considered
insignificant for analysis or do not contribute much to the overall meaning of a text.
Examples of stop words include articles (e.g., "a", "an", "the"), prepositions (e.g.,
"in", "on", "at"), and conjunctions (e.g., "and", "or", "but").

Mathematically, the process of identifying and removing stop words is not based
on mathematical calculations or formulas. Instead, it relies on a predetermined sef;
of stop words that are typically compiled through linguistic analysis and domain
expertise. This set of stop words can vary depending on the specific language and
the context of the text being processed.

When implementing the stop word function in an NLP system, a comparison is
made between each word in the input text and the set of predefined stop words. If
a match ig found, the word is considered a stop word and is subsequently removed
from the text. This comparison is typically done using simple string matching
techniques or hash table lookups for efficiency. The rationale behind remnoving
stop words is to reduce the dimensionality of the text data and focus on the
more meaningful and significant words for downstream NLP tasks such as text
classification, sentiment analysis, or information retrieval. By eliminating these
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common and less informative words, the computational resources can be better
utilized and the accuracy of the analysis can be improved.

The function takes the input string and splits it into words using the split()
method.

The "split" function is a commonly used operation in programming languages
and is not directly associated with mathematics. It is primarily used to divide
a string of characters into smaller parts or tokens based on a specified delimiter.
Mathematically, the "split" function involves a straightforward process. Given an
input string, the function scans the characters of the string and identifies occur-
rences of the specified delimiter. When a delimiter is found, it marks the end of
a token and starts a new token. This process continues until the entire string has
been processed. "Split" function does not involve complex mathematical calcula-
tions or algorithms. It is typically implemented using simple string manipulation
techniques, such as iterating over the characters of the input string and check-
ing for the delimiter. Once the delimiter is encountered, the [unction stores the
extracted token and proceeds to the next part of the string.

The result of the "split" function is a collection of tokens or substrings that
were scparated by the specified delimiter. These tokens can then be used for
further processing or analysis, such as counting word occurrences, creating lists,
or extracting meaningful information from the input string. The resulting list
of words is filtered using a list comprehension, removing any words found in the
English stopword list provided by the Natural Language Toolkit (NLTK) library.

The final result is a string of words combined using the join() method. After,
we lemmatized the text by using lemmatizer().

Now, we got the data that converted to lowercase, with removed punctuations
and stopwords, and lemmatized. And now we need to classify it.

3.3 Testing of text classification models

Classifying text data by theme is determining whether text data belongs to
topic that the text deals with. The most common tasks of text data classification
are determining the emotional coloring of text and classifying text data by topic.
Classification by topic (multi-class classification) is often used to filter text data
when it is necessary to cut out entries related to topics that are not of interest for
analysis.

There are several approaches to classifying text. The first one - manual - is the
manual defermination of the document class. This method is accurate. but has a
major drawback - the inability to process large amounts of data in a reasonable
amount of time. The second approach is to write rules based on regular expressions.
This approach consists in that a text classifier makes a set of rules on the basis of
regular expressions. which allows you to process large amounts of data. However,
the creation of such rules requires efforts to create and keep the rules up-to-date
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on the part of the specialist. Moreover, before defining the rules, a specialist has
to be deeply familiar. ‘

The third approach is based on the machine learning approach [2], but creating
such rules requires an effort to create and maintain the rules. The third approach is
based on machine learning. In this approach, the class dependence on the sample
text is determined automatically. This approach requires a preliminary manual
marking of training data, but it is a simpler task than determining the rules of
belonging of all samples to classes. This approach is currently the most used and
promising, since it requires the least amount of human effort and has the ability
to work automatically with large amounts of data [21].

Text classification based on machine learning is represented by several basic
algorithms.

We used Naive Bayes, Logistic Regression, and Neural Network algorithms.
Naive Bayes is a probabilistic model based on Bayes’ theorem, assuming indepen-
dence between featurcs.

This method is a probabilistic classification method based on Bayes’ theorem
with some additions. Bayes’ theorem gives the relation between the probabilities
of two events and their conditional probabilities. The naive Bayesian classifier
assumes that the presence or absence of a certain property of a class has no relation
to the presence or absence of other propertics. Suppose an object can be classified
by attributes such as color, shape, and mass. A reasonable classification for a
spherical yellow object weighing less than 60 grams might be a tennis ball. Even
if these properties actually depend on each other or are dependent on some other
property, a Naive Bayesian classifier would assume that all of these properties have
independent contributions to the object being a tennis ball.

Let’s go deeper into the algorithm for calculating this method. Let P (ci]d) be
the probability that the document represented by vector d = (¢y,...,t,) corre-
sponds to the category ¢; for i = 1,...,|C|. The task of the classificr is to choose
such values of ¢; and d, at which the probability P (¢;|d) will be maximal:

CSV (d) = argmazx P (c;|d) . (3.3.1)
To calculate the values of P (¢;|d) use Bayes’ theorem:

P (c;) P (d|c;
(el = T o) 832)

where (" (c;) is the a priori probability that a document is assigned to category
c;; P(dle;) is the probability to find a document represented by a vector d —
(), ... tn) in category c;; P(d) is the probability that an arbitrary document can
he represented as a feature vector d = (t1,...,t,).

0 Y e .
In essence, P (c;} is the ratio of the number of documents from the training
sample L assigned to category ¢; to the number of all documents from L.
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P(d) does not depend on the category ¢;, and the values t,,...,t, are pre-
specified, so the denominator is a constant that does not affect the choice of the
largest value of P (¢;|d).

Calculating P (d|c;) is difficult because of the large number of features (4, .. ., t,,,
so one makes the "naive" assumption that any two coordinates considered as ran-
dom values do not statistically depend on each other.

Then we can use the formula

(dle;) = 1P tle:) (3.3.3)
k=1

Then all probabilities are calculated using the maximum likelihood method. It
is simple and easy to implement and is particularly well-suited for text classification
tasks where the focus is on identifying the presence or absence of certain keywords.
We used the Naive Bayes model with a term frequency-inverse document frequency
(tf-idf) vectorizer. TF-IDF (term [requency-inverse document frequency) is a nu-
merical statistic that reflects how important a word is to a document in a corpus.
Our code instantiates a Multinomial Naive Bayes Model. Then fits the model
on training data using arrays. Makes predictions on the test data and stores the
predicted classes. Calculates the class probabilities for each test sample and stores
them. After, print a classification report to evaluate the model’s performance and
a confusion matrix to visualize the accuracy of the predictions [2].

On the other hand, Logistic Regression is a linear model commonly used for
binary classification problems. It provides a probability of an instance belonging
to a certain class and is widely used for text classification tasks where the focus
is on the relationship between features and the target variable. We will use a
multinomial version of the model for our purposes. Our Logistic Regression does
the same things as Naive Bayes: fits the model on training data, makes predictions,
and shows results. But here, we used a multi-class strategy, called One-vs-Rest.
The "One-vs-Rest" (also known as one-vs-all or OvR) multi-class strategy is a
method for training a multi-class classifier when the target variable has more than
two classes. It works by dividing the problem into multiple binary classification
problems, where cach binary classification problem predicts the presence or absence
of a single class.

Let’s go deeper into the math behind the logistic regression. Logistic regression
is a linear model, described in formula (3.9), which allows predicting probabilities
of object belonging to a given class. The advantages of logistic regression include:
human int« rpretability and high speed of the algorithm, and the dxsadvantages are
low accuracy, compared to more complex models.

< = Z 02' * T; + 6() (334)
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where 8 = (6;), i = 0...n - vector of model parameters; == (2;),i=1...n
- vector describing the object. In a logistic regression, the assumption is made that
the probability that object x belongs to class 1 will be expressed by formula (3.10)

1
I1+e=

Ply=1le} = f(z) = (3.3.5)

The training sample consists of of pairs of (2%, '), i =1...m.

The method of maximum likelihood is used in the selection of model parameters,
according to which the parameters 6 that maximize the valuc of the likelihood
function are selected, as described in formula (3.3.6) on the training sample.

6, = arg max L(#) = arg mglxI]l: Py = yDjx = 2) (3.3.6)

Maximizing the likelihood function is equivalent to maximizing its logarithm,
according to formula (3.3.7).

InL(0) = > yD1n f(0TzD) + (1 - y?) In(1 — f(6T2D)) (3.3.7)

The cxpression from formula (3.12) is usually maximized using a gradient de-
scent [12].

A neural network is a system of neurons and the connections between them.
In the process of training the weight of connections connecting different neurons
gradually changes. The result of neural network training is a network whose con-
nections have coefficients that satisfy the conditions of the problem. Neural net-
works are characterized by the number of trained layers with neural connections.
When solving tasks with a large amount of data and a large number of parameters,
neura) networks with more layers are used. Learning of such networks is called

deep learning.

Deep learning methods have two important properties: layer-by-layer creation
of complex representations, as well as detailed exploration of intermediate represen-
tations, so that each layer is updated according to the ncers of the representation
of the laycr above and the needs of the layer below. Together, these two properties
make deep learning much more successful than previous approaches to machine

learning.

The advantages of neural networks, including deep learning networks, are usy-
ally the high accuracy of text classification relative to other methods. In addition,
the accuracy of this method usually greatly increases with the amount, of data,
i.c., in systems with the ability to accumulate data, this method will be more
suitable. The disadvantage of neural networks is tr aditionally considered to be a
higher demnand for computational resources, which used to inhibit the application
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of neural nctworks. However, with the spread of GPU computing, neural networks
have been used more and more often, as their computations can be well paralleled
[18].

Neural network models, including Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), are deep learning models widely used for text
classification tasks. They have the ability to learn complex representations of text.
data and can outperform other models for certain tasks. One of the advantages of
this model is in comfortable training model, where you can see your results after
every "epoch" and make desicions and conclusions.

Convolutional neural networks (CNNs) are a very broad class of architectures,
the basic idea of which is to reuse the same parts of a neural network to handle dif-
ferent small, local areas of inputs. Initially, convolutional networks were invented
to solve problems related to irage processing, for which they use two-dimensional
convolutions. For problems related to sequence processing, one-dimensional con-
volutions are used instead of two-dimensional convolutions. The basic idea of
convolutional networks is to train the network to identify features in the input
data using convolutional layers, and then to feed the computed featurcs to the
input of the full-coherent network [11].

Recurrent neural networks are designed for solving problems related to the
processing of sequences, and since the text is a sequence of symbols, these networks
are often used for solving problems related to the processing of texts.

Unlike multilayer perseptrons, in recurrent neural networks the conmections
between neurons can go not only from the lower layer to the upper one, but also
from a neuron to "itself", more precisely, to the previous values of this neuron or
other neurons of the same layer. The architecture of a "simple" RNN is shown in

Fig. 3.2. N

Figure 3.4: Architecture of the “simple” RNN

Description of the notations of the elements in Figure 3.2.: - W - matrix of
weights for transition between latent states, - U - matrix of weights for inputs, - V
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- matrix of weights for outputs, - S; - hidden state at step i, - 2; - network input at
step i, - y; - is the output of the network at step i, - f and h are activation functions.
From Figure 3.2. we can obtain a formal description of the of the network at time
t (3.13).

ar =b+Wsi_y + Uz, 8. = f(a) op = c+ Vs, y, = h(or) (3.3.8)

Often, instcad of a "normal" RNN, two RNNs arc used - two RNNs, onc of
which reads text words from left to right and the other from right to left. When
training such a network. the latent states of both networks are used (usually the
vectors describing the latent states are concatenated). The motivation for using
bidirectional RNNs is to obtain a state that reflects the context from both left and
right for each element of the sequence.

In our NN model we worked with training data, training labels, validation data,
validation labels. Code compiles the model using the Adam optimizer and the
Sparse Categorical Crossentropy loss function. The Sparse Categorical Crossen-
tropy loss function is used for multi-class classification problems where the target
labels are integers. Then converts the labels array and changes its data type to
an unsigned 8-bit integer. After this, the Neural Network model fits the training
data and labels for 300 epochs. '
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Chapter 4

Results

4.1 Evaluation

The entire database was split into two parts, with 80% designated for training
the model and 20% reserved for testing and evaluating results. We utilize various
evaluation metrics to evaluate the performance of classifiers, including accuracy,
F1 macro average, and weighted F'1 average. The accuracy metric gauges the ratio
of correct predictions made by the model. The F1 macro average computes the
F1 scores for each class, treating each class equally, regardless of the number of
instances belonging to that class. The weighted F'1 average computes the F1 scores
for each class, but it gives more weight to the classes with more instances. The F1
score is a balanced metric between precision and recall in multiclass classification

problems. It’s defined as:

N
F1 =2 x (precision  recall)/(precision + recall) (4.1.1)

where precision = true positives / (true positives + false positives) and recall
— true positives / (true positives + false negatives). F'1 can be calculated for each
class or as a macro/weighted average for all classes. This approach is useful when
the class distribution is imbalanced, and the goal is to emphasize the performance
on the under-represented classes. Additionally, we utilize the confusion matrix f01:
a visual assessment of the models, enabling the calculation of further cvaluation
metrics such as precision, recall, and F1-score.

4.2 Results of experiment

Table 4.1. summarizes the performance of three machine learning models (Naive
Bayes, Logistic Regression, aud Neural Network) on the student FFAQ classification
task, as evaluated by three metrics: Accuracy, F1 Macro average, and Weighted

F1 average.

All three models have a high accuracy of around 0.97. The Naive Bayes and
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Accuracy | F1 Macro average 3 | F1 Weighted average
Naive Bayes 0.97 0.97 0.97
Logistic Regression 0.97 0.97 0.97
Neural Network 0.96 0.95 0.96

Table 4.1: Comparision of the results

Logistic Regression models have an F1 Macro average, and F1 Weighted average
of 0.97, while the Neural Network model has an F1 Macro average of 0.95 and an
F1 Weighted average of 0.96.

Below we provide confusion matrices for the three models. xamining these
categories in the confusion matrix lets you evaluate a classification model. The
matrix yields accuracy, precision, recall (sensitivity), specificity, and F1 score. The
confusion matrix helps evaluate a classification model and discover misclassification
trends and biases in predictions. It facilitates in model analysis and performance
enhancement.

The confusion matrix (Fig. 4.1) shows the performance of a Naive Bayes model
on a test data set with 10 different classes. The matrix shows the number of
correct and incorrect predictions for each class. The values along the diagonal
line indicate the number of correct predictions for each class. For example, the
model correctly predicted 8 instances of class 1, 7 instances of class 2, and so on.
The values outside the diagonal represent the number of incorrect predictions. For
example, the model predicted 2 instances of class 9 as another class. The matrix
indicates that the model perlormed very well, with few incorrect predictions.

18
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10
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Figure 4.1: Confusion matrix of Naive Bayes

Here is the code for Naive Bayes model:

ab tfidf = Muit.ilmmialNB()

nb _thdf. fit (X_Traill%_Vf’.(ttors__t[idf, y_train)
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y_predict = nb_tfidf.predict (X test vectors tfidf)
y_prob = nb_tfidf.predict proba(X_test_vectors_tfidf)[:,1]
print (classification report(y_test,y_predict))

actual = numpy.random.binomial (1,.9,size = 1000)

predicted = numpy.random.binomial (1,.9,size = 1000)

confusion _matrix = metrics.confusion_matrix(y_test,y_ predict)
cm_display = metrics. ConfusionMatrixDisplay (confusion matrix = confusi.

cm_display . plot ()
plt.savefig (" conf_naive.png" bbox_inches="tight ’, dpi = 300)
plt .show ()

The confusion matrix below (Fig. 4.2) shows the performance of a Multinomial
Logistic model on a test data set with 10 different classes. We see that the model
correctly predicted 8 instances of class 1, 7 instances of class 2, and so on. The
values outside the diagonal represent the number of incorrect predictions. For
example, the model predicted 2 instances of class 9 as another class. The matrix
indicates that the model performed very well, with few incorrect predictions.

True label
- SO VAT - IS TR - VIR N

=
[=}

e - T SN U b
Predicted label

Figure 4.2: Confusion matrix of Multinomial Logistic

Here is the code for Logistic Regression:
11'_tfidf.-.:Logist.i(:R.egressiou (multi_ class="ovr’)
1r _tfidf. fit (X _train_vectors tfidf, y_ train)
y predict = lr_tfidf.predict (X _test vectors_tfidf)
y_prob = lr_tfidf.predict proba(X_test_vectors_tfidf ) {31
print (classification report (y_test Jy_predict)) .
print (' Confusion Matrix:’ confusion_matrix (y_test , y _predict ))
confusion matrix = metrics . confusion_matrix (y_test .‘f—:lﬂ'edict)
cm_display = metrics. ConfusionMatrixDisplay (confusion matrix
cm_ display . plot () o
plt. savefig("con f_logistic .png‘" ,})bnx__inchesf-’lzighl; T, dpi = 300)

= confusi
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plt .show ()

Finally, in the confusion matrix report for the neural network model, we see
that it correctly predicted 7 instances of class 1, 7 instances of class 2, and so
on. The values outside the diagonal represent the number of incorrect predictions.
Also, the model predicted 1 instance of class 3 as another class and 1 instance of
class 8 as another class. The matrix (Fig. 4.3) indicates that the model performed
well, with relatively few incorrect predictions.

True label

O ®©® N~ O U A W N =

[y
(=]

T il o 3 ety = Byt Cy b7 0 H N Y ()
Predicted label

Figure 4.3: Confusion matrix of Neural Network

Here is the code for NN model:

train_labels = up.array(y_trai\n)

train_labels = train_labels.astype(np.uint8)

model . fit (X _train_vectors_w2v, train_labels, epochs=300)
cm = confusion matrix(predicted , test labels)

print (" Confusion Matrix: B
print (cm)

4.3 Creation of the chatbot.

To create the chatbot we used “telegram”, “dialogflow” and integrated our database
to it.

A natural language understanding (NLU) platform called Dialogflow was devel-
oped by Gougle, which allows developers to creafe conversational interfaces inelud-
ing virtual assistants or chatbots. In a natural way that is contextu 514 relbvant
applications can comprehend user input thanks fo the power of Dialogflow.

Advantages of Dialogflow:
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o Recognizing user intents is made easier for Dialogflow through the use of ma-
chine learning algorithms analyzing given input. Booking a flight or geﬁting
product information are examples of intents that describe what action the
user wants to take;

e Recognition of critical data in user input with the aid of entities is accom-
plished by Dialogflow. Different kinds of information like names or dates
can be labelled as distinct entity types. The extraction of data enables us to
deliver personalized responses and execute specific task;

o Developers employing Dialogflow could use context definition and manage-
ment to improve the ability of the system to interpret user input within a
conversational framework. This ability facilitates natural and meaningful
conversations in the chatbot by maintaining context between user interac-

tions;

e Dialogflow provides support for various languages helping you create chat-
bots capable of understanding and responding correspondingly;

o By using Dialogflow’s integration capabilities you can choose from several
ways to deploy a chatbot across sites or messaging applications like Facebook
Messenger or Slack along with the option of integrating it with various voice
assistants including the popular Google Assistant;

e With Dialogflow’s support for generating rich response types such as cards,
suggestions etc, creating attractive conversations has never been easier. With
this functionality you can create conversational experiences that engage and
interest your users;

o o Measuring satisfaction of users with your chatbot is easier with Dialogfiow’s
analytics that provides insight intp interaction patterns. These metrics allow
you to continuously improve and fine-tune the performance of your chatbot
as time passes;

o Through the utilization of Google’s machine learning technology Dialogflow
can keep enhancing its natural language processing abilities, and by lever-
aging uscr feedback this Al system can continually improve its ability to
recognize intentions and produce more accurate responses as time goes on.

We started creating the bot by getting a token for the bot via "BotFather" in
Telegram. This token will allow us to configure the bot via DialogFlow. Immedi-
ately we gave the bot a name: SDUFAQ _bot.

Telegram’s BotFather lets you develop and manage Telegram bots. It creates
and confis; tres bots.

BotFather creates Telegram bots. Chat with BotFather and follow the steps to
set up your bot’s name, username, and other parameters. After creating the bot
BotFather gives vou an APT token to control it via the Telegram Bot APL. ’

BotFather allows bot configuration after creation. Set a bot’s profile image
description, and other data. Inline mode, group privacy mode, and more may b é
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enabled or disabled in BotFather.

. BotFather le.ts. you.create bespoke bot commands. These instructions are ac-
tivated when visitors interact with your bot using certain keywords followed by
"/". You may specify commands like "/start" or "/help" to deliver iali ’
functionality or information to users. ) t specialized

Bot Updates: BotFather displays and manages bot updatcs. You may query
the '.l“c'legram server or utilize webhooks to get updates in real time. BotFather
administers your bot. BotFather lets you manage bots, check statistics, and modify

settings.

BotFather simplifies Telegram bot creation and administration. Create. confi
ure, and manage bots with its simple UI. BotFather lets you construct sophi’sticat(il
Telegram bots that cngage people and offer numerous services.

The rest of the work was done through dialogflow. We added intents to the
code of our bot, and for each intent we added a response. We also added possible
events and context. And we repeated these actions 10 times, for each target

) get.

]?ialogﬂow’s NLP chatbot creation process includes planning, setting up, defin
ing intents, increasing Dialogflow’s comprehension. testing and iterating c,le 1 r-
ing, and monitoring and improving performance. » ey

Start by identifying the chatbot’s goal, audience, and featurcs. Create and
configure a Dialogflow agent via the console. o

Next, create intentions for chatbot actions and requests. Make intents with
sample user questions and replies. Train the agent by assigning training word
to intents. For multi-turn discussions, employ entities to extract individual X
inputs and set context and follow-up intents. Enable fulfillment choices to ‘ cll1 ot
tasks or obtain data from remote systéms. conduct

Test the chatbot with sample inputs, analyze the answers, and adjust the trai
ing words and intents. Based on user input, refine the design and :;-Lgent (‘(')l‘;]p::;—

hension and replies.
Integrate Dialogflow APIs or SDKs to deploy the chatbot on the desired plat
form (e.g., website, messaging platform). Webhook fulfillment f t-
3 ) I1). ; ) bes .
other system connections. or bespoke logic or

Track chatbot performance and user comments. Exawiine user inquiries, int
o e S e
matching, and satisfaction. Update the agent to improve performance ’ d ut
experience. and user
Using 1 :al-world user interactions, the chathot’s training data, intent sty t
. -enlies e ) 3, - structu
and replies must be refined. Use user feedback to improve the chatbot’s des e
: : sign.

Let’s talk about integration with the Telegram messenger. To integr ;
Telegram, you need to create a seript that will redirect messa:ges fr(:l e%ilate Wlt-h
account to Dialogflow. This service has a Web version of the chat mh' e public
you to integrate into the website of, for example, a university. Alf :;’leli}lle:i);vs

LA sages
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that will be sent through the web version are not encrypted, so you can redifect
them to your Telegram account, knowing the access token of the public account
and the backend token.

The principle of Telegram chatbots is as follows: the user sends a message to the
public account, and it is sent to the server with a running script. This script sends
the message to the web version of dialogflow. At this time, the service generates
and sends a response back to the server, which in turn sends it to the user [22].
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Chapter 5

Discussion

Our chatbot provides students with a convenient and efficient way to obtain an-
swers to their questions, surpassing the need to approach an advisor, supervisor
or search through the university’s website. Given the increasing number of Tele:
gram users among students, integrating the chatbot into this messenger platform
is a suitable solution in our opinion. Moreover, this chatbot has versatile applica-
tions beyond the university context and can be employed to enhance the quality
of customer interactions across various services. ' )

The chatbot demonstrates an understanding of context, allowing it to adapt to
specific user requests and is not limited by rigid rules. It possesses the capability
to identify the appropriate question category and provide an answer, even if thue
question is not present in the database. However, a drawback of the chatbot is
its inability to identify the category and answer a question if the user makes a

grammatical error. .

Acquiring a database of questions specific to a particular university can be
challenging, as most universities do not possess a structured repository of student
inquiries. However, we managed to compile the necessary number of questions from
the university’s website and conducted thorough rephrasing of the text. As a result
we successfully gathered a database consisting of over 500 different sentences. It’
is possible to expand this database in the future to further enhance the bot’s'

accuracy in providing answers.

Dialogflow offers several compelling advantages that make it a desirable choice
for creating chatbots. One key advantage is its extensive range of integratim;s
with various platforms, including Facebook Messenger, Slack, Telegram What-
sApp, and others. This versatility enables the deployment of chatbots acré)ss mul-
tiple cominunication channels, expanding the reach and accessibility to a wider

audience.

Dialogflow leverages Google’s powerful natural language understanding (NLU
technology, enabling chatbots to comprehend user input in a more natural and nu)
anced manner. It excels in handling synonyms, word relationships, and contextuai
cues, resulting in more accurate intent recognition and the generation of better
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Iresponses.

Another advantage is that Dialogflow operates oii Google Cloud infrastructure,
which ensures scalability to meet increasing demand. It can efficiently handle a
large volume of requests concurrently, ensuring optimal performance even during

peak usage periods.

However, Dialogflow does have limitations. Its performance heavily depends
on the quality and quantity of training data available. Insufficient or limited
training data can hinder the chatbot’s understanding of user inputs and lead to
less accurate responses. It is crucial to collect diverse and representative training
data and properly annotate it for optimal performance.

Additionally, Dialogfiow may encounter challenges when handling complex di-
alogues involving multiple turns and intricate contextual dependencies. Maintain-
ing a coherent conversation flow and accurately interpreting user intentions can be
more challenging in such scenarios. It is important to design the chathot’s dialogue
management system carefully to handle complex interactions effectively.

Overall, Dialogflow’s extensive integrations, powerful NLU capabilities, and
scalability make it a compelling choice for building chatbots, but it is essential to
consider its limitations and carefully address them during development.



Chapter 6

Conclusion

In our research, we not only focused on the process of creating a chatbot but also
developed a tangible product with the aim of assisting students in their interactions
with the university. This aspect sets our work apart from other papers in the field,
which primarily concentrate on creating bots to simplify the tasks of teachers 01:
university libraries.

Furthermore, our paper encompasses the mathematical aspects of text classifi-
cation, providing a comprehensive understanding of the underlying principles and
techniques involved in building effective chatbots. By exploring and evaluating the
top three models of text classification, we have ensured that our chatbot is based
on robust and reliable methods.

By emphasizing student-university relationship, we’ve addressed students’ par-
ticular needs. Our chatbot improves student experience by making information
and support easier and faster. N

Our work shows how to make a chatbot and delivers a product to improve
student-university connection. We fill this vacuum in the literature to enhance

chatbot technology for students.

This research will teach readers about chathot database acquisition and text
classification model comparison. These practical tips help readers implement com-
parable initiatives. :

To showecase the outcome of our work, we have made our chatbot available o
the Telegram platform. By searching for "SDUF AQyot" on Telegram, users ¢ .
access our chatbot and interact with it directly. The chatbot covers 10 )(‘all'e 0 fan
including academic withdrawals, FX grade (25-49), drop, credit system '1;1(1. gtl 116(33\;
discounts, scholarships, GPA calculating, and curriculum. Our chatbot ;an e,
student life and university-related questions. : ' answer

By providing access to our chathot, readers can experience firsthand thy
bilities and benefits of our developed system. Tt serves as a practical demo i capa-
of the potential of chatbots in assisting and supporting students enh'mcl‘ls raillo.n
interaction with the university, and providing prompt and accur.e’xte in(forrlllllagtito: )
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Overall, our work not only provides valuable insights and comparisons in the
field of chatbot development but also presents a tangible implementation in the
form of our accessible chatbot on the Telegram platform.

Future bot improvements are great and can improve functionality and user
experience. Improvement suggestions:

Expanding the Database: More questions and responses will help the bot of-
fer accurate and complete answers. Collecting additional student questions and
updating the database to cover more areas will accomplish this. User input and
student queries can help the bot learn. Upgrading the Bot’s Interface: Personality
and empathy can make user interactions more engaging and fulfilling. Natural
language creation can make the bot’s responses more conversational and human-
like. Sentiment analysis can also help the bot comprehend and respond to users’
emotions, improving the user experience.

Integrating with Other Messengers: Adding the bot to WhatsApp, Viber, or
cven web chat interfaces can increase its user base. Leveraging these platforms’
APIs and tailoring the bot’s features to each messenger can achieve this integration.

Grammatical Errors: Teaching the bot to handle grammatical errors might help
it understand and interpret user requests. Spell-checking, grammar correction, and
context-aware error handling can help the bot avoid grammatical prob’lems' and
respond appropriately. This reduces annoyance and improves the bot’s under-

standing of user inputs.
By implementing these improvements, the bot can become more sophisticated,

user-friendly, and capable of delivering a higher quality of service to students,
further enhancing their interaction with the university and improving overall user

satisfaction. .
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